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To my mother,
the most important
person in my life






You know, man, when I was a young man in high school
You believe it or not, I wanted to play football for the coach

And all those older guys
they said that he was mean and cruel, but you know

I wanted to play football for the coach

LOU REED - CONEY ISLAND BABY (1975)






Abstract

In recent years, computer vision-based assistive technologies have enabled visu-
ally impaired people to use automatic visual recognition on their mobile phones.
These systems should be capable of recognizing objects on fine-grained levels to
provide the user with accurate predictions. Additionally, the user should have
the option to update the system continuously to recognize new objects of inter-
est. However, there are several challenges that need to be tackled to enable such
features with assistive vision systems in real and highly-varying environments.
For instance, fine-grained image recognition usually requires large amounts of
labeled data to be robust. Moreover, image classifiers struggle with retaining
performance of previously learned abilities when they are adapted to new tasks.
This thesis is divided into two parts where we address these challenges. First,
we focus on the application of using assistive vision systems for grocery shop-
ping, where items are naturally structured based on fine-grained details. We
demonstrate how image classifiers can be trained with a combination of nat-
ural images and web-scraped information about the groceries to obtain more
accurate classification performance compared to only using natural images for
training. Thereafter, we bring forward a new approach for continual learning
called replay scheduling, where we select which tasks to replay at different times
to improve memory retention. Furthermore, we propose a novel framework for
learning replay scheduling policies that can generalize to new continual learning
scenarios for mitigating the catastrophic forgetting effect in image classifiers.
This thesis provides insights on practical challenges that need to be addressed
to enhance the usefulness of computer vision for assisting the visually impaired
in real-world scenarios.



ii

Sammanfattning

De senaste aren har teknologiska hjilpmedel baserade pa datorseende mojliggjort
for synskadade personer att anvéinda sig av automatisk visuell igenkédnning pa
deras mobiltelefoner. Dessa system bor kunna kédnna igen objekt pa finférdelade
nivaer for att forse anvindaren med noggranna prediktioner. Anvindaren bor
dven ha mojligheten att uppdatera systemet kontinuerligt till att kdnna igen
nya objekt av intresse. Dock finns det flera utmaningar som behover avklaras
for att aktivera dessa funktioner i synhjilpmedelssystem i reella och mycket
varierande miljoer. Exempelvis behover finfordelad bildigenkénning vanligtvis
stora méngder mérkt data for att vara robust. Dessutom har bildklassificerare
besvir med att behalla sin prestanda av tidigare inldrda formagor nér de an-
passas till nya uppgifter. Denna avhandling dr uppdelad i tva delar, dar vi tar
oss an dessa utmaningar. Forst fokuserar vi pa tillimpningen av att anvénda
synhjélpmedelssystem for att handla matvaror, dar varorna &dr naturligt struk-
turerade enligt finfordelade detaljer. Vi pavisar hur bildklassificerare kan trénas
med en kombination av naturliga bilder och webbskrapad information om mat-
varorna for att erhalla mer triffsiker klassificeringsformaga jamfort med att
enbart anvidnda naturliga bilder for traning. Darefter lagger vi fram ett nytt
tillvigagangssitt fér kontinuerlig inldrning som kallas replay scheduling (repris-
schemalédggning), dér vi viljer vilka uppgifter som ska repeteras vid olika tid-
punkter for att forbattra bibehallande av minnen. Vi foéreslar dven ett nytt
ramverk for inldrning av policyer for replay scheduling som kan generalisera till
nya scenarion for kontinuerlig inldrning for att mildra effekten av katastrofal
glomska i bildklassificerare. Denna avhandling ger insyn till praktiska utma-
ningar som behdover 16sas for att forbattra anvindbarheten hos datorseende till
att hjdlpa synskadade personer i verkliga scenarier.
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Overview






Chapter 1

Introduction

Vision is probably the most important of all senses that humans possess. Our society
is built on having the ability to see. For example, if we want to cross a street, thick
colored stripes on the road and signs above our heads indicate where the cross walk
is located in order for us to cross the street appropriately. Another example is how
we use text to communicate with each other, where messages that we read and
write consist of sequences of symbols that are structured into words of some specific
language. Furthermore, visuals are used frequently in education to help students
comprehend new information and concepts. Basically, many everyday tasks such as
traveling, communication, and learning become more convenient with normal vision.

Millions of people have visual impairments that cannot be treated with correctable
eyewear [1]. To enhance the mobility of visually impaired (VI) people, there exist
various kinds of assistive tools, such as screen readers and Braille typewriting ma-
chines, for supporting them with receiving information and communicating through
text. More recently, several assistive vision technologies have emerged in the form of
mobile phone applications [2-7] and wearable devices [8-10]. Furthermore, several
works in computer vision research has been specifically focused developing methods
for assisting VI people with, e.g., visual recognition [11-18] and wayfinding [19-24].

Despite the recent advances in deep learning for computer vision [25-29], several
challenges have been demonstrated when deploying computer vision models in real-
world scenarios. For example, the models may surprisingly fail to recognize known
objects appearing in new poses [30], lighting conditions [31], and geographical loca-
tions [32], models trained on images from one set of hospitals may perform poorly
on image conditions from another [33], and models can suffer from biases that dis-
advantage certain users based on their gender and ethnicity [34]. Part of the reason
for these challenges is that specifying a model that can be injected with the rich
complexity of the real world is difficult [35]. To enhance their applicability in the
real-world, researchers are striving for developing computer vision models that can
recognize objects in detail [36], learn new abilities continuously [37,38], and adapt
fast to new scenarios from few examples [39-41]. Furthermore, such tasks should be
possible to execute in a time-efficient and robust manner in assistive vision devices
to improve the user experience.

In this thesis, we address challenges on computer vision models for recognizing
objects and their fine-grained details, as well as continually adapting the models to
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new concepts while retaining its previously learned knowledge. We will continue
this chapter by briefly describing visual impairments in Section 1.1, followed by a
summary of assistive vision technologies in Section 1.2. Section 1.3 describes the
scope of the thesis, and we summarize the contributions of the included papers in
Section 1.4. In Section 1.5, we present the overall outline of this thesis.

1.1 Visual Impairments

A visual impairment is defined as the decrease of an individual’s ability to see from
various distances [42]. The conditions varies from having issues with seeing from
far or near distances to blindness, i.e., complete or nearly-complete vision loss. Vi-
sual capabilities are in general assessed by measuring the visual acuity (sharpness)
of seeing from some fixed distance, e.g., letters of different size on an eye chart.
The visual acuity is measured differently based on whether near- or far-sighted VI
people are being assessed. For far-sighted VI people, visual acuity is calculated by
the ratio between the distance that the subject and a normal-sighted person can
recognize the target object. For near-sighted VI people, visual acuity is measured
using a standardized point system defining the font size of letters that the subject
can recognize [43].

In 2020, it was estimated that 338 million people possess a moderate to severe
visual impairment globally, including 43 million people that are blind [1]. Further-
more, the World Health Organization (WHO) have estimated that at least 2.2 billion
people live with a near or distance visual impairment, where at least 1 billion cases
could have been prevented or yet has to be addressed [43]. The number of untreated
cases is projected to be 1.7 billion people by 2050, mainly due to global population
growth as well as increased aging among the populations [1]. The main causes for
having vision loss are uncorrected refractive errors, untreated cataracts, age-related
macular degeneration, glaucoma, diabetic retinopathy, where 90% of such cases are
preventable and treatable [44]. These causes also varies between different countries
and regions with different socioeconomic status.

There exists many kinds of tools for assisting VI people with everyday tasks. The
white cane and guiding dogs are probably the most common tools for enhancing their
mobility by preparing the user for what is present in their near surroundings. Further-
more, there are different tools for various visual recognition tasks, such as currency
markers for identifying different bills in wallets, color indicators for notifying the user
of the color of clothes, and labeling apparatus with Braille writing for distinguishing
between similar items [45]. There also exist Braille keyboards and screen readers
compatible with both computers and mobile phones for helping VI people with e.g.
sending text messages and emails, surfing the web, and using calendar apps [46]. In
the next section, we introduce a selection of assistive vision technologies aimed for
assisting VI people with recognition of objects in their environment.

1.2 Assistive Vision Technologies

Cameras are used by blind people to record events and memories similarly as people
with normal vision [47]. Moreover, there is an urge among VI people to use their
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cameras for daily tasks other than recording events, such as object recognition [48],
face recognition [49], and cuwrrency identification [50]. In this thesis, we focus on
object recognition which can be challenging in many ways without visual information.
For instance, VI people may need assistance from non-visual cues indicating how to
capture the whole item in the camera view [51], and also may need to point the
camera towards some specific side of the object to identify details of interest to the
user. These challenges have encouraged the development of technical aids that use
computer vision for assisting VI people which we will cover next.

In the last decade, we have seen several variants of assistive vision technologies
emerging on the market. The advances of such technologies have made it possible for
VI people to reduce the need for human assistance for performing daily tasks where
vision is a necessity. Currently, these devices have taken the form of both mobile
phone applications [2-5] and wearable devices [8-10] where computer vision methods
are used for visual tasks, such as object and face recognition, barcode scanning, color
and currency identification, and text recognition. An alternative to the computer
vision-based technologies are other mobile phone apps where VI users have video
calls with sighted volunteers that help them with any kind of task requiring visual
capabilities [6,7].

Despite the increased availability of assistive vision technologies, there are still
several challenges remaining to be tackled in order to enhance the user experience.
Although machine learning techniques have been successfully applied in computer
vision applications such as object recognition [25,26,52], generating scene descrip-
tions [28,29, 53], and visual question answering [54-56], these methods require im-
mense amounts of human-annotated data for providing accurate predictions. The
annotation becomes even more labor-intensive in scenarios where the assistive vision
system must distinguish between objects with subtle differences, making it challeng-
ing to provide users with more detailed information than the general object class.
Another challenge is how to continuously adapt the system to recognize new objects
while ensuring that the system is still capable of classifying previous known items
correctly. Furthermore, assistive vision technologies need system requirements to
provide better usability, where the system should process images in real-time, be
robust when applied in new environments, as well as ensuring privacy for the user.

1.3 Scope of Thesis

This thesis focuses on two topics for machine learning and computer vision-based as-
sistive technologies, namely fine-grained image recognition (FGIR) [36] and continual
learning (CL) [37,38]. The FGIR task involves identifying visually similar subcat-
egories of some general object classes. An example is when one has to distinguish
between two kinds of visually similar juice packages with different ingredients. In Pa-
per A and B, we study FGIR from the real-world application of recognizing groceries
from mobile phone with an assistive vision app. The CL setting targets the scenarios
where a classifier receives data from new object classes to learn from a continuous
stream, while retaining its capability of recognizing previously learned objects. In
Paper C and D, we introduce a novel approach for improving the retention of pre-
viously learned abilities of the classifier. The common denominator of these topics
is image classification, However, both have challenges of their own that have to be
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addressed for enabling such adding such features into assistive vision technologies.
Next, we describe the challenges that we have focused on in this thesis.

Challenges in Fine-Grained Image Recognition

One main challenge for FGIR is the required data collection procedure. Firstly, an-
notating the specific details about the objects in the collected data becomes more
time-consuming for the annotators, and may also require expert knowledge of the
domain. Secondly, as some fine-grained classes could be rare, the dataset may be
unbalanced making it difficult for the classifier classify the rare classes accurately
from only a few training samples. A real-world application for helping VI people
using assistive vision technologies that contains both of these challenges is grocery
shopping [12,57-62]. Grocery items usually require visual information to distinguish
between them, e.g., when distinguishing between two juice packages of the same
shape but with different ingredients. Similarly for raw groceries, it can be difficult
to tell the difference between two different kinds of apples without the ability to see,
unless the customer knows how the apples smell or how the texture of their peel
differs when touching them. Furthermore, the conditions of the grocery store envi-
ronment can disturb the recognition performance for computer vision-based assistive
devices, e.g., when multiple and misplaced items appear in the camera view as well
as poor lighting conditions in particular areas. Collecting training data that covers
all possible scenarios that can occur in the store would be a nearly impossible task.
Our goal is to reduce the need for large amounts of training data in the grocery stores
by collecting web-scraped information about the items to utilize when training the
image classifier.

Challenges in Continual Learning

The main challenge in CL is catastrophic forgetting [63] where the classifier over-
writes previously learned knowledge with information about recently learned objects.
Replay-based CL [37,38] is a simple yet efficient approach for mitigating catastrophic
forgetting where samples from old classes are stored in a small memory which can
be re-trained on when learning new classes. In contrast to the small memory re-
quirement, many machine learning systems in real-world applications are limited by
constraints on processing times rather than data storage capacity [64—66]. In such
settings, retraining on all seen data is often prohibited, the system would need a
method for selecting what data to replay from a huge amount of stored data to miti-
gate catastrophic forgetting. Motivated by human learning techniques for improving
memory retention [67—71], we propose a novel approach called replay scheduling
where we have policy for selecting which tasks to replay at different times. Our goal
is to demonstrate that scheduling over which tasks to replay can be crucial for CL
systems in settings where immense amounts of historical data is accessible. To enable
our approach in real-world CL scenarios, we need to develop efficient methods that
can propose replay schedules to mitigate catastrophic forgetting in new CL scenarios
without additional computations.
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Table 1.1: Two examples of grocery item classes in the dataset presented in Paper A. We display
the class label (coarse-grained class in parenthesis), two natural images taken with a mobile phone
inside grocery stores, and the web-scraped iconic image and text description of the items.

Class Natural Iconic Text
Labels Images Images Descriptions
e
Granny Smith T “..green apple with white, firm pulp
(Apple) and a clear acidity in the flavor.”
Tropicana y | “ ..1is a ready to drink juice
. [ without pulp pressed on orange,
Mandarin = mandarin and grapes. Not from
(Juice) i concentrate. Mildly pasteurized.”

1.4 Thesis Contributions

In this section, we provide summaries of the included papers as well as stating the
contributions of each author to the manuscripts.

Paper A: A Hierarchical Grocery Store Image Dataset with
Visual and Semantic Labels

Marcus Klasson, Cheng Zhang, Hedvig Kjellstrom. In IEEE Winter Confer-
ence on Applications of Computer Vision (WACV) 2019.

Summary: We collect a dataset with natural images of raw and refrigerated gro-
cery items taken in grocery stores in Stockholm, Sweden, for evaluating image clas-
sifiers on a challenging real-world scenario. The data collection was performed by
taking photos of groceries with a mobile phone to simulate a scenario of grocery
shopping using an assistive vision app. Furthermore, we downloaded iconic images
and text descriptions of each grocery item by web-scraping a grocery store website
to enhance the dataset with information describing the semantics of each individual
item. The items are grouped based on their type, e.g., apple, juice, etc., to provide
the dataset with a hierarchical labeling structure. We show two examples of gro-
cery item classes and their corresponding web-scraped information in Table 1.1. We
provide benchmark results evaluated using pre-trained and fine-tuned convolutional
networks for image classification.

Author Contributions: CZ and HK presented the idea and the data collection
procedure for the natural images and web-scraped information. MK performed the
data collection including visiting the grocery stores for taking the natural images and
the web-scraping of the grocery store website for iconic images and text descriptions.
MK performed all the experiments and wrote most of the text. All authors took part
in discussing the results and contributed to writing the manuscript.
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Paper B: Using Variational Multi-View Learning for Classification

of Grocery Items

Marcus Klasson, Cheng Zhang, Hedvig Kjellstrom. In Patterns, Volume 1(8)

(2020).

Summary: We investigate whether
training image classifiers benefits
from combining the natural images
and web-scraped information in the
Grocery Store dataset from Paper A.
We employ a deep generative model
called Variational Canonical Correla-
tion Analysis (VCCA) [72] for learn-
ing joint representations of the differ-
ent data views, i.e., natural images,
iconic images, and text descriptions,
that are used for training the classi-
fiers. We performed a thorough ab-

CHAPTER 1. INTRODUCTION

(b) VCCAziwy

(a) VAEg

Figure 1.1: Visualizations of the latent rep-
resentations projected in 2D space with PCA
from models VAE; and VCCAgjqq, wWhere
we plot the corresponding iconic image for
each latent representation. We observe that
VCCAgiwy structures the items based on vi-
sual similarities by incorporating the web-
scraped information into the learning.

lation study over all data views to

demonstrate how they contribute individually to enhancing the classification per-
formance. Our results show that the iconic images help to group the items based on
their color and shape while text descriptions separate the items based on differences
in ingredients and flavor. Figure 1.1 shows visualizations of the latent representations
learned by a variational autoencoder (VAE) [73] and VCCA. Finally, we concluded
that utilizing the iconic images and text descriptions yielded better classification
results than only using natural images.

Author Contributions: CZ and HK presented the idea and all authors con-
tributed to formalizing the methodology. MK performed all the experiments, created
the visualizations, and wrote most of the text. All authors took part in discussing
the results and contributed to writing the manuscript.

Paper C: Learn the Time to Learn: Replay Scheduling for
Continual Learning

Marcus Klasson, Hedvig Kjellstrom, Cheng Zhang. Unpublished manuscript.

Summary: We present a slightly altered CL setting where the historical data is
accessible at any time to mitigate catastrophic forgetting. However, retraining the
CL system from all historical data is prohibitive due to constraints on processing
times. To this end, we propose to learn the time to learn for a CL system, in which
we learn schedules over which tasks to replay at different times. Figure 1.2 illus-
trates the differences between our replay scheduling approach and the traditional
replay approach in CL. We study the benefits of replay scheduling by allowing mul-
tiple episodes in the CL environment to enable searches for efficient replay schedules
using Monte Carlo tree search. We show that the replay schedules from MCTS can
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Memory Buffer Historical Dataset Storage
-3 |[t-2][t-1 Dis |[Di—2 |[ Diy

[i Empiy o o * %%% Empty | o«

I | I |
Scheduler Scheduler
My My
-@ @

} » Time === } » Time

t
(a) The traditional replay approach. (b) Our replay scheduling approach.

Figure 1.2: Illustrations of the (a) traditional replay approach where an equal amount of old samples
in a small memory buffer are replayed at every time, and (b) our replay scheduling approach from
Paper C where the scheduler selects which tasks to replay by selecting samples from the stored
previously seen datasets.

significantly improve the performance compared to baselines with scheduling policies.
We conclude that learning the time to replay different tasks can be critical for the
performance of replay-based methods in our new proposed CL setting.

Author Contributions: CZ presented the idea, and MK and CZ contributed
to formalizing the methodology. MK performed all the experiments, created the
visualizations, and wrote the text. All authors took part in discussing the results
and contributed to writing the manuscript.

Paper D: Policy Learning for Replay Scheduling in Continual
Learning

Marcus Klasson, Hedvig Kjellstrom, Cheng Zhang. Unpublished manuscript.

Summary: To enable replay scheduling in real-world CL scenarios, we propose
a reinforcement learning-based framework for learning replay scheduling policies.
Figure 1.3 illustrates the pipeline of our framework. Our intuition is that there may
exist general patterns regarding the replay scheduling, e.g., tasks that are harder or
have been forgotten should be replayed more often. Therefore, we define the state as
the validation performance of the classifier, which is passed to the policy that selects
actions for how to compose the replay memory to efficiently mitigate catastrophic
forgetting. Our framework enables learning policies that can generalize to new CL
scenarios without additional computational cost or training in the test environment.
In the experiments, we show that the learned policies can generalize to CL scenarios
with new task orders and datasets unseen during training.

Author Contributions: CZ presented the idea, and MK and CZ contributed
to formalizing the methodology. MK performed all the experiments, created the
visualizations, and wrote most of the text. All authors took part in discussing the
results and contributed to writing the manuscript.
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Figure 1.3: Illustration over our policy learning framework for replay scheduling proposed in Paper
D. The policy g receives state s¢ of the classifier fg to select action ar determining how the replay
memory M should be constructed. Dark gray-shaded box means that classifier is in evaluation
mode.

1.5 Thesis Outline

The rest of the thesis is organized as follows: Chapter 2 provides some preliminaries
on deep learning methods in computer vision that we used in this thesis. Chapter
3 is focused on our contributions in FGIR where we summarize Paper A and B on
grocery item classification with an assistive vision app. Similarly, in Chapter 4, we
focus on our contributions in CL and summarize the content in Paper C and D on
our proposed replay scheduling approach in CL. Finally, in Chapter 5, we provide
our conclusions of the presented works and present some potential research directions
that we believe could be interesting to look deeper into in future research on computer
vision-based assistive technologies.



Chapter 2

Background

In this chapter, we provide an overview of the preliminaries for comprehending the
methodology in the included papers in this thesis. We assume that the reader has
some basic knowledge in calculus, linear algebra, and probability theory. Section
2.1 gives an introduction to machine learning, including different problem settings,
some terminology, as well as the notation that will be used throughout this thesis.
In Section 2.2, we give an overview of deep learning [74], where we cover the different
types of network architectures that has been used in the thesis, as well as a brief
introduction to deep reinforcement learning.

2.1 Problem Settings in Machine Learning

Machine learning tasks can be divided into three main fields, namely, supervised
learning, unsupervised learning, and reinforcement learning (RL). In this section, we
will give a brief introduction to these topics to provide some context on the challenges
that we are addressing in this thesis.
We will begin by introducing some algebraic notation that will be used throughout
this thesis. For representing data, we use the vector & which is a column vector
x=[z1,...,2p]"

where z; for 1 < i < D is the i-th scalar, real-valued feature of the data vector, and
the superscript T' transposes the row vector into a column vector. In some cases,
each data vector @ have an assigned class label y which is an integer number. Scalars
can hence both represent real values and integers. The data vector & will often
represent a 2-dimensional image, where each feature x; is a pixel. In this thesis, we
still however denote images as column vectors in our equations for simplicity.

We assume that the data follows some underlying distribution, pgetq (), usually
referred to as the data generating distribution. In machine learning, we are often
interested in approximating pgqt, with a distribution pg(x) parameterized by € given
a finite dataset D = {1, of N samples where (¥ ~ pgasq(z). Estimating the
parameters 6 from the dataset D is called the training phase. A central goal for most
applications in machine learning is to make predictions on new data which is called
generalization. We measure the generalization capability by evaluating the task of
interest on a held-out dataset during the test phase.

13
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Supervised Learning. In this setting, we are given a dataset {(x(®, y®»)}¥,

where each data point (? is accompanied with a target (. In classification prob-
lems, the target y € {1,...,C} belongs to one of C discrete categories, while in
regression problems, the targets y € R are continuous and real-valued. The goal is to
estimate pg(y|x) which is the probability of assigning the target y given data x. We
represent pg(y|lx) = fo(x) with the parameterized function fg(z) which maps data
x to target variables y.

Unsupervised Learning. The goal in the unsupervised setting is to reveal hid-
den structures in the given dataset {x()}}¥, without access to target variables. For
example, we might be interested in estimating the data generating distribution pgutq
with pe (as mentioned above), discovering groups of similar data points using clus-
tering techniques, or projecting high-dimensional data into two or three dimensions
for visualization purposes.

Reinforcement Learning. For these problems, we have a learning agent that
performs actions based on perceived states of the environment to reach some specific
goal represented by a reward signal r. An example of such a task is the Mountain
Car problem [75] where the agent tries to drive a car over the top of a hill. The
action selection is modeled by the policy mg(a|s) which is a mapping from states s
to actions a. The goal for the agent is to learn a policy that maximizes the reward
within a specified time limit.

2.2 Deep Learning

In this section, we give an introduction to deep learning [74] which is a family of
machine learning methods used in this thesis. Deep learning methods are capable of
learning tasks from large and high-dimensional datasets thanks to larger volumes of
available training data, more efficient machine learning algorithms, and advances in
computer hardware in the last decades. A deep learning architecture is constructed
by stacking layers of non-linear mapping functions that give intermediate representa-
tions of the input data, where the last layer usually outputs a predicted target answer
from the queried input. This approach has been successfully applied in various num-
ber of fields such as computer vision [25, 26], natural language processing [76], and
reinforcement learning [77,78].

Deep networks are most commonly optimized using the Stochastic Gradient De-
scent (SGD) algorithm. This procedure uses gradients of a loss function £(fg(x),y)
with respect to every parameter to perform the update step

0 =0 —nVeL(fo(x),y), (2.1)
where 7 is the learning rate which determines how much the weights should be
updated with the computed gradient. Common loss functions £ are the cross-entropy
loss for classification and the mean-squared error for regression tasks. The gradients
are computed using the backpropagation algorithm [79] which estimates the gradients
iteratively one layer at a time, going back and forth. To improve the computational
efficiency, the mapping function parameters are estimated from the average of the
gradients from a randomly sampled mini-batch of data.
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Inputs  Convl Poolingl Conv2 Pooling2 FC Outputs

Figure 2.2: Simple CNN architecture with two convolutional layers (Conv) for extracting feature
maps, two subsampling layers performing a pooling operation (Pooling), and one fully-connected
layer (FC) to produce the network output. Figure inspiration from https://davidstutz.de/
illustrating-convolutional-neural-networks-in-latex-with-tikz/.

Many innovations have been designed in recent years to stabilize the training of
deep neural network architectures. For instance, dropout [80] is used for mitigating
overfitting to the training data by randomly making some layer outputs passive to
encourage the parameters to take more (or less) responsibility for the inputs. Batch
normalization [81, 82] normalizes the layer inputs to enable faster and more stable
learning. Residual connections [26] eases training networks with hundreds of layers
by mitigating the degradation problem, where adding more layers resulted in higher
training error. Furthermore, various adaptive learning rate optimizers [83-85] for the
SGD updates, learning rate schedulers [86], and network initializations [87,88] have
been proposed to enable more efficient training. We refer the reader to the provided
references for the details on these techniques. Next, we will describe three popular
types of neural networks that have been applied in the experiments of this thesis,
namely, multilayer perceptrons (MLPs), convolutional neural networks (CNNs), and
recurrent neural networks (RNNs).

Multilayer Perceptrons. The simplest form

of feedforward neural networks is the MLP based

on the Perceptron [89]. Basically, MLPs con- "%
sist of multiple hidden layers performing matrix
multiplication to extract intermediate represen-
tations of the input. Each matrix multiplication
is followed by an activation function, such as the
Rectified Linear Unit (ReLU) activation, which is
an essential step for enabling neural networks to @ @

learn non-linear functions. Figure 2.1 shows an il-

lustration of an MLP with two hidden layers. The Figure 2.1: Illustration of MLP
edges between two columns of units represent the with two hidden layers.

matrix multiplication where each edge corresponds to a parameter in the network.
The hidden layers are often called fully-connected layers in MLPs.

hidden layers

@ output layer

Convolutional Neural Networks. Convolutional layers consist of a set of fil-
ters defined by adaptable parameters to capture relationships between neighboring
features in the data [90]. Extracting the feature representations from one layer cor-
responds to convolving the input data with all filters, where the parameters in each
filter are shared across every spatial location of the input. This design choice enables
each filter to extract important features at any position in the data. Furthermore,
parameter sharing also reduces the amount of parameters in the network and lowers
the number of operations for computing the outputs. Figure 2.2 shows an illustra-


https://davidstutz.de/illustrating-convolutional-neural-networks-in-latex-with-tikz/
https://davidstutz.de/illustrating-convolutional-neural-networks-in-latex-with-tikz/
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tion of a CNN architecture. Each filter slides across the width and height of the
input to compute dot products between the filter weights and the local input region
to produce a 2-dimensional feature map. The feature maps from all filters are then
stacked depth-wise to obtain the output volume, which are often subsampled along
their spatial dimensions with a pooling operation after a non-linear activation func-
tion. The feature maps in the last subsampling layer are flattened and fed into an
arbitrary number of fully-connected layers (an MLP) to produce the final output.

Recurrent Neural Networks. RNNs are a
family of neural network models specialized for \

processing sequences of data. These networks

predicts the next output given the past sequence

and uses an extension of backpropagation to com- 4’ @

pute gradients across different time steps. Similar

to CNNs, RNNs apply parameter sharing across Figure 2.3: Graphical representation
. . . of RNN.

time steps to enable extracting relevant informa-

tion that can appear at different positions in the sequence. RNNs makes an assump-

tion that all relevant information about the past sequence x1.;_; can be summarized
in a hidden state h;. The state evolves over time through the update equation
hy = fo(hi_1,2;—1) where fg is a neural network for capturing the long-term de-

pendencies. Common choices for this network are the Long Short-Term Memory
(LSTM) [91] and Gated Recurrent Unit (GRU) [92] which use gating functions for
determining what information is relevant for the future time steps. Figure 2.3 shows
a graphical representation of an RNN. The initial hidden state hg is usually set to

zero or learned.

Attention-based network architectures, such as Transformers [52,93] and Graph Neu-
ral Networks [94,95], are not covered in this thesis; we refer the reader to the provided
references for information on these networks.

fo(2)
autoencoders. These architectures are typi-
cally built using two networks called decoder fg
and encoder g4 with a bottleneck layer between — Figure 2.4: Illustration of an autoen-
the networks that extracts a low-dimensional coder network.
representation z of the data x. The idea is that the learned representation z should
contain enough relevant information for reconstructing the input data. Figure 2.4
shows an illustration of an autoencoder network. The encoder extracts the latent
representation with z = g4 (), while the decoder aims to reconstruct the original in-
put, such that & = fg(z) where & & . There exist various autoencoder approaches
for improving the quality of the learned representations. For example, denoising au-
toencoders [96] adds noise to the input data to avoid overfitting, and sparse autoen-

coders [97] induces adds sparsity constraints on the activation functions to improve
robustness.

Deep Autoencoders

A common network architecture for learning
latent representations of high-dimensional data
in unsupervised fashions with deep learning are

(SN
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Multimodal Autoencoders.
Autoencoders can easily be ex- Encoder
tended to handling multiple 9o (T)
types of data. The goal here is
usually to learn one joint latent
representation for capturing cor-
respondences between the data
types [98]. Consider the multi-
modal dataset D = {(z;, )}V,
where & and y originate from

Decoder

fo.(2)

Decoder

Encoder g
fo,(2)

96, (Y)

two different data views (real— Figure 2.5: Illustration of a multimodal autoencoder

. . network for learning a joint representation z from the
world images, web lmages) or different but related data types & and y. The joint rep-
modalities (Visual signals, text resentation z is obtained by combining the intermediate

descriptions) that share some  representations he and hy.

high-level information. For ex-

ample,  could be an image of a living room and y is a text sentence describing the
appearance of the room, where objects are located etc. Figure 2.5 shows an illus-
tration of the network architecture. The input « and y have two separate encoders,
9o, (x) and ge, (y), that extracts the intermediate latent representations hg, and
h, respectively. The intermediate representations are then combined into the joint
latent representation z, often through some element-wise operation (addition, mul-
tiplication) or concatenation. The joint multimodal representation z is then passed
through two separate decoder networks, fp,(2) and fg,(z), for predicting the orig-
inal input data separately. Combining different modalities, such as images, natural
language, and audio signals, with autoencoders for learning more rich representa-
tions of data has been studied frequently the last decade [98-103] One advantage
is that the network architecture can be trained in an trained end-to-end fashion to
be used for both learning representations and making predictions of the used data
types. However, a major challenge is how to handle scenarios where some data types
could be missing. An option here is to learn a joint representation by using a single
encoder for the data type that is available at both training and test phases that is
used for predicting each data type [99].

Variational Autoencoders

In this section, we give an overview of the variational autoencoder (VAE) [73,104] that
we apply for representation learning in Paper A and B. The VAE is a deep generative
model that enable learning of data representations by combining ideas from deep
learning and probabilistic graphical models [105]. As commonly done in unsupervised
learning, VAEs aim to learn a parametric distribution pg(x) that approximates the
data distribution pgate given a dataset D = {&M}N | where () ~ pgara. We frame
the problem of learning pg(x) by expressing the distribution using latent variables
z, such that

po() = / po(@, z) dz = / pol(@|2)p(z) dz, (2.2)

where the joint distribution pg(x, z) is the model which factorizes into the likelihood
pe(x|z) and the prior distribution p(z) for the latent variables. The latent variables z
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are introduced for representing underlying structures and relationships in @ that can
be difficult to observe from the data itself. We can view z as containing meaningful
information for the data generation process by assuming that the data was generated
with the following steps:

1. sample the latent vector z ~ p(z) from the prior.

2. generate data point & ~ pg(x|z) given the sampled z.

The Evidence Lower Bound. The problem with learning the parameters @ that
maximize pg(x) is that the integral in Equation 2.2 is almost always intractable due
to the prohibitively large number of values for z that need to be evaluated. Instead,
we can reformulate the problem using Bayes’ rule

() = po(|2)p(2) (2.3)
po(z|x)
where pg(z|x) is the posterior of z given x and pg(x|z) is the likelihood of x given z.
The posterior needs to be approximated using variational inference [106,107], where
we define an approximate posterior distribution g4 (2|x) parameterized by ¢ to infer
the latents z. This allows us to form a lower bound on the marginal log-likelihood
log pe(x) given by
logpe(x) > E.yy(ze)[log pe(z|2)] — DxLlge(2]z) || p(2)], (2.4)
which is called the evidence lower bound (ELBO). The expected value over log pg(x|2)
can be estimated with Monte Carlo sampling using g4 (2|x), and the Kullback-Leibler
(KL) divergence between g¢(z|x) and p(2z) can be computed analytically depending
on how we choose these distributions. Commonly, the approximate posterior is se-
lected to be a Gaussian distribution ¢g(z|x) = N(2z; pue(x), diag(oe(x))) where the
parameters ¢ are used for computing the mean py(x) and standard deviation og(x)
of the approximate posterior given @, and diag(-) is for constraining the covariance
matrix to be a diagonal matrix. The prior distribution is also selected to be a
zero-mean, standard Gaussian distribution p(z) = N(z;0,I) where I is the identity
matrix.

Network Architecture. The VAE ar-
chitecture resembles a standard autoen-

coder where the encoder and decoder net- A bl Rrobabilishic
works are probabilistic in the sense that do(|2) po(x|2)
they output parameters of probability dis-

tributions. In contrast to autoencoders ZE:N“ A; (g?)e

that learn latent representations z that
minimizes the reconstruction error on the
data, VAESs learns an approximate poste-
rior ¢¢ (z|x) that maximizes the likelihood
of pg(x). Similar to autoencoders, we can extract latent representations of the data
with the probabilistic encoder. However, VAEs can also estimate the likelihood of
unseen data points under the learned model, as well as generate new data by de-
coding latents sampled from the prior. Figure 2.6 shows an illustration of a VAE
architecture. The encoder represents the approximate posterior g4 (z|z) which out-
puts the mean pg(x) and standard deviation o4 (x) of a Gaussian distribution over
z, which is the standard choice for g4 [73]. The latent vector is sampled using the

Figure 2.6: Illustration of a variational au-
toencoder with the reparameterization trick
equation.
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"reparametrization trick” [73,108] by computing

z = py(x) + op(x) ©€, where e~ N(0,I), (2.5)
where ® denotes element-wise multiplication. The reparametrization enables com-
puting gradients of the expectation E..q, (z|z)[logpe(x|z)] in Equation 2.4 with the
backpropagation algorithm. The decoder represents the likelihood pg(x|z) that can
be used to generate data @ from sampled latents z, where the distributional form
depends on the data type of x.

VAESs have been used in various applications for modeling images, text, and au-
dio data [109-115]. Furthermore, they have been extended to modeling data from
different modalities due to their capability of handling missing modalities to enable
cross-modal data generation [72,101,102,116,117]. In Paper A and B, we employ
Variational Canonical Correlation Analysis (VCCA) [72] for learning joint represen-
tations of natural images and web-scraped information of grocery items to facilitate
learning image classifiers.

Deep Reinforcement Learning

In this section, we give a brief overview RL to provide some preliminaries for Paper D.
The RL setup considers a learning agent that interacts with an environment E over
a number of discrete time steps [75]. The environment is modeled with a Markov De-
cision Process (MDP) [118] represented as a tuple E = (S, A, P, R, uu,y) consisting of
the state space S, action space A, state transition probability P(s’|s,a), reward func-
tion R(s,a), initial state distribution p(s1), and discount factor v. At each time step
t, the agent receives a state s; from the environment, selects an action a; € A using a
policy 7(a|s), and enters the next state s;41 with transition probability P(s;11]st, at)
and receives a numerical reward following r; from the environment. This procedure
is repeated until the agent reaches a terminal state in which the procedure can be
restarted. The return G; = Z,:io ¥*ri4x is the discounted accumulated reward from
time step t. The goal for the agent is to learns policy that maximizes the expected
return.

The value function V7™ (s) = E[G¢|s; = s] defines the expected return following
policy 7 from state s. Value functions are essential for learning as they can be used
for comparing policies, such that = > ' if and only if V™(s) > V™ (s) [75]. An
optimal policy 7* is defined as a policy that is better than or equal to all other
policies. There may exist several optimal policies 7* that share the same optimal
value function given by V*(s) = max, V™ (s) for all states s € S. Similar to the value
function, we also have the action value function Q7 (s, a) = E[G¢|s: = s, a; = a] which
is the expected return for selecting action a in state s and following policy w. Optimal
policies also share the same action value function given by Q*(s,a) = max, Q™ (s, a)
for all states s € S and actions a € A. The optimal action value function Q* can be
written in terms of the optimal value function V* as

Q*(s,a) = E[rip1 +4V*(9)|st = s,a: = a. (2.6)

This means that if we have access to Q*, we can directly obtain the optimal action
a* in state s by using a* = argmax, Q*(s, a) to maximize the expected return.

In this thesis, we focus on model-free RL algorithms which have been popular in
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past years. The alternative is model-based RL algorithms which allows the agent to
plan ahead when interacting with the environment by having access to a function that
predicts the next states and rewards. However, having access to the ground truth
of such function is impossible in many RL problems. Model-free RL algorithms can
be divided into Q-learning and policy optimization methods. Q-learning methods,
such as Deep Q-Networks (DQNs) [77,119], aim to approximate the optimal action
value function Q*(s,a) with parametric function Qg(s,a) by minimizing objective
functions based on the Bellman equation. The optimization is often performed off-
policy, such that the agent can be updated using data collected from the environment
at any point in time. The actions are selected with a; = arg max, Q*(s,a) through
the connection between the action value function and the policy. Policy optimization
methods, such as Advantage Actor-Critic (A2C) [120], represent the policy in a
parametric form mg(als). The optimization is often performed on-policy meaning
that the policy is only updated using data collected in the environment by the most
recent policy. Policy optimization methods tends to be more stable than Q-learning
methods. However, as Q-learning methods can reuse collected data for updating the
policy, these methods tends to be more sample efficient than policy optimization
methods.



Chapter 3

Fine-Grained Image Recognition

In this chapter, we provide an overview for Paper A and B that focuses on fine-grained
image recognition (FGIR) [36] of grocery items. Object recognition in grocery shop-
ping scenarios is a challenging task for visually impaired (VI) people [22,48, 121]
due to the necessity of visual capabilities to navigate and identify the products.
Regarding identifying products, groceries are often structured in fine-grained man-
ners where details on appearance and shape help us to distinguish between different
items. However, since distinguishing between packaged items often requires reading
text and raw food items can have similar shapes, recognizing fine-grained details can
be difficult without the ability to see. In recent years, there has been an emerging
interest of development of computer vision-based assistive technologies for assisting
VIs with grocery shopping [12,57-62]. Nevertheless, fine-grained recognition of gro-
ceries still remain challenging due to the need for real-world training data for such
systems to be robust in grocery stores. We aimed to enhance the robustness and
predictive performance of image classifiers by combining natural images with exter-
nal web information with the items. In Paper A, we have collected a dataset with
natural images of groceries with a mobile phone camera, and web-scraped images
and text descriptions about the items, for evaluating image classifiers in real-world
supermarket scenarios. We perform an ablation study over the different data types
in the data set in Paper B, where we show that utilizing all data types improves
the fine-grained classification performance over image classifiers trained with only
the natural images. We cover some related work (Section 3.1), describe the dataset
collection process (Section 3.2) and our used approach for utilizing multi-view data
(Section 3.3), as well as summarize the experimental results from the ablation study
(Section 3.4).

3.1 Related Work

In this section, we will briefly discuss the related work on FGIR, datasets for FGIR,
and multi-view learning.

Fine-Grained Image Recognition. The goal with FGIR [36] is to distinguish
between a set of visually similar object classes that belong to some super-class. The
main challenge is to recognize the fine-grained visual details that are required for

21
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discriminating between visually similar objects. In recent years, the successes with
deep learning in computer vision have encouraged researchers to explore various
approaches for FGIR in different domains with the goal of discriminating between
sub-classes of different animals [122], cars [123], fruits [124], and retail products [125].
These approaches can broadly be divided into three directions where the deep net-
works utilize (i) localization-classification subnetworks, (ii) end-to-end feature encod-
ings, and (iii) external information. In (i), the goal is to find parts that are shared
across the sub-classes of some general object and then discover how these localized
parts differ in appearance. This can be achieved by utilizing feature maps from con-
volutional layers as local descriptors [126,127], employing detection and segmentation
techniques for localizing object parts [128-130], or leveraging attention mechanisms
in scenarios where common object parts are difficult to represent [131,132]. With
(ii), the goal has been to learn features that are better at capturing local differences
by computing second-order feature interactions [133,134], as well as designing novel
loss functions [135,136]. In (iii), data from external domains, such as the web or
different modalities (e.g., text or audio), is utilized to influence the learning of fine-
grained details in the objects. These additional data types can be relatively cheap to
collect and serves as extra guidance for learning useful representations to the FGIR
task. The goal with learning from noisy web data is to reduce the need for human-
annotated data [137-139], while learning from multimodal data aims to obtain a joint
representation that captures the correspondences between the images and the other
modalities [140-142]. In addition to FGIR, both web-scraped and multimodal data
has been used for zero-shot learning to transfer knowledge from densely annotated
categories to learn new fine-grained classes [143-145]. Our work in Paper A and B
is mostly related to (iii) FGIR with external information, where we use web-scraped
images and text descriptions in combination with natural images to improve the
classification performance of fine-grained grocery recognition.

Datasets for Fine-Grained Image Recognition There exist many image datasets
for benchmarking computer vision models [15,122,146-151]. These datasets ranges
from large-scale datasets annotated by groups of classes, such as [146,152], to smaller
but densely-annotated datasets [150,153-155]. There also exist domain-specific datasets
for FGIR tasks of animals and species [122, 156-159], fashion [160, 161], airplanes
and cars [162-165], faces [166-168], and foods [124,169]. Several of the mentioned
datasets have also been extended to benchmarking in zero/few-shot image classifica-
tion [143,170-172]. In computer vision for visually impaired people, we have recently
seen an emergence of datasets collected by people who are blind/low-vision [13-15,
59,173]. Datasets for FGIR of grocery items in their natural environments, such
as grocery stores, shelves, and kitchens, have been addressed in plenty of previous
works [125,174-178]. Similarly, there exist other kinds of food datasets with images
of various food dishes [169,179,180], cooking videos [181,182], recipes [183-185], and
also restaurant-oriented information [186,187]. Our grocery item dataset (see Sec-
tion 3.2) shares several similarities with the mentioned works above. For instance, all
images of raw and packaged groceries are taken in their natural environment, images
are taken with a mobile phone camera from an egocentric view-point, grocery classes
are hierarchically labeled, and each class have an additional web-scraped iconic image
and text description.
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Multi-view Learning. Machine learning with multiple types of data is an active
research field [98,188]. In particular, the intersection of computer vision and natural
language processing has been of great interest and has led to applications such as
image captioning [28,189,190], visual question answering [54,56,191]. In this thesis,
we have focused on learning joint representations across different data types by ap-
plying the subspace learning approach from multi-view learning [188]. A view can be
defined as data that has been recorded from a specific sensor [192]. For example, we
consider natural and web images to be from different views as the images have been
recorded using different cameras. Subspace learning approaches aims to learn joint
representations from multiple views by assuming that each view have been generated
from a latent space that is shared among the views. Most methods originate from
Canonical Correlation Analysis [193] (CCA) where the goal is to linearly project
pairs of different views into a lower-dimensional space where the correlation between
the projections is maximized. There exist various extensions of CCA which uses
deep neural networks for learning nonlinear mappings to extract more rich features
of the views, such as Deep CCA [194] and Deep Canonically Correlated Autoen-
coders [100]. Inspired from the Deep CCA variants, Variational CCA [72] (VCCA) is
a multi-view deep generative model that can both learn joint representations and gen-
erate new data by sampling from the shared latent space. An advantage of VCCA is
the straight-forward extension to modeling both a shared latent space and private la-
tent spaces which capture the view-specific variations to focus the learning of shared
variations into the shared latent space [72,192,195-198]. In Paper B, we employ
VCCA, and its extention to private latent spaces, for learning joint representations
of the different data views in our grocery item dataset to obtain more robust image
classifiers.

3.2 Dataset Collection

In this section, we describe our procedure for col-
lecting the image dataset of grocery items in Pa-
per A. We visited several supermarkets in Stock-
holm, Sweden, to collect natural images of groceries
with a mobile phone camera to imitate a shopping
scenario using an assistive vision device. The col-
lected images captures situations that can be chal-
lenging for assistive vision devices, such as mis-
placed items, hand occlusions, multiple instances
and classes present, and various lighting conditions
(see Figure 31) AH images were taken Wii.',h a SiI.l— Figure 3.1: Example images of

gle targeted item in mind, such that each image is challenging scenarios.

paired with a single label. For items which belong

to a clear super-class, e.g., apples and milk packages, we also provided the general
class of the items to establish a hierarchical labeling structure of the data. Fur-
thermore, we complemented the image dataset with web-scraped information of each
grocery item. More specifically, we visited the online shopping website of a Swedish
supermarket chain and downloaded 1) an iconic image of the item on a white back-
ground, 2) a text description that describes the flavor and ingredients of the item,
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Table 3.1: Examples of grocery item classes in the Grocery Store dataset. We display the class label
(coarse-grained class in parenthesis), followed by two natural images taken with a mobile phone
inside grocery stores, and the the web-scraped information of the items consisting of an iconic
image and a text description. We have highlighted ingredients and flavors in the text descriptions
that are characteristic for the specific item.

Class Natural Iconic Text
Labels Images Images Descriptions
Granny Smith “...green apple with white, firm pulp
(Apple) and a clear acidity in the flavor.”
Royal Gala “..crispy and very juicy apple,
with yellow-white pulp. The peel
(Apple) is thin with a red yellow speckled color.”
Tropicana @.’ “ ..1s a ready to drink juice
. v without pulp pressed on orange,
Mandarin B mandarin and grapes. Not from
(Juice) concentrate. Mildly pasteurized.”
-
. . g “...creamy vanilla yoghurt
Yoggi Vanilla he, original... added sugar than
regular flavored yoghurt. Great for
(Yoghurt) !
L both breakfast and snacks.”

and 3) the nutrition values for items where it was applicable. We show four examples
of grocery items and their web-scraped information in Table 3.1. Since these data
types are on a class-based level, we can use the web-scraped information as weak su-
pervision to guide the classifier to learn fine-grained details that helps discriminating
between visually similar items. We have established training, validation, and test
sets of the natural images where the split was made according to the grocery store
location to avoid mixing images from different stores. Finally, we made the dataset
publicly available under the MIT license'.

3.3 Fine-Grained Image Recognition of Grocery Items

In this section, we describe the problem setting of the grocery item classification task
from the dataset collected in Paper A. Moreover, we describe our approach from
Paper B for learning joint representations of the available data views to improve the
classification performance.

Problem Setting

We focus on the application of training an image recognition app in mobile phones for
assisting VIs with grocery shopping. Training such image classifiers typically requires
immense amounts of annotated images of the groceries. Additionally, the natural
images should be collected in scenarios where the app would be used, such as grocery
stores or home environments, which further complicates the collection procedure. To

LGrocery Store Dataset URL: https://github.com/marcusklasson/GroceryStoreDataset
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reduce the need for collecting and annotating natural images from mobile phones,
we aim to use web-scraped information about the groceries as additional supervision
when training the image classifiers. The web-scraped information should help the
classifier to focus on learning the learn fine-grained details of the items to improve
the classification performance and robustness in real environments.

The following data views are available in the dataset for training the image clas-
sifiers:

e I: Natural images of the grocery items taken inside grocery stores.

o x: Feature vectors of the natural images I extracted from some CNN f, pa-

rameterized by ¢.

e y: Class labels of the grocery items in the corresponding natural images.

e ¢: Iconic images of the grocery items scraped from a supermarket website.

e w: Text description of the grocery items scraped from the same supermarket

website as <.

See Table 3.1 for examples of the data views. The straightforward approach is to
train a CNN with pairs of natural images I and class labels y in a supervised setting.
However, the number of samples may be insufficient for training a CNN from scratch,
which can lead to overfitting and low generalization capability to new images. One
alternative is to employ transfer learning [199] where parameters from a CNN pre-
trained on some large dataset, such as Imagenet [146], are used for initialization and
we adapt the network to the grocery item recognition task by either 1) fine-tune some
of the final layers, or 2) train a linear classifier from extracted features [200]. We take
the latter approach and use extracted features for training to mitigate overfitting.
Furthermore, we use the web-scraped data views for learning more rich representa-
tions of the grocery items that can be used for training more accurate and robust
image classifiers, which we present in the next section.

Multi-View Representation Learning of Grocery Items

We describe the multi-view learning approach we applied for learning joint represen-
tations of grocery items to use for training the image classifiers. More specifically,
we employed a deep latent variable model called Variational Canonical Correlation
Analysis [72] (VCCA) for learning the joint representations. In the VCCA approach,
we assume that the different data views have been generated from the same, shared
latent space before they are observed in their original data type. The goal is to
obtain joint representations by learning the shared latent space that captures the
correspondences across the available views. The joint representations can then be
used for training more accurate and robust image classifiers.

Figure 3.2 shows the network architecture of VCCA used in Paper B for learning
the joint representations from all available data views. In this example, we have
an input image I of a juice package with the fine-grained class label y God Morgon
Orange and Red Grapefruit Juice. We obtain the latent representation z by encoding
the feature vector = f,(I) of the input I extracted from a CNN f,, pretrained on
Imagenet. In Paper B, we use a DenseNet [201] architecture as f,. We assume that
the latent representation z is shared by all available views to establish a more rich
representation of the grocery item images by using the each available view as addi-
tional supervision to the natural images. We capture the correspondences between
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pe; (il2) Iconic image ¢
Feature vector x

of image I Shared

latent z
.. | Feature vector & ~ x
z ? Po.(z]2) & of image I

Text description w
"God Morgon Orange/Red Grapefruit
PO, (w|z) —1 is a fresh blend of sweet orange juice
and tasty fresh red grapefruit.”

Input image I

Pretrained
CNN /,(I)

Class label y

| God Morgon Orange and
Red Grapefruit Juice

!
! Class label y

1 > God Morgon Orange and
A Red Grapefruit Juice

|

Figure 3.2: Illustration of the VCCA architecture used in Paper B for fine-grained classification.

each view by predicting each view separately using the latent z as input to decoder
networks that are specific for each view. The decoder pg,(x|z) is an MLP similar
to the encoder and outputs a reconstruction & of the feature vector . The decoder
pe, (1]z) is a CNN that predicts the iconic image ¢, while the decoder pg,, (w|z) is
an RNN predicting the next word in the text description w. We have two options
for training the image classifier. The first option is a two-step procedure where we
1) train the VCCA model from all available views except the class labels y, then 2)
train a separate classifier fx(z) on the learned latent representations z and the class
labels y. The second option is to learn the classifier simultaneously as the latent
space by adding a decoder pg, (y|z) that predicts the class label y from z. Note that
we only use x in the encoder part since the natural images is the only view that
is available at test time when predicting the item class of new images taken in the
grocery store. In the next section, we perform an ablation study over the available
views to analyze how each view affects the fine-grained classification performance.

3.4 Experiments

In this section, we summarize the main experimental results from Paper B. The ex-
periments involved an ablation study using VCCA with the possible combinations
of available data views to investigate how each data view contributes to the classi-
fication performance. We present results on fine-grained classification performance,
visualize the learned latent space to provide insights in how the web-scraped infor-
mation affect the performance, and demonstrate how the iconic image decoder can
be used for explaining the misclassifications by generating iconic images from natural
images. We use subscripts to denote which data views that are utilized by VCCA.
Adding y to the subscript means that the VCCA model uses a class label decoder
e, (y|2) for classification, otherwise we have trained a separate linear classifier fx(z)
with softmax activation on the latent representation after training VCCA.

Fine-Grained Classification Results. Adding the web-scraped views in VCCA
improves the classification performance over approaches that only utilize the natural
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Figure 3.3: Fine-grained accuracies on the Grocery Store dataset for all classification methods. We
show the means and standard deviations averaged over 5 seeds. Adding the iconic image % and text
description w for learning joint representations with VCCA improves the classification performance
over approaches that only utilize the natural images and class labels.

images and class labels. We performed an ablation study over the available views
that can be used by VCCA. The fine-grained classification performance was measured
with a separate linear classifier trained on the learned latent representations and a
class label decoder. We also compared the performance against training a DenseNet
from scratch on the dataset (DenseNet) and a linear classifier with softmax activa-
tion trained on extracted features from a pretrained DenseNet (Softmax). Figure
3.3 shows a bar plot over the fine-grained accuracies achieved by all classification
methods. For the methods only using natural images and class labels, i.e., DenseNet,
Softmax, VAE;, and VCCAg,, we see that Softmax performs best which could be
due to loss of information in VAE, and VCCA, when the feature vectors are com-
pressed into lower-dimensional latent representations. However, the performance of
all VCCA models utilizing the iconic image 4 and/or the text description w out-
performs Softmax significantly, which shows that both web-scraped views are useful
for enhancing the fine-grained classification performance. Only utilizing ¢ in VCCA
performs on par with combining both ¢z and w which could potentially be improved
by processing the text descriptions with some word filtering or pretrained word em-
beddings [76,202]. Finally, we observe that both classification options for VCCA
performs similar, which shows that both options can be practical for classification
using the learned latent representation.

Iconic Image Generation. The iconic im- Netaral Leonic Decoded
age decoder can be used for interpreting the Image Image Image
outcomes of predicted classes. Figure 3.4 shows
two examples of iconic images decoded from
VCCAgiwy from two natural images of the
classes Orange Bell Pepper and Anjou Pear
from the test set. On the first row, the model
has generated an iconic image of an orange-
green colored bell pepper with the shape of
the green bell pepper in its iconic image. On Figure 3.4: Examples of decoded iconic
the second row, the decoded iconic image is a  images from VCCAgjwy with their
Granny Smith apple instead of the true class corresponding natural image and true
Anjou Pear. Hence, the iconic image decoder 1Come tmage.

can be used as a tool for providing insights in why the classifier makes prediction
errors.
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(c) VCCAgw

(g) VAE, (h) VCCAg; (i) VCCA gy

Figure 3.5: Visualizations of the latent representations from VAEz,, VCCA,;, and VCCAgw pro-
jected in 2-dimensional space with PCA. In (a-c), we show the latent representations plotted using
the iconic images of the corresponding object class. In (d-f), we illustrate how the iconic images
structures the items based on visual similarities by focusing on the green and red apple classes in the
dataset plotted in their corresponding colors. Similarly, in (g-i), we show how the text descriptions
structure items based on ingredients and flavor by focusing on visually similar yoghurt (green) and
juice ( ) packages. The blue dots correspond to all other grocery item classes.

Latent Space Visualizations. The web-scraped iconic images and text descrip-
tions structures the grocery items based on view-specific similarities in the latent
space that are beneficial for fine-grained classification. Figure 3.5 demonstrates how
adding either the iconic image ¢ or the text description w can change the structure
of the latent space. We used PCA for projecting the learned latent representations
of the test set into a 2-dimensional space. We have plotted the corresponding iconic
image for the latent representations of VAE,, VCCA,;, VCCAy,, for visualization
purposes in Figure 3.5(a~c). The VAE, model in Figure 3.5(a) separates raw and
packaged grocery items into two separate clusters in the latent space. When adding
the iconic image in in Figure 3.5(b), we observe that the latent space becomes struc-
tured according to the color of the items. For VCCA,,, in in Figure 3.5(c), the latent
space becomes structured according to the ingredients of the items, where we see in
the raw grocery item cluster that bell peppers are placed in the upper region while
apples are in the lower region.

Next, we focus on a certain set of classes to gain more insights in how the web-
scraped views affect the latent space. In Figure 3.5(d-f), we inspect how items with
different colors are separated in the latent space by utilizing 7 or w in VCCA by
plotting the green and red apple classes as green and red points respectively. All
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other classes are plotted as smaller points in blue. We observe that both VCCA; and
VCCA,, manages to separate the apple classes better than VAE, where VCCA,;
obtains the most clear separation. We also want to inspect how the views separates
visually similar items with different ingredients and flavors. Hence, in Figure 3.5(g-1),
we have plotted white-colored yoghurt and juice package classes in the colors green
and yellow respectively. We see that VCCA 4., manages to separate these items better
than VCCA ., due to different ingredient information about yoghurt and juice that
is mentioned in the text descriptions.

3.5 Discussion

In this chapter, we summarized the contributions in Paper A and B on FGIR for
assisting VI people with grocery shopping using an assistive vision app on their
mobile phone. In Paper A, we collected a publicly available dataset with mobile
phone images of groceries taken in grocery stores as well as web-scraped information
about the items from a supermarket website. In Paper B, we show through multi-
view learning how the web-scraped information can be utilized to train more accurate
and robust image classifiers, compared to training with the mobile phone images only.
More specifically, the iconic images structures the items after visual similarities such
as colors and shapes in the learned latent space, while the text descriptions pushes
items with similar ingredients and flavors closer to each other. This shows that the
cheap-to-collect web-scraped views can serve as a good alternative for improving the
fine-grained classification performance instead of collecting more natural images in
the grocery stores.

Regarding the dataset collection in Paper A, we have some belated suggestions
on how to make the collection procedure easier and also how to enrich the dataset.
The images should be collected by recording videos of the grocery items rather than
taking still images in the grocery stores. This would potentially enhance the dataset
size and could also mitigate the class imbalance in the training and test splits. Fur-
thermore, we could evaluate the classifiers on video sequences which would be a more
realistic and user-friendly setting for how an assistive vision app would be used by
VI people. Another suggestion to enrich the dataset would be to download more
instances of iconic images and text descriptions from supermarket websites, which
could potentially allow the VCCA model to capture the view-specific variations into
the learned latent representations. Finally, it would have been valuable to have nat-
ural images collected by VI people to benchmark the classifiers on scenarios with the
actual target users [15,47].

In Paper B and Section 3.4, we observed that utilizing the iconic images in VCCA
affects the classification performance significantly better than the text descriptions.
We believe that this could be due to the noise in the text descriptions where often
there are only a few words that are relevant to the image recognition task. In the
future, we could pre-process the text descriptions by removing stop words, e.g., 'the’,
'it’, ’and’, etc., and other words that are irrelevant for recognizing the fine-grained
details of the items. Moreover, we could use pretrained word embeddings [202-204]
for considering word similarities, add attention mechanisms [93,205] in the model for
focusing on relevant words, and use data augmentation techniques for text [206] to
learn more robust joint latent representations.
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Finally, we believe the Grocery Store dataset could be used for benchmarking
image classifiers on zero/few-shot learning [39, 40] and continual learning [37, 38]
settings. This would be an important extension of the dataset as these applications
are crucial to enhance the usability of assistive vision systems in real-world scenarios.



Chapter 4

Continual Learning

In this chapter, we give an overview of Paper C and D where we focus on continual
learning (CL) [37,38]. A CL system receives samples of classes to learn continu-
ously over time while maintaining its overall performance on every seen class. Such
capability is critical for assistive vision systems as the system may need to adapt
to unseen items in new environments. Furthermore, CL on mobile devices would
enable personalizing the devices to specific items that the VI user wants to locate
and recognize. The main challenge with the CL setup is catastrophic forgetting [63]
where previously learned abilities are overwritten by recent acquired knowledge (see
Figure 4.1). However, retraining on all previously seen data may be prohibited due to
lack of computational budget or accessibility to the seen datasets. Replay-based CL
methods efficiently mitigate catastrophic forgetting by revisiting old samples stored
in a small memory buffer [207-209].

Most replay-based methods in CL use simple strategies for retrieving replay sam-
ples and ignore the time to learn which is important for memory retention in human
learning [67,69,70]. Furthermore, most works rely on tiny memory buffers although
historical data is almost always available in many real-world machine learning ap-
plications [64-66]. Nevertheless, the requirement of small replay memories remains
as due to limitations on computational budget and data transmission times. To this
end, we propose in Paper C a new CL setting where historical data is available while
the processing time is limited. For this new setting, we propose replay scheduling
where we select which tasks to replay at different times, and demonstrate the advan-
tages of considering time to replay in CL. In Paper D, we present a framework based
on reinforcement learning (RL) [75] for learning replay scheduling policies that can
be transferred to new CL scenarios for mitigating catastrophic forgetting without
added computational cost. Our proposed replay scheduling approach opens up for
new research directions that can bring current CL research closer to real-world needs.

4.1 Related Work
In this section, we give an overview of different approaches in CL, especially replay-

based methods which our proposed replay scheduling approach in Paper C and D is
based on.

31
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train train
Dt DH—I

Time

Learn ” Apple Juice!” Learn ”Orange Juice!”

Figure 4.1: Illustration of catastrophic forgetting in a continual learning scenario. The network fg
receives a task dataset of an Apple Juice class in D%T‘“” to learn, and correctly predicts the Apple
Juice class in the unseen test image in D'¢st. The next task dataset involves learning an Orange
Juice class from Dfi“f“ which fg adapts to without retaining knowledge about the Apple Juice
class, such that fg makes the wrong prediction during evaluation on D¢*t again.

Continual Learning. The existing CL approaches for mitigating catastrophic for-
getting in neural networks can broadly be divided into three main areas, namely,
regularization-based, architecture-based, and replay-based methods. Regularization-
based methods mainly focus on preventing the parameters important for previous
tasks from wide changes and fit the remaining parameters to new tasks [210-212].
Knowledge distillation methods [213] also belong to these methods where stored clas-
sification logits are used for regularizing the output units for previous tasks in the
network [214,215]. More recently, projection-based approaches have been proposed
for constraining the parameter updates to subspaces which avoid interference with
previous tasks [216,217]. Architecture-based methods focus on adding task-specific
network modules for every seen task [218-221], or isolating parameters for predicting
specific task in fixed-size networks [222-224]. Replay-based methods revisits samples
from old tasks when learning new tasks. The old samples are either stored in an exter-
nal memory [207-209,225-227], or synthesized with a generative model [116,228,229].
Both regularization- and architecture-based methods can be combined with replay
for improving the models capability of remembering tasks [212,220,230-234]. Our
replay scheduling idea is originated from replay-based methods which we will cover
more in detail next.

Replay-based Continual Learning. Much research effort in replay-based CL
has focused on selecting higher quality samples to store in memory [207,212, 235~
240]. In [207], several selection strategies are reviewed in scenarios with tiny memory
capacity, such as reservoir sampling [241], first-in first-out buffer [208], k-Means, and
Mean-of-Features [239]. However, elaborate selection strategies have been shown
to give little benefit over random selection for image classification problems [209,
242]. More recent work has been focused on enhancing the memory capacity by
storing compressed features rather than raw data [209,243], evolving the memory
samples using data augmentation to avoid overfitting [226,244], and using contrastive
learning to improve memory retention [245,246]. Selecting the time to replay old tasks
has mostly been ignored in the literature, with an exception in [247] which replays
memory samples that would most interfere with a foreseen parameter update. Our
replay scheduling approach differs from the above mentioned works since we focus on
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learning to select which tasks to replay. Nevertheless, our scheduling can be combined
with any selection strategy and replay-based method.

4.2 Replay Scheduling in Continual Learning

In this section, we present our proposed replay scheduling approach studied in Paper
C and D for mitigating catastrophic forgetting in CL. More specifically, we focus
on the contributions in Paper C, where we introduce a slightly new CL setting that
considers real-world needs where all historical data can be available since data storage
is cheap. Additionally, we demonstrate the advantages of replay scheduling in such
setting where we select which tasks to replay, where we use Monte Carlo tree search
(MCTS) [248] to search for efficient replay schedules by allowing multiple episodes
in single CL environments.

New Problem Setting for Continual Learning

In this section, we describe the proposed CL setting presented in Paper C. We assume
that historical data is accessible at any time for mitigating catastrophic forgetting
in the model. However, re-training the model on all available historical data is
prohibited due to limitations on compute and data transmission times. Therefore,
the goal is to determine which historical tasks to replay and sample a small replay
memory from the selected tasks to mitigate catastrophic forgetting as efficiently as
possible.

The notation of this problem setting resembles the traditional CL setting for
image classification. We let a neural network fg, parameterized by ¢, learn T' tasks
from the datasets Dy, ..., Dy arriving sequentially one at a time. The t-th dataset
D; = {(wgl),yt(l))}fv:tl consists of N; samples where wgi) and y,gi) are the i-th data
point and class label respectively. Additionally, the dataset is split into training,
validation, and test sets such that Dy.p = {(Direin Drel plest)iT | The training
objective at task t is given by

Ny
min D~ L(fo ("), 5:7), (4.1)
=1

where £(-) is the loss function, which in our case is the cross-entropy loss. The
challenge is for the network fg to retain its classification performance on the previous
t — 1 tasks.

We assume that historical data from old tasks are accessible at any time step.
However, we can only fill a small replay memory M with M historical samples for
mitigating catastrophic forgetting of old tasks due to processing time constraints.
The challenge then becomes how to select the M samples from the historical data
to include in the replay memory that efficiently retain the previous knowledge. We
focus on selecting the samples on task-level by deciding on the task proportions
(p1,---,pt—1) on samples to fetch from each task, where Ef;i p; = 1 and p; > 0.
The number of samples from task 7 to place in M is given by p; - M. To simplify the
selection of which tasks to replay, we construct a finite set of possible task proportions
that can be used for constructing M.

This problem setting shares several assumptions with traditional CL, such as:
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e The model receives the datasets at different time steps from a continuous
stream.

e Re-training on all historical data is prohibited.

e The model should perform well overall across all seen tasks and, hence, mitigate
catastrophic forgetting.

e Replay memory size M is small.

The only difference with this setting and traditional CL is that all historical has
been stored rather than deleted, and we can access this data to fill the replay mem-
ory M to mitigate catastrophic forgetting. We argue that this setting aligns well
with real-world needs as data storage is cheap and easy to maintain but retraining
large machine learning models is computationally expensive. Therefore, we use small
replay memory sizes to limit the processing times of replay when the model is learning
new tasks.

Monte Carlo Tree Search for Replay Scheduling

In this section, we describe how we used MCTS in Paper C to show the advantages of
replay scheduling in the new CL setting. We focus on an ideal CL environment where
executing multiple episodes is allowed to enable searching for replay schedules. For
demonstration purposes, we use MCTS for finding replay schedules that efficiently
mitigate catastrophic forgetting by selecting compositions of replay memories at dif-
ferent time steps.

We define a replay schedule as a se-
quence S = (p1,...,pr—1), where p; =
(p1,--.,pr—1) for 1 <i < T—11is the sequence
of task proportions for determining how many Require: Number of tasks 7'

Algorithm 1 Discretization of ac-
tion space with task proportions

1 ‘ ‘ L7 =0
ba.mples per task tp fill the replay MemOry o ¢ 21 . T—1do
with at time step i. To make the selection 3.  p, =}
of task proportions tractable, we construct a 4 B = combinations([1 : i, 1)
discrete action space with a finite number of 5~ B" = unique(sort(5))
. 6: for b; € B* do
choices for how to construct the replay mem- t N
A . . T p; = bincount(b;)/i
ory at different time steps. Algorithm 1 shows s. P =P; U{pi}
the procedure for creating this action space. 9:  end for

At task 4, we have ¢ — 1 historical tasks that 10 Tli] =P

11: end for
we can choose from. We then generate all pos- 15, Lcturn 7
sible bin vectors b; = [b1,...,b;] € B; of size
i where each element are a task index 1, ..., 1.
The elements in each bin vector are sorted by task index, and we only keep the unique
bin vectors after sorting. For example, at ¢« = 2, the unique choices of vectors are
[1,1],[1,2],[2,2], where [1,1] indicates that all samples in the replay memory should
be from task 1, [1, 2] indicates that half memory is from task 1 and the other half are
from task etc. The task proportions are then computed by counting the number of oc-
currences of each task index in b; and dividing by ¢, such that p; = bincount(b;)/(3).
From this specification, we have built a tree 7 with different task proportions that can
be selected at different time steps. A replay schedule S is constructed by traversing
through 7 and appending a single task proportion from every task level to S.
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Figure 4.2: Outline of MCTS when searching for replay schedules.

The tree-shaped action space of task proportions grows fast with the number of
tasks, which complicates studying replay scheduling in datasets with longer task-
horizons. Therefore, we proposed using MCTS since it has been successful in ap-
plications with large action spaces [78,249,250]. In our case, MCTS concentrates
the search for replay schedules in directions with promising CL performance in the
environment. Each memory composition in the action space corresponds to a node
that can be visited by MCTS. For instance, at task ¢, the node v; is related to a task
proportions p; that can be used for retrieving a replay memory from the historical
data. We store the related task proportion p; from every visited node v; in the re-
play schedule S. The final replay schedule is then used for constructing the replay
memories at each task during the CL training. Figure 4.2 shows an illustration of
the procedure for executing MCTS to search for replay schedules, where each step
involves the following:

Selection. During a rollout, the tree policy either selects an unvisited child ran-
domly from the current node v, or selects the next node by evaluating the Upper
Confidence Tree (UCT) [251] if all children has been visited earlier. The child v;41
with the highest UCT score is selected using the function from [250]:

2log(n(v
UCT (vt, ve41) = max(q(ve1)) + C M, (4.2)
n(vet1)
where ¢(+) is the reward function, C' the exploration constant, and n(-) the number
of node visits. The tree policy is executed until a leaf node v; is reached.

Expansion. If the leaf node v; has unvisited children, the search tree is expanded
with one of the unvisited child nodes vy selected with uniform sampling.

Simulation and Reward. After the expansion step, the succeeding nodes are
selected randomly until reaching a terminal node vp. The task proportions pi.7_1
from the visited nodes in the rollout constitutes the replay schedule S. After training
the network using S for replay, we calculate the reward for the rollout given by
r= % Z¢T=1 Ag?l), where Agf]’?l) is the validation accuracy of task 7 at task T

Backpropagation. The reward r is backpropagated from the expanded node vy
to the root node, where the reward function ¢(-) and number of visits n(:) are
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updated at each node in the path.

As mentioned earlier, we use MCTS to search for replay schedules to illustrate the
importance of learning the time to learn. To this end, we study replay scheduling
in an ideal CL environment where multiple episodes is allowed to find replay sched-
ules. However, in the standard CL setting, multiple episodes are prohibited which
currently prevents replay scheduling to be applied in real-world CL scenarios. In the
next section, we present a policy learning framework based on RL to learn replay
scheduling policies that generalize.

4.3 Policy Learning for Replay Scheduling

In this section, we introduce the RL-based framework for learning replay scheduling
policies that was proposed in Paper D. In real-world CL settings, learning the policy
with multiple episodes is infeasible, which is why we need a general policy for replay
scheduling. We aim to learn policies that select which tasks to replay from states
representing the current task performance in the CL environments. By representing
the states with task accuracies, the policy can be applied for mitigating catastrophic
forgetting in new CL scenarios. Our intuition is that there may exist general patterns
regarding the replay scheduling, e.g., tasks that are harder or have been forgotten
should be replayed more often. Moreover, the policy may non-trivially take task
properties into consideration through learning how the task accuracies are affected
by selecting different replay memory compositions.

We model the CL environments as Markov Decision Processes [118] (MDPs) where
each MDP is represented as a tuple F; = (S;, A, P;, R;, u;,7y) consisting of the state
space S;, action space A, state transition probability P;(s’|s,a), reward function
R;(s,a), initial state distribution u;(s1), and discount factor v. We assume that we
have access to a fixed set of training environments &) = {F1,..., Ex} sampled
from a distribution of CL environments, i.e., E; ~ p(E) for i = 1, ..., K. Each envi-
ronment F; contains of a network fe and 1" datasets Di.7 where the t-th dataset is
learned by f4 at time step t. Note that we will use task and time step interchange-
ably. To generate diverse CL environments, we obtain environments with different
initializations of the network fs and shuffled task orders in the dataset when we
sample environments from p(E).

We define the state s; of the environment as the validation accuracies Agf)la:? on
each seen task 1,...,t from fy at task ¢, ie., s, = [A¢1, .. A, 0, ..., 0], where we
use zero-padding on future tasks. The action space A is discrete and constructed
as described in Algorithm 1 (Section 4.2), such that the a; € A corresponds to
a task proportion p; used for sampling the replay memory M;. We use a dense
reward based on the average validation accuracies at task ¢, i.e., r, = % Zle Agfial),
to ease exploration of the action space. The state transition distribution P;(s’|s,a)
represents the dynamics of the environment, which depend on the initialization of
fe and also the task order in the dataset. More specifically, the dynamics represent
how the validation accuracies varies after f4 replays according to the action a; when
learning the current task.

The procedure for training the policy goes as follows: The state s; is obtained by

evaluating the network fg on the validation sets D&’tal) after learning the ¢-th task
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from Dt(tmm). Action a; is selected under the policy mg(als;) parameterized by 6.
The action is converted into task proportion p; that is used for sampling the replay
memory M, from the historical datasets. We then train classifier fg with Dgf:f in)

and My, and obtain the reward r,y; and the next state s;41 by evaluating fg on
the validation sets ngﬁ)l The collected transitions (s, ay, 741, St+1) are used for
updating the policy. A new episode starts after fg has learned the final task 7.

We evaluate the learned policy by applying it to mitigate catastrophic forgetting
in new CL environments at test time. To foster generalization across environments,
we train the policy on multiple environments with different dynamics, such as task
orders and datasets, to learn from a diverse set of training data. The goal for the
agent is to maximize the sum of rewards in each training environment. At test time,
the policy is applied on new CL classifiers and datasets in the test environments
without added computational cost nor experience collection. In Section 4.4, we test
the policies generalization capability to new CL environments where the task orders
and datasets are unseen during training.

4.4 Experiments

In this section, we give an overview of the experimental results from Paper C and D.
In Paper C, we evaluate the benefits of replay scheduling in single CL environments
using MCTS for finding replay schedules. We perform extensive evaluation to show
that the replay schedules from MCTS can outperform the baselines across several CL
benchmarks and different backbones. In Paper D, we evaluate our RL-based frame-
work using DQN [119], A2C [120], and SAC [252] for learning policies that generalize
to new CL scenarios. We show that the learned policies can efficiently mitigate catas-
trophic forgetting in CL environments with new task orders and datasets that are
unseen during training.

Results on Replay Scheduling with Monte Carlo Tree Search

Here, we provide a selection of the experimental results from Paper C. We evaluate the
CL performance of RS-MCTS for varying memory sizes to illustrate the importance
of replay scheduling. Moreover, we show that replay scheduling can benefit any
replay-based method by combining scheduling with three recent CL methods, namely,
HAL [253], MER [254], and DER [230]. Finally, we demonstrate the efficiency benefits
of replay scheduling in settings when the memory size is smaller than the number of
classes. We give an overview of the experimental settings, see Paper C for the full
experimental results and hyperparameter settings.

Datasets and Architectures. We perform experiments on common CL bench-
mark datasets such as Split MNIST [211], Split Fashion-MNIST [255], Split notM-
NIST [256], Permuted MNIST [257], and Split CIFAR-100 [149,208] and Split mini-
Imagenet [258]. We use a 2-layer MLP with 256 hidden units and ReLU activations
for Split MNIST, Split FashionMNIST, Split notMNIST, and Permuted MNIST. For
Split CIFAR-10 and CIFAR-100, we use the CNN architecture used in [215,258,259],
and a reduced ResNet-18 from [208] for Split mini-Imagenet. We use a multi-head
output layer for each dataset, such that we assume that task labels are available
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at test time [260], except for Permuted MNIST where the network uses single-head
output layer.

Baselines. We compare our method against the following scheduling baselines:
e Random Schedule: Randomly select which tasks to replay.

¢ Equal Task Schedule (ETS): Replay all seen tasks equally.

e Heuristic Schedule: Replay tasks which validation performance is below a
tuned threshold found through hyperparameter searches.

Evaluation. We use ACC for measuring the CL performance
T

1 (test)
ACC= > ArsY, (4.3)

Jj=1

where Agf;St) is the accuracy of task j after learning the final task T. We measure
forgetting using Backward Transfer (BWT) [208], i.e.,

T-1
1

Varying Memory Size. We show
that the replay schedules found by
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Figure 4.3: Performance comparisons with
These results show that replay schedul- ACC over different replay memory sizes M
ing can outperform the baselines, espe- for MCTS (Ours) and the baselines. All re-
cially for small M, on both small and sults have been averaged over 5 seeds.

large datasets across different backbone choices. In Paper C, we also evaluate how
the replay schedules from MCTS outperforms the baselines in the Class-IL setting
where task labels are absent.

Applying Scheduling to Recent Replay Methods. We show that replay schedul-
ing can be combined with any memory-based CL method to enhance the performance.
Table 4.1 shows the performance comparison between our MCTS against using Ran-
dom, ETS, and Heuristic schedules for each method. Especially for HAL and DER,
the schedule found by MCTS mostly outperforms the other schedules across the dif-
ferent datasets. For MER, the Heuristic baseline performs better than MCTS and
Permuted-MNIST and Split minilmagenet which could potentially be adjusted with
more hyperparameter searches. Furthermore, the Heuristic baseline occasionally did
not converge for some seeds which could indicate that this scheduling method is more
sensitive to the settings than the other scheduling methods. These results confirm
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Table 4.1: Performance comparison with ACC and BWT for Split MNIST, Split CIFAR-100, and
Split miniMagenet between scheduling methods MCTS (Ours), Random, ETS, and Heuristic com-
bined with replay methods HAL, MER, and DER.

Split MNIST Split CIFAR-100 Split minilmagenet
Method Schedule ACC (%)  BWT (%)  ACC (%) BWT (%) ACC (%) BWT (%)
Random 96.32 £ 1.77 -3.90 £ 2.28 35.90 £ 247 -17.37 £3.76 40.86 £1.86 -5.12 4+ 2.23
HAL ETS 97.21 £1.25 -2.80 £ 1.59 34.90 £ 2.02 -18.92 +£0.91 38.13 +£1.18 -8.19 + 1.73
Heur-GD  97.69 + 0.19 -2.22 +0.24 35.07 + 1.29 -24.76 + 241 39.51 & 1.49  -5.65 + 0.77
MCTS 97.96 £ 0.15 -1.85 £ 0.18 40.22 £ 1.57 -12.77 £ 1.30 41.39 £1.15 -3.69 + 1.86
Random  93.00 + 3.22 -7.96 + 4.15 42.68 + 0.86 -35.56 &+ 1.39 32.86 + 0.95 -7.71 + 0.45
MER ETS 9297 + 1.73 -8.52 4+ 2.15 43.38 + 1.81 -34.84 + 1.98 33.58 = 1.53  -6.80 + 1.46
Heur-GD  94.30 + 2.79 -6.46 &+ 3.50 40.90 + 1.70 -44.10 + 2.03 34.22 + 1.93  -7.57 + 1.63
MCTS 96.44 + 0.72 -4.14 +0.94 44.29 + 0.69 -32.73 + 0.88 32.74 £ 1.29  -5.77 + 1.04
Random 95.91 £ 2.18 -4.40 £ 246 56.17 £1.30 -29.03 £ 1.38 35.13 £4.11 -10.85 £ 2.92
DER ETS 98.17 £ 0.35 -2.00 £ 0.42 52,58 + 1.49 -32.93 +2.04 3550 £ 2.84 -10.94 + 2.21
‘ Heur-GD  94.57 + 1.71 -6.08 +2.09 55.75 + 1.08 -31.27 + 1.02 43.62 £ 0.88 -8.18 + 1.16
MCTS 99.02 £ 0.10 -0.91 £+ 0.13 58.99 £ 0.98 -24.95 4+ 0.64 43.46 £ 0.95 -9.32 + 1.37
[ ours [| Baselines
n 8 Method S-MNIST P-MNIST S-minilmagenet
@
a 6 Random 92.56 £ 2.90 70.02 £ 1.76 48.85 £+ 1.38
= . 2O . . o .
% 4 A-GEM 94.97 £ 1.50 64.71 £ 1.78 32.06 £ 1.83
n 9 ER-Ring 9494 +£ 1.56 69.73 £ 1.13 49.82 £+ 1.69
iz 0 Uniform 95.77 £ 1.12  69.85 £+ 1.01 50.56 £+ 1.07
2 3 4 5 Ours 96.07 £ 1.60  72.52 £ 0.54 50.70 £+ 0.54
Task Table 4.2: Performance comparison with ACC aver-
Figure 4.4: Number of replayed sam- aged over 5 seeds in the 1 sample/class memory setting.

ples per task for the 5-task datasets MCTS (Ours) has replay memory size M = 2 for S-
for MCTS (Ours) and the baselines in ~ MNIST and M = 50 for P-MNIST and S-minilmagenet,
the tiny memory setting. while the baselines replay all available memory samples.

that replay scheduling is important for the final performance given the same memory
constraints and it can benefit any existing CL framework.

Efficiency of Replay Scheduling. We illustrate the efficiency of replay schedul-
ing with comparisons to several common replay-based CL baselines in a memory
setting where we can only store 1 sample/class. Our goal is to investigate if schedul-
ing over which tasks to replay can be more efficient in situations where the memory
size is even smaller than the number of classes. To this end, we set the replay mem-
ory size for our method to M = 2 for the 5-task datasets. We then compare against
the most memory efficient CL baselines, namely A-GEM [261], ER-Ring [207] which
have shown promising results with 1 sample/class for replay, as well as with uniform
memory selection as reference. Additionally, we compare to using random replay
schedules (Random) with the same memory setting as for MCTS. We visualize the
memory usage for our method and the baselines when training on a 5-task dataset
in Figure 4.4. Table 4.2 shows the ACC for each method on Split MNIST, Permuted
MNIST, and Split minilmagenet. Despite using significantly fewer samples for replay,
MCTS performs on par with the baselines on most datasets, and better than them on
Permuted MNIST. These results indicate that replay scheduling can be even more
efficient than the common memory efficient replay-based methods, which indicate
that learning the time to learn is an important research direction in CL.
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Policy Generalization to New Continual Learning Scenarios

In this section, we present the experimental results from Paper D showing that the
policies learned with our RL-based framework using DQN, A2C and SAC are capable
of generalizing across CL environments with new task orders and datasets unseen
during training. We run experiments on 5-task datasets Split MNIST [211], Split
FashionMNIST [255], Split notMNIST [256], and Split CIFAR-10 [149] where there
are 2 classes/task. We resort to CL benchmark datasets with 7' = 5 tasks to have
feasible size of the discrete action space. The replay memory size is set to M = 10
in all experiments. See Paper D for full details on the experimental setup.

Policy Network Architectures. The input layer has size T'— 1 where each unit
is inputting the task performances since the states are represented by the validation
accuracies s; = [Agfjlal), ey Agj]tal), 0,...,0]. The current task can therefore be deter-
mined by the number of non-zero state inputs. For DQN and A2C, the output layer
has 35 units representing the possible actions at 7' = 5 in the discrete action space.
We use action masking on the output units to prevent the network from selection
invalid actions for constructing the replay memory at the current task. For SAC, we
use a Dirichlet policy for representing the task proportions in a continuous action
space, where we use zero-masking on the Dirichlet concentration parameters based
on the current task to prevent invalid actions. We select the closest action measured
in Euclidean distance from the discrete action space as the executed action for SAC
to establish fair comparison to DQN and A2C.

Baselines. We add two more heuristic scheduling baselines:
¢ Heuristic Local Drop (Heur-LD). Heuristic policy that replays tasks with
validation accuracy below a threshold proportional to the previous achieved
validation accuracy on the task.

e Heuristic Accuracy Threshold (Heur-AT). Heuristic policy that replays
tasks with validation accuracy below a fixed threshold.
Here, we name the Heuristic from the experiments in Paper C as Heuristic Global
Drop (Heur-GD). The Random and ETS baselines are the same as earlier.

Evaluation Protocol. We use ACC from Equation 4.3 to evaluate the perfor-
mance in the CL environments. The reported results have been evaluated on the
test set where the replay schedules are selected from evaluating the validation sets,
where 15% of the training data is used for creating the validation sets. To assess
generalization capability, we use a ranking method based on the ACC between the
methods in every test environment for comparison (see Paper D for details).

Generalization to New Task Orders. We show that the learned replay schedul-
ing policies can generalize to CL environments with previously unseen task or-
ders. We generate training and test environments with unique task orders for three
datasets, namely, Split MNIST, FashionMNIST, notMNIST, and CIFAR-10. Table
4.3 shows the average ranking for the RL algorithms and the baselines when being
applied in 10 test environments. Our learned policies obtain the best average ranking
across the datasets, where A2C performs mostly the best. We provide further in-
sights in the benefits of learning the replay scheduling policy by visualizing the replay
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Table 4.3: Average ranking (lower is better) across methods in the policy generalization experiments.
The best and second-best ranks are colored in green and respectively. We average the results
over 10 test environments.

New Task Order New Dataset
Method S-MNIST = S-FashionMNIST = S-notMNIST S-CIFAR-10 S-FashionMNIST  S-notMNIST
Random 4.58 4.14 5.57 4.53 4.62
ETS 4.5 5.24 5.0 6.2 4.76
Heur-GD 5.07 4.91 3.74 4.63 3.26 5.31
Heur-LD 5.27 4.17 4.38 4.21 5.68 5.68
Heur-AT 4.92 4.6 6.28 3.89 4.21 4.97
DQN (Ours) 4.26 3.97 4.47 4.97 4.08
A2C (Ours) 3.56 5.23 3.21 4.76
SAC (Ours) 4.1 3.69 4.65 4.45 3.2
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Figure 4.5: Task accuracies and replay schedules from a single selected seed for A2C and ETS for
a Split CIFAR-10 environment.

schedule and task accuracy progress from A2C and ETS in one Split CIFAR-10 test
environment in Figure 4.5. The replay schedules are visualized with bubble plots,
where the bubble sizes represent the selected task proportions to use for composing
the replay memories at each task, and the bubble colors represent a task. We observe
that A2C decides to replay task 2 more than task 1 as the performance on task 2
decreases, which results in a slightly better ACC metric achieved by A2C than ETS.
These results show that the learned policy can flexibly consider replaying forgotten
tasks to enhance the CL performance.

Generalization to New Datasets. We show that the learned replay scheduling
policy is capable of generalizing to CL environments with new datasets unseen in the
training environments. We perform two sets of experiments:

1. train with environments generated with Split MNIST and FashionMNIST and
test on environments generated with Split notMNIST, and

2. train with environments generated with Split MNIST and notMNIST and test
on environments generated with Split FashionMNIST.

Table 4.3 shows the average ranking for the RL algorithms and the baselines when
generalization to test environments with new datasets. We observe that SAC, A2C,
and DQN generalizes to Split notMNIST environments better than the baselines.
However, the learned policies have difficulties to generalize to Split FashionMNIST
environments, which could be due to high variations in the dynamics between training
and test environments. The policy may exhibit state transition dynamics which has
not been experienced during training, which makes generalization difficult for the
RL algorithms. Potentially, the performance could be improved by generating more
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training environments for the agent to exhibit more variations in the CL scenarios
or by using other advanced RL methods which may generalize better [262].

4.5 Discussion

In this chapter, we summarized our contributions in CL presented in Paper C and
D. In Paper C, we focused on a new CL setting where historical data is accessible
at any time for mitigating catastrophic forgetting, but replaying all historical data is
prohibited due to processing time constraints. We then proposed learning the time
to learn for a CL system where we learn replay schedules over which tasks to replay
at different time steps. To demonstrate the importance of learning the time to learn,
we use MCTS to find the proper replay schedule and show that it can significantly
outperform fixed scheduling policies in terms of CL performance. In Paper D, we
address the efficiency of replay scheduling by proposing to use RL to learn the replay
scheduling policies that can generalize to new continual learning scenarios without
added computational cost. In the experiments, we show that the learned policies can
propose replay schedules that efficiently mitigate catastrophic forgetting in environ-
ments with previously unseen task orders and datasets. The proposed approaches
opens up for new research directions in replay-based CL that stems well with real-
world needs where training CL systems can be limited by processing time constraints
rather than storing historical data for maintaining overall performance.

We argue that replay scheduling brings current CL research closer to real-world
CL scenarios. Take for example image classification apps on mobile phones that
should assist VI people with recognizing objects in their surroundings. The users
may want to customize their apps to recognize new and personal items continuously.
The app should adapt fast from few samples while maintaining its performance on
the already known classes which is where CL comes in. However, as we saw in Paper
C and D, fixed replay policies show difficulties performing well given different task
orders, which potentially complicates generalizing to different users and new envi-
ronments. To this end, we could transfer a learned replay scheduling policy that
generalizes to new users and their unseen environments to mitigate catastrophic for-
getting efficiently for any user’s personal image recognition app. Moreover, a more
general case for the importance of replay scheduling in CL is scenarios where the
allowed replay memory size is smaller than the number of seen classes to remem-
ber. Scheduling over which task to replay at different times then becomes crucial to
balance efficient learning of new classes while retaining previously learned abilities.

Generalization in RL is a challenging research topic by itself [263-265]. The main
limitation with the RL-based framework proposed in Paper D is the requirements
of large amounts of diverse data and training time to enable the learned policy to
generalize well. This can be expensive due to the computational cost to generate the
CL environments since each state transition involves training the classifier on a CL
task. Moreover, we have currently only considered a discrete action space which is
hard to construct especially when the number of tasks is large. Using SAC with the
Dirichlet policy for selecting the task proportions was an initial step in the direction of
enabling replay scheduling policies for CL settings with long task horizons. In future
work, we would explore more advanced RL methods which can handle continuous
action spaces and generalize well [262].
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Finally, we want to highlight the privacy issues that can arise when applying
replay scheduling. Any replay-based CL method inherently can violate privacy if
raw samples are stored in the memory, but these risks can be mitigated by instead
storing compressed feature representations. Furthermore, as mentioned above, we
needed substantial amounts of data and training time for learning policies that gen-
eralize which increases the need for secure data storage solutions. As the states were
defined using validation accuracies rather than images, we have circumvented the
potential privacy issues as only the state transitions are stored from the generated
CL environments to use for training the policy.






Chapter 5

Conclusions and Future Directions

In this chapter, we give our conclusions from the works described in this thesis
(Section 5.1). Thereafter, we discuss potential future directions for work towards
better computer vision methods for assisting visually impaired (VI) people (Section
2), and provide some closing words to end the overview part of this thesis (Section

D.
D.

5.1 Conclusions

We have divided our conclusions into two parts, where we first provide our insights
on the work on fine-grained image recognition (FGIR) of grocery items presented in
Chapter 3, and thereafter our insights on our proposed replay scheduling method for
continual learning (CL) presented in Chapter 4.

Fine-Grained Image Recognition of Groceries
Here, we provide our insights around the work presented in Chapter 3.

Dataset Collection. In Paper A, we presented a realistic dataset of images of gro-
ceries with a mobile phone to simulate a grocery shopping scenario using an assistive
vision app. Collecting these images in the grocery stores was indeed time consuming
and required effort. However, as there is a gap between benchmark datasets and
reality, we argue that evaluating computer vision methods on real-world data and
scenarios is critical for assistive vision. One major learned lesson is that we should
have collected the images by recording videos rather than taking snapshot images.
First of all, recording videos to classify the groceries would be more user-friendly and
probably more accurate than processing static images one at a time. The dataset
size would probably be enhanced as well, and the dataset could be used for eval-
uating both image and video models on supervised classification. In addition to
data quality, the selection of network architecture can also have high influence on
the final performance. Therefore, we should have performed a broader study over
different network types, especially those specialized for mobile computing [266, 267],
while measuring memory consumption and compute requirements as computation
should be on-device to preserve user privacy [268]. It is also important to collect

45
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meta-data, such as hardware information, image resolutions, and geographical loca-
tion, about the mobile phone images to develop image recognition models that are
device-agnostic and robust in new environments. Finally, it would have been valuable
to include images from blind /low-vision collectors to measure the FGIR performance
with data from the actual users of assistive vision devices [269].

Utilizing Web-Scraped Views for FGIR. In Paper B, we showed that the web-
scraped iconic images and text descriptions in the dataset from Paper A are useful
for enhancing the FGIR performance. Our ablation study showed that the learned
latent representations improves the classification performance as the iconic images
structures the items based on visual similarities (e.g. color and shape) in the latent
space, while the text descriptions structures the items based on ingredients and fla-
vors. To provide more insights on how the web-scraped views boost the performance,
we could analyze the natural images with visual explanation methods, e.g., with class
activation maps [270,271], to investigate whether the classifier recognizes the fine-
grained details in the items. However, performing such evaluation automatically
probably requires human annotations on the location of the details. Adding more
examples of iconic images and text descriptions may enable better modeling of the
view-specific variations to more accurately capture the shared information about the
views into the learned latent representations. In combination with more advanced
text processing [204,206], this could potentially enhance the separation between vi-
sually similar packaged items with different ingredients to further improve the FGIR
performance. Finally, it would be interesting to study how the web-scraped views
can be utilized to enhance the data-efficiency in few-shot learning and CL scenarios,
which are important applications for assistive vision systems.

Replay Scheduling in Continual Learning
In this section, we provide our insights around the work presented in Chapter 4.

Benefits of Replay Scheduling. In Paper C, we proposed a slightly new CL
setting where 1) the historical is stored rather than deleted and 2) the replay memory
size is limited by processing time constraints instead of storage capacity. This setting
stems well with real-world needs as many major companies stores all their recorded
data [65,66]. We then showed in an ideal CL environment that scheduling over which
tasks to replay can significantly improve the final CL performance compared to using
fixed policies, e.g., replaying all tasks equally, especially with small replay memory
sizes. Consider a CL system where the number of seen classes is much larger than the
number of samples that the system has time to replay. In such scenario, it becomes
crucial for the system to have a policy scheduling over which tasks to replay for
reducing catastrophic forgetting efficiently. Furthermore, advances in CL are critical
for assistive vision devices to maintain recognition of new objects in ever-changing
environments without the need for re-training the systems from scratch. As these
systems could require on-device learning to maintain privacy, replay scheduling could
potentially retain the previous knowledge better than fixed scheduling policies and
reduce idle times when learning new abilities.

Learning Replay Scheduling Policies. In Paper D, we proposed a framework
based on reinforcement learning (RL) for learning policies scheduling which tasks
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to replay based on the current CL performance. Furthermore, we showed that the
replay scheduling policies could generalize to new CL scenarios without additional
computational cost nor interactions with the test environments. The proposed ap-
proach enables replay scheduling to be applied in standard CL settings. However,
as we only considered a discrete action space in the experiments, we need to extend
the framework to handle continuous action spaces that would scale better to larger
number of tasks. Furthermore, learning a policy that generalizes well to new scenar-
ios required large amounts of diverse data and training time, so we need to explore
more sample-efficient methods. We believe that our policy learning framework could
be beneficial for user personalization of assistive vision systems using CL. Since fixed
scheduling policies show difficulties generalizing to new CL scenarios in our experi-
ments, we could instead transfer a learned replay scheduling policy that potentially
can generalize to new users and their surroundings to reduce catastrophic forgetting
in their personal devices.

5.2 Future Directions

In this section, we discuss two future directions that we believe are important to
advance assistive vision technologies. First, we suggest future researchers in machine
learning and computer vision to work with federated learning [272] applied to assistive
vision devices to enhance the robustness in their image recognition performance.
Secondly, we highlight the importance of involving visually impaired (VI) people
throughout research processes to enhance the usefulness of the next generation of
assistive vision technologies.

Federated Learning

In recent years, there has been a growing interest for federated learning [272-274] in
the machine learning community. Federated learning involves leveraging the storage
and computational resources of remote devices, e.g., mobile phones, for training
predictive models locally on the device. The local model updates are transmitted to
a central server while user privacy is preserved by keeping the training data on the
device. The server collects model updates from several connected devices for training
a global model by aggregating the local model updates [274]. The global model can
then be distributed to the connected devices if necessary without sharing any data
between the devices.

Example Scenario. Here, we give an example application of federated learning
in the context of assistive vision. Alice and Bob are using an assistive vision app
installed on their mobile phones for recognizing groceries in a supermarket. Today,
Alice needs to buy milk and wants to recognize a milk package held in her hand.
She records a video with the phone camera which captures several frames of the milk
package that are then processed in the app. However, the app responds that this
milk package is an unknown item.Alice asks Charles, the store clerk, what item she
is holding, who tells Alice that this type of milk brand is new in the store. Charles
helps Alice with updating her app with the new milk class, such that her app will
recognize the milk in the future. The next day, Bob does his grocery shopping in
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the same supermarket as Alice. Bob notices a new milk package he has never tried
before, which is of the same class as the milk Alice bought the day before. Bob’s
app can successfully recognize the correct class of the milk package, although this
is the first time that Bob tries to recognize this kind of milk package with his app.
This is enabled through updating the assistive apps using federated learning, where
the central server has transmitted the current global model to Bob’s app after being
updated with Alice’s local model.

There are many interesting challenges that remains to tackle in federated learn-
ing. Li et al. [272] mentions challenges with statistical heterogeneity in the data
from different users, variability of the systems on each device, privacy concerns, and
expensive communication rounds between the server and the devices. From the per-
spective of this thesis, it would be valuable to study robustness to heterogeneity in the
data generated from different users in terms of data quality, sample frequency, and
context of where the data has been recorded. Here, an interesting challenge is how
to maintain fairness and accuracy across different devices, since the learned models
may become biased towards devices with large amounts of data as well as commonly
occurring groups of devices. Another relevant path to study is system heterogeneity
among the devices to determine how much the federated learning method can toler-
ate differences in, e.g., hardware and network connectivity. This is an important step
towards enabling image recognition methods to be more independent of the mobile
phone type, which in return may yield assistive vision apps that work equally well
across different geographical locations and income levels of the users.

Disability-First Approach in Development of Assistive Vision
Technologies

This section is for encouraging future researchers in computer vision and machine
learning to have their target user in mind for projects motivated by real-world appli-
cations such as assistive technologies. There exist many studies on computer vision-
based assistive technologies describing the benefits and challenges to ease everyday
life for VI people [23,47,275-277]. Essentially, mobile phones have been demonstrated
to be a useful tool for object recognition and navigation [14,22,47,51], as many VI
people use these in their everyday life. Although computer vision on mobile phones
is evidently a good fit, it is important that technical experts remembers to involve VI
people throughout the research and development processes to ensure that the tech-
nology is in fact useful for blind /low-vision people. An example of close collaboration
between VI people and technical researchers is the collection of the recent ORBIT
dataset [15,269]. Here, the authors took a disability-first approach to produce an
object recognition dataset to benchmark computer vision methods in real-world sce-
narios for VI people. The data collection was only performed by blind/low-vision
participants, who were instructed on how to collect the data as well as informed
of various benefits and challenges with current computer vision methods. By en-
gaging continuously with the participants, the authors even re-evaluated the data
collection process to ease the effort for the participants while ensuring that the data
is useful for training object recognizers. Maintaining the disability-first approach
could potentially bring more insights to technical experts in, e.g., computer vision,
human-computer interaction, and user experience, on the challenges that occur for
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VI people, such that assistive vision technologies can be built that satisfy the needs
of the target user.

To further maintain the usefulness of developed assistive vision technologies, the
technical experts needs to consider challenges on fairness in computer vision sys-
tems and privacy of the users. Several works have shown that current computer
vision methods suffer from biases that can disadvantage users based on their gen-
der [34,278,279], geographical location [32], and co-occurrences between objects and
surrounding contexts [280]. Such challenges on fairness [281-283] and various types
of distribution shifts [284] will be crucial to tackle for establishing trust-worthy im-
age recognition systems for the practitioners. Additionally, preserving user privacy
to avoid unintended leakages of sensitive information will be key to enhance the util-
ity of developed computer vision systems [173,285]. The privacy of bystanders also
needs to be accounted for as they could be photographed by mobile and wearable
devices for assistive vision [24,286]. However, for a bystander, it is non-trivial how
one should approach a VI person and ask them to turn off their device for the sake
of avoiding being caught on camera. This matter of social acceptance between as-
sistive vision users and bystanders needs to be further studied in realistic settings to
understand what requirements that the society wishes to establish on future assistive
vision technologies.

5.3 Final Words

In this thesis, motivated from assisting people with visual impairments, we have
presented two approaches for training image classifiers for fine-grained and continual
visual recognition. An essential next step for evaluating the contributions would
have been to deploy the methods on mobile phones for testing their performance in
real-world environments. To make the future for assistive vision technologies more
fruitful, it is key that the developed methods can guarantee responding to the user
in real-time, and that updating the methods on new events can be performed easily
with few samples. Finally, we need to further discuss where and when the technology
is to be used in practice to enhance the benefits with computer vision-based assistive
vision for all involved people.
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Abstract

Image classification models built into visual support systems and other assistive
devices need to provide accurate predictions about their environment. We focus
on an application of assistive technology for people with visual impairments,
for daily activities such as shopping or cooking. In this paper, we provide a
new benchmark dataset for a challenging task in this application — classifica-
tion of fruits, vegetables, and refrigerated products, e.g. milk packages and
juice cartons, in grocery stores. To enable the learning process to utilize mul-
tiple sources of structured information, this dataset not only contains a large
volume of natural images but also includes the corresponding information of
the product from an online shopping website. Such information encompasses
the hierarchical structure of the object classes, as well as an iconic image of
each type of object. This dataset can be used to train and evaluate image
classification models for helping visually impaired people in natural environ-
ments. Additionally, we provide benchmark results evaluated on pretrained
convolutional neural networks often used for image understanding purposes,
and also a multi-view variational autoencoder, which is capable of utilizing the
rich product information in the dataset.

1 Introduction

In this paper, we focus on the application of image recognition models implemented
into assistive technologies for people with visual impairments. Such technologies
already exist in the form of mobile applications, e.g. Microsoft’s Seeing AI [1] and
Aipoly Vision [2], and as wearable artificial vision devices, e.g. Orcam MyEye [3] and
the Sound of Vision system introduced in [4]. These products have the ability to

7
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Vegetables

Figure 1: The primary contribution of this paper is a dataset of grocery items, for the purpose
of training a visual recognition system to aid visually impaired people. The dataset is organized
according to a hierarchical class structure, as illustrated above. A novel aspect of the dataset is that
each class, apart from the semantic label, also has a visual label in the form of an iconic image.

support people with visual impairments in many different situations, such as reading
text documents, describing the user’s environment and recognizing people the user
may know.

We here address a complementary scenario not handled by current systems on the
market: visual support when shopping for grocery items considering a large range of
eatable objects, including fruits, vegetables, milk, and juices. In the case of fruits and
vegetables, these are usually stacked in large bins in grocery stores as shown in Figure
2(a-f). A common problem in grocery stores is that similar items are often stacked
next to each other; therefore, items are often misplaced into neighboring bins. Figure
2a shows a mix of red and green apples, where it might be difficult for the system to
determine which kind of apple is the actual target. Humans can distinguish between
groceries without vision to some degree, e.g. by touching and smelling them, but it
requires prior knowledge about texture and fragrance of food items.

Moreover, in addition to raw grocery items, there are also items that can only
be differentiated with the help of visual information, e.g. milk, juice, and yogurt
cartons, see Figure 2(g-1). Such items usually have barcodes, that are readable using
the existing assistive devices described above. However, the barcodes are not easily
located by visually impaired persons. Thus, an assistive vision device that fully relies
on natural image understanding would be of significant added value for a visually
impaired person shopping in a grocery store.

Image recognition models used for this task typically require training images
collected in similar environments. However, current benchmark datasets, such as
ImageNet [5] and CIFAR-100 [6], do contain images of fruits and vegetables, but
are not suitable for this type of assistive application, since the target objects are
commonly not presented in this type of natural environments, with occlusion and
cluttered backgrounds. To address this issue, we present a novel dataset containing
natural images of various raw grocery items and refrigerated products, e.g. milk,
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juice, and yogurt, taken in grocery stores. As part of our dataset, we collect images
taken with single and multiple target objects, from various perspectives, and with
noisy backgrounds.

In computer vision, previous studies have shown that model performance can be
improved by extending the model to utilize other data sources, e.g. text, audio, in
various machine learning tasks [7-10]. Descriptions of images are rather common to
computer vision datasets, e.g. Flickr30k [11], whereas the datasets in [8,12] includes
both descriptions and a reference image with clean background to some objects.
Therefore, in addition to the natural images, we have collected iconic images with
a single object centered in the image (see Figure 3) and a corresponding product
description to each grocery item. In this work, we also demonstrate how we can
benefit from using additional information about the natural images by applying the
multi-view generative model.

To summarize, the contribution of this paper is a dataset of natural images of raw
and refrigerated grocery items, which could be used for evaluating and training image
recognition systems to assist visually impaired people in a grocery store. The dataset
labels have a hierarchical structure with both coarse- and fine-grained classes (see
Figure 1). Moreover, each class also has an iconic image and a product description,
which makes the dataset applicable to multimodal learning models. The dataset is
described in Section 3.

We provide multiple benchmark results using various deep neural networks, such
as Alexnet [13], VGG [14], DenseNet [15], as well as deep generative models, such as
VAE [16]. Furthermore, we adapt a multi-view VAE model to make use of the iconic
images for each class (Section 4), and show that it improves the classification accuracy
given the same model setting (Section 5). Last, we discuss possible future directions
for fully using the additional information provided with the dataset and adopt more
advanced machine learning methods, such as visual-semantic embeddings, to learn
efficient representations of the images.

2 Related Work

Many popular image datasets have been collected by downloading images from the
web [5,6,8,12,17-21]. If the dataset contains a large amount of images, it is convenient
to make use of crowdsourcing to get annotations for recognition tasks [5,6,22]. For
some datasets, the crowdsourcers are also asked to put bounding boxes around the
object to be labeled for object detection tasks [8,17,20]. In [18] and [6], the target
objects are usually centered and takes up most content of the image itself. Another
significant characteristic is that web images usually are biased in the sense that they
have been taken with the object focus in mind; they have good lighting settings
and are typically clean from occlusions, since the collectors have used general search
words for the object classes, e.g. car, horse, or apple.

Some datasets include additional information about the images beyond the sin-
gle class label, e.g. text descriptions of what is present in the image and bounding
boxes around objects. These datasets can be used in several different computer vi-
sion tasks, such as image classification, object detection, and image segmentation.
Structured labeling is another important property of a dataset, which provides flexi-
bility when classifying images. In [8,12], all of these features exist and moreover they



80 PAPER A. HIERARCHICAL GROCERY STORE IMAGE DATASET

(b) Golden Deli- (a) Royal Gala (b) Golden Deli- (c) Orange
cious cious
- ¢
(d) Aubergine (e) Onion (f) Zucchini

(g) Apple Juice (h) Milk Medium (i) Yoghurt Nat- (g) Apple Juice (h) Milk Medium (i) Yoghurt Nat-

Fat ural Fat ural
Figure 2: Examples of natural images in our Figure 3: Examples of iconic images down-
dataset, where each image have been taken in- loaded from a grocery shopping website, which
side a grocery store. Image examples of fruits, corresponds to the target items in the images
vegetables and refrigerated products are pre- in Figure 2.

sented in each row respectively.

include reference images to each object class, which in [12] is used for labeling mul-
tiple categories present in images, while in [8] these images are used for fine-grained
recognition. Our dataset includes a reference image, i.e. the iconic image, and a
product description for every class, and we have also labeled the grocery items in a
structured manner.

Other image datasets of fruits and vegetables for classification purposes are the
FIDS30 database [23] and the dataset in [24]. The images in FIDS30 were downloaded
from the web and contain background noise as well as single or multiple instances of
the object. In [24], all pixels belonging to the object are extracted from the original
image, such that all images have white backgrounds with the same brightness condi-
tion. There also exist datasets for detecting fruits in orchards for robotic harvesting
purposes, which are very challenging since the images contain plenty of background
and various lighting conditions, and the targeted fruits are often occluded or of the
same color as the background [25,26].

Another dataset that is highly relevant to our application need is presented in [27].
They collected a dataset for training and evaluating the image classifier by extracting
images from video recordings of 23 main classes, which are subdivided into 98 classes,
of raw grocery items (fruits and vegetables) in different grocery stores. Using this
dataset, a mobile application was developed to recognize food products in grocery
store environments, which provides the user with details and health recommendations
about the item along with other proposals of similar food items. For each class,
there exists a product description with nutrition values to assist the user in shopping
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scenarios. The main difference between this work and our dataset is firstly the clean
iconic images (visual labels) for each class in our dataset, and secondly that we have
also collected images of refrigerated items, such as dairy and juice containers, where
visual information is required to distinguish between the products.

3 Owur Dataset

We have collected images from fruit and 10
vegetable sections and refrigerated sections 120
with dairy and juice products in 18 differ-
ent grocery stores. The dataset consists of
5125 images from 81 fine-grained classes,
where the number of images in each class

range from 30 to 138. Figure 4 displays a 40 “““ “ ““““‘

100

80

60

Frequency

histogram over the number of images per
class. As illustrated in Figure 1, the class
structure is hierarchical, and there are 46 0 Label

coarse-grained classes. Figure 2 shows ex- Figure 4: Histogram over the number of
amples of the collected natural images. For images in each class in the dataset.

each fine-grained class, we have downloaded

an iconic image of the item and also a product description including origin country,
an appreciated weight and nutrient values of the item from a grocery store website.
Some examples of downloaded iconic images can be seen in Figure 3.

Our aim has been to collect the natural images under the same condition as they
would be as part of an assistive application on a mobile phone. All images have been
taken with a 16-megapixel Android smartphone camera from different distances and
angles. Occasionally, the images include other items in the background or even items
that have been misplaced in the wrong shelf along with the targeted item. It is
important that image classifiers that are used for assisting devices are capable of
performing well with such noise since these are typical settings in a grocery store
environments. The lighting conditions in the images can also vary depending on
where the items are located in the store. Sometimes the images are taken while the
photographer is holding the item in the hand. This is often the case for refrigerated
products since these containers are usually stacked compactly in the refrigerators.
For these images, we have consciously varied the position of the object, such that the
item is not always centered in the image or present in its entirety.

We also split the data into a training set and test set based on the application
need. Since the images have been taken in several different stores at specific days and
time stamps, parts of the data will have similar lighting conditions and backgrounds
for each photo occasion. To remove any such biasing correlations, all images of a
certain class taken at a certain store are assigned to either the test set or training
set. Moreover, we balance the class sizes to as large extent as possible in both the
training and test set. After the partitioning, the training and test set contains 2640
and 2485 images respectively. Predefining a training and test set also makes it easier
for other users to compare their results to the evaluations in this paper.

The task is to classify natural images using mobile devices to aid visually im-
paired people. The additional information such as the hierarchical structure of the

20
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class labels, iconic images, and product descriptions can be used to improve the
performance of the computer vision system. Every class label is associated with a
product description. Thus, the product description itself can be part of the output
for visually impaired persons as they may not be able to read what is printed on a
carton box or a label tag on a fruit bin in the store.

The dataset is intended for research purposes and we are open to contributions
with more images and new suitable classes. Our dataset is available at https:
//github.com/marcusklasson/GroceryStoreDataset. Detailed instructions on how to
contribute to the dataset can be found on our dataset webpage.

4 Classification Methods

We here describe the classification methods and approaches that we have used to
provide benchmark results to the dataset. We apply both deterministic deep neu-
ral networks as well as a deep generative model used for representation learning to
the natural images that we have collected. Furthermore, we utilize the additional
information — iconic images — from our dataset with a multi-view deep generative
model. This model can utilize different data sources and obtain superior represen-
tation quality as well as high interpretability. For a fair evaluation, we use a linear
classifier with the learned representation from the different methods.

Deep Neural Networks. CNNs have been the state-of-the-art models in im-
age classification ever since AlexNet [13] achieved the best classification accuracy
in ILSVRC in 2012. However, in general, computer vision models require lots of
labeled data to achieve satisfactory performance, which has resulted in interest for
adapting CNNs that have already been trained on a large amount of training data
to other image datasets. When adapting pretrained CNNs to new datasets, we can
either use it directly as a feature extractor, a.k.a use the off-the-shelf features, [28,29],
or fine-tune it [30-34]. Using off-the-shelf features, we need to specify which feature
representation we should extract from the network and use these for training a new
classifier. Fine-tuning a CNN involves adjusting the pretrained model parameters,
such that the network can e.g. classify images from a dataset different from what the
CNN was trained on before. We can either choose to fine-tune the whole network or
select some layer parameters to adjust while keeping the others fixed. One important
factor on deciding which approach to choose is the size of the new dataset and how
similar the new dataset is to the dataset which the CNN was previously trained on.
A rule of thumb here is that the closer the features are to the classification layer, the
features become more specific to the training data and task [33].

Using off-the-shelf CNN features and fine-tuned CNNs have been successfully ap-
plied in [28,29] and [30,31,34] respectively. In [28,29], it is shown that the pretrained
features have sufficient representational power to generalize well to other visual recog-
nition tasks with simple linear classifiers, such as Support Vector Machines (SVMs),
without fine-tuning the parameters of the CNN to the new task. In [30,34], all CNN
parameters are fine-tuned, whereas in [31] the pretrained CNN layer parameters are
kept fixed and only an adaptation layer of two fully connected layers are trained
on the new task. The results from these works motivate why we should evaluate
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our dataset on fine-tuned CNNs or linear classifiers trained on off-the-shelf feature
representations instead of training an image recognition model from scratch.

Variational Autoencoders with only natural images. Deep generative mod-
els, e.g. the variational autoencoder (VAE) [16, 35, 36], have become widely used
in the machine learning community thanks to their generative nature. We thus use
VAEs for representation learning as the second benchmarking method. For efficiency,
we use low-level pretrained features from a CNN as inputs to the VAE.

The latent representations from VAEs are encodings of the underlying factors for
how the data are generated. VAEs belongs to the family of latent variable models,
which commonly has the form pg(x,z) = p(z)pe(x|z), where p(z) is a prior distribu-
tion over the latent variables z and pg(x|z) is the likelihood over the data x given z.
The prior distribution is often assumed to be Gaussian, p(z) = N (z|0,I), whereas
the likelihood distribution depends on the values of x. The likelihood pg(x|z) is
referred to as a decoder represented as a neural network parameterized by 6. An en-
coder network g4(2z|x) parameterized by ¢ is introduced as an approximation of the
true posterior pg(z|x), which is intractable since it requires computing the integral
po(x) = [po(x,z)dz. When the prior distribution is a Gaussian, the approximate
posterior is also modeled as a Gaussian, gg(z|x) = N (z | u(x),0%(x) ®I), with some
mean u(x) and variance o?(x) computed by the encoder network. The goal is to
maximize the marginal log-likelihood by defining a lower bound using g4 (z|x):

log pe(x) > L(0, ¢;x) =Ky, (2/x) [log pe(x|z) ] 0

— Dr1(qe(2[%) || p(2)).
The last term is the Kullback-Leibler (KL) divergence of the approximate poste-
rior from the true posterior. The lower bound L is called the evidence lower bound
(ELBO) and can be optimized with stochastic gradient descent via backpropaga-
tion [16,37]. VAE is a probabilistic framework. Many extensions such as utilizing
structured priors [38] or using continual learning [39] have been explored. In the

following method, we describe how to make use of the iconic images while retaining
the unsupervised learning setting in VAEs.

Utilizing iconic images with multi-view VAEs. Utilizing extra information
has shown to be useful in many applications with various model designs [38,40-43].
For computer vision tasks, natural language is the most commonly used modality to
aid the visual representation learning. However, the consistency of the language and
visual embeddings has no guarantee. As an example with our dataset, the product
description of a Royal Gala apple explains the appearance of a red apple. But if
the description is represented with word embeddings, e.g. word2vec [44], the word
‘royal” will probably be more similar to the words ’king’ and ’queen’ than ’apple’.
Therefore, if available, additional visual information about objects might be more
beneficial for learning meaningful representations instead of text. In this work, with
our collected dataset, we propose to utilize the iconic images for the representation
learning of natural images using a multi-view VAE. Since the natural images can
include background noise and grocery items different from the targeted one, the role
of the iconic image will be to guide the model to which features that are of interest
in the natural image.
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Figure 5: The architectures for the classification methods described in Section 4. In this paper,
we use either a pretrained AlexNet, VGG16 or DenseNet-169 as the CNN feature extractor, but
it may be replaced with any CNN architecture. Note that the pretrained CNN can be fine-tuned.
The encoder and decoder of the VAE in 5b consist of two fully-connected layers. VAE-CCA in 5¢
uses the DCGAN architecture as an iconic image decoder and the same encoder and feature vector
decoder as the VAE.

The VAE can be extended to modeling multiple views of data, where a latent vari-
able z is assumed to have generated the views [40,42]. Considering two views x and
y, the joint distribution over the paired random variables (x, y) and latent variable
z can be written as pg(x,y,2) = p(2)pgm (X | z)pe (¥ | 2), where both pga) (x| 2)
and pge) (v |z) are represented as neural networks with parameters 0 and 6.
Assuming that the latent variable z can reconstruct both x and y when only x is
encoded into z by the encoder g4 (z|x), then the ELBO is written as

logpe(x,y) > L(0, ¢;%,y)
=Eq, (z1x) [10g pgr) (X|2) + log pec2 (¥]2) ] (2)

— Dk (g (2[%) || p(2)).
This model is referred to as variational autoencoder canonical correlation analysis
(VAE-CCA) and was introduced in [42]. The main motivation for using VAE-CCA
is that the latent representations need to contain information about reconstructing
both natural and iconic images. The main motivation for using VAE-CCA is that
the latent representation needs to preserve information about how both the natural
and iconic images are reconstructed. This also allows us to produce iconic images

from new natural images to enhance the interpretability of the latent representation
of VAE-CCA (see Section 5) [40].

5 Experimental Results
We apply the three different types of models described in Section 4 to our dataset

and evaluate their performance. The natural images are propagated through a CNN
pretrained on ImageNet to extract feature vectors. We experiment with both the off-
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Table 1: Fine-grained classification (81 classes) accuracies with the methods described in Section
5.1. Each row displays from which network architecture and layer that we extracted the feature
vectors of the natural images. The columns show the result from the classifiers that we used (see
Section 5.1).

SVM  SVM-ft VAE+SVM VAE+SVM-ft VAE-CCA+SVM VAE-CCA+SVM-ft

AlexNetg 69.2 72.6 65.6 70.7 67.8 71.5
AlexNetr 65.0 70.7 63.0 68.7 65.0 70.9
VGG16¢ 62.1 73.3 57.5 71.9 60.7 73.0
VGG167 57.3 L7 56.8 67.8 56.8 71.3
DenseNet-169  72.5 85.0 65.4 79.1 72.6 80.4

the-shelf features as well as fine-tuning the CNN. When using off-the-shelf features,
we simply extract feature vectors and train an SVM on those. For the fine-tuned
CNN, we report both results from the softmax classifier used in the actual fine-tuning
procedure and training an SVM with extracted fine-tuned feature vectors.

These extracted feature vectors are also used for VAE and VAE-CCA which
makes further compression. We perform classification for those VAE based models by
training a classifier, e.g. an SVM, on the data encoded into the latent representation.
We use this classification approach for both VAE and VAE-CCA. In all classification
experiments, except when we fine-tune the CNN, we use a linear SVM trained with
the one-vs-one approach as in [29].

We experiment with three different pretrained CNN architectures, namely AlexNet
[13], VGG16 [14] and DenseNet-169 [15]. For AlexNet and VGG16, we extract fea-
ture vectors of size 4096 from the two last fully connected (FC) layers before the
classification layer. The features from the n*® hidden layer are denoted as AlexNet,,
and VGG16,. As an example, the last hidden FC layer in AlexNet is denoted as
AlexNetr7, the input of which is output from AlexNetg. For DenseNet-169, we ex-
tract the features of size 1664 from the average pooling layer before its classification
layer.

5.1 Experimental Setups

The following setups were used in the experiments:

Setup 1. Train an SVM on extracted off-the-shelf features from a pretrained CNN,
which is denoted as SVM in the results. We also fine-tune the CNN by replacing
the final layer with a new softmax layer and denote these results as Fine-tune. We
denote training an SVM on extracted finetuned feature vectors as SVM-ft.

Setup 2. Extract feature vectors with a pretrained CNN of the natural images
and learn a latent representation z with a VAE. Then the data is encoded into the
latent space and we train an SVM with these latent representations, which used for
classification. We denote the results as VAE4+SVM when using off-the-shelf feature
vectors, whereas using the fine-tuned feature vectors are denoted as VAE+SVM-ft.
In all experiments with the VAE, we used the architecture from [45], i.e. the latent
layer having 200 hidden units and both encoder and decoder consisting of two FC
layers with 1,000 hidden units each.

Setup 3. Each natural image is paired with its corresponding iconic image. We
train VAE-CCA similarly as the VAE, but instead, we learn a joint latent repre-
sentation that is used to reconstruct the extracted feature vectors x and the iconic
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Table 2: Coarse-grained classification (46 classes) accuracies with Table 3: Fine-grained classi-

an SVM for the methods described in Section 5.1 that uses off- fication accuracies from fine-
the-shelf feature representations. Each row displays from net- tuned CNNs pretrained on
work architecture and layer that we extracted the feature vectors ImageNet, where the column
of the natural images and the columns show the result for the shows which architecture that
classification methods. has been fine-tuned. A stan-
SVM VAE+SVM _VAE-CCAtSVM dard softmax layer s used as
AlexNetg  78.0 74.2 76.4 ver
AlexNetr 75.4 73.2 74.4 Fine-tune
VGG16g 76.6 74.2 74.9 AlexNet 69.3
VGG167 72.8 71.7 72.3 VGG16 73.8
DenseNet-169  85.2 79.5 82.0 DenseNet-169 84.0

images y. The classification is performed with the same steps as in Setup 2 and
denotes the results similarly with VAE-CCA+SVM and VAE-CCA+SVM-ft. Our
VAE-CCA model takes the feature vectors x as input and encodes them into a latent
layer with 200 hidden units. The encoder and the feature vector decoder uses the
same architecture, i.e. two FC layers with 512 hidden units, whereas the iconic image
decoder uses the DCGAN [46] architecture.

Figure 5 displays the three experimental setups described above. We report both
fine-grained and coarse-grained classification results with an SVM in Table 1 and 2
respectively. In Table 3, we report the fine-grained classification results from fine-
tuned CNNs.

When fine-tuning the CNNs, we replace the final layer with a softmax layer appli-
cable to our dataset with randomly initialized weights drawn from a Gaussian with
zero mean and standard deviation 0.01 [34]. For AlexNet and VGG16, we fine-tune
the networks for 30 epochs with two different learning rates, 0.01 for the new clas-
sification layer and 0.001 for the pretrained layers. Both learning rates are reduced
by half after every fifth epoch. The DenseNet-169 is fine-tuned for 30 epochs with
momentum of 0.9 and an initial learning rate of 0.001, which decays with 1076 after
each epoch. We report the classification results from the softmax activation after
the fine-tuned classification layer. We also report classification results from an SVM
trained with feature representations from a fine-tuned CNN, which are extracted
from FC6 and FC7 of the AlexNet and VGG16 and from the last average pooling
layer in DenseNet-169.

The VAE and VAE-CCA models are trained for 50 epochs with Adam [47] for
optimizing the ELBOs in Equation 3 and 2 respectively. We use a constant learning
rate of 0.0001 and set the minibatch size to 64. The extracted feature vectors are
rescaled with standardization before training the VAE and VAE-CCA models to
stabilize the learning.

5.2 Results

The fine-grained classification results for all methods using an SVM as classifier are
shown in Table 1. We also provide coarse-grained classification results for some of
the methods in Table 2 to demonstrate the possibility of hierarchical evaluation that
our labeling of the data provides (see Figure 1). The accuracies in the coarse-grained
classification are naturally higher than the accuracies in the corresponding columns in
Table 1. Table 3 shows fine-grained classification accuracies from a softmax classifier
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(8) (h) (1) ) (k) O]
Figure 6: Examples of six natural images in the test set that have been decoded into product iconic
images by the iconic image decoder py(2) (¥ | z) using VAE-CCA model as in Figure 5c. This result
is obtained with the fine-tuned DenseNet-169 features, which corresponds to VAE-CCA+SVM-ft in
Table 1. We show the natural image and corresponding decoded iconic image next to each other.
The classes for all images are (a, b) Royal Gala Apple, (¢, d) Brown Cap Mushroom, (e, f) Oatly
Oatgurt, (g, h) Orange, (i, j) Onion, and (k, 1) Arla Natural Yogurt.

in the fine-tuned CNNs. We note that fine-tuning the networks gives consistently
better results than training an SVM on off-the-shelf features (see Table 1).

Fine-tuning the entire network results improves the classification performance
consistently for each method in Table 1. The performance is clearly enhanced for
features extracted from fine-tuned VGG16 and DenseNet-169, which improves the
classification accuracy by 10% in most cases for SVM-ft, VAE+SVM-ft, and VAE-
CCA+SVM-ft. For AlexNet and VGG16, we see that the performance drops when
extracting the features from layer FC7 instead of FC6. The reason might be that
the off-the-shelf features in FC7 are more difficult to transfer to other datasets since
the weights are biased towards classifying objects in the ImageNet database. The
performance drops also when we use fine-tuned features, which could be due to the
small learning rate we use for the pretrained layers, such that the later layers are still
ImageNet-specific. We might circumvent this drop by increasing the learning rate
for the later pretrained layers and keeping the learning rate for earlier layers small.

The VAE-CCA model achieves mostly higher classification accuracies than the
VAE model in both Table 1 and 2. This indicates that the latent representation
separates the classes more distinctly than the VAE by jointly learning to reconstruct
the extracted feature vectors and iconic images. However, further compressing the
feature vectors with VAE and VAE-CCA will lower the classification accuracy com-
pared to applying the feature vectors to a classifier directly. Since both VAE and
VAE-CCA compresses the feature vectors into the latent representation, there is a
risk of losing information about the natural images. We might receive better per-
formance by increasing the dimension of the latent representation at the expense of
speed in both training and classification.

In Figure 6, we show results from the iconic image decoder pgc2)(y|z) when
translating natural images from the test set into iconic images with VAE-CCA and
a fine-tuned DenseNet-169 as feature extractor. Such visualization can demonstrate
the quality of the representation using the model, as well as enhancing the inter-
pretability of the method. Using VAE-CCA in the proposed manner, we see that
with challenging natural images, the model is still able to learn an effective represen-
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tation which can be decoded to the correct iconic image. For example, some pears
have been misplaced in the bin for Royal Gala apples in Figure 6a, but still the image
decoder manages to decode a blurry red apple seen in Figure 6b. In Figure 6h, a
mix of an orange and an apple are decoded from a bin of oranges in Figure 6g, which
indicates these fruits are encoded close to each other in the learned latent space.
Even if Figure 6e includes much of the background, the iconic image decoder is still
able to reconstruct the iconic images accurately in Figure 6f, which illustrates that
the latent representation is able to explain away irrelevant information in the natural
image and preserved the features of the oatgurt package. Thus, using VAE-CCA
with iconic images as the second view not only advances the classification accuracy
but also provides us with the means to understand the model.

6 Conclusions

This paper presents a dataset of images of various raw and packaged grocery items,
such as fruits, vegetables, and dairy and juice products. We have used a structured
labeling of the items, such that grocery items can be grouped into more general
(coarse-grained) classes and also divided into fine-grained classes. For each class,
we have a clean iconic image and a text description of the item, which can be used
for adding visual and semantic information about the items in the modeling. The
intended use of this dataset is to train and benchmark assistive systems for visually
impaired people when they shop in a grocery store. Such a system would complement
existing visual assistive technology, which is confined to grocery items with barcodes.
We also present preliminary benchmark results for the dataset on the task of image
classification.

We make the dataset publicly available for research purposes at https://github.com/
marcusklasson/GroceryStoreDataset. Additionally, we will both continue collecting
natural images, as well as ask for public contributions of natural images in shopping
scenarios to enlarge our dataset.

For future research, we will advance our model design to utilize the structured
nature of our labels. Additionally, we will design a model that use the product
description of the objects in addition to the iconic images. One immediate next step
is to extend the current VAE-CCA model to three views, where the third view is the
description of the product.
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Abstract

An essential task for computer vision-based assistive technologies is to help
visually impaired people to recognize objects in constrained environments, for
instance, recognizing food items in grocery stores. In this paper, we introduce a
novel dataset with natural images of groceries — fruits, vegetables, and packaged
products — where all images have been taken inside grocery stores to resemble
a shopping scenario. Additionally, we download iconic images and text de-
scriptions for each item that can be utilized for better representation learning
of groceries. We select a multi-view generative model, which can combine the
different item information into lower-dimensional representations. The experi-
ments show that utilizing the additional information yields higher accuracies on
classifying grocery items over only using the natural images. We observe that
iconic images help to construct representations separated by visual differences
of the items, while text descriptions enable the model to distinguish between
visually similar items by different ingredients.

1 Introduction

In recent years, computer vision-based assistive technologies have been developed for
supporting people with visual impairments. Such technologies exist in the form of
mobile applications, e.g., Microsoft’s Seeing AT [1] and Aipoly Vision [2], and as wear-
able artificial vision devices, e.g., Orcam MyEye [3], Transsense [4], and the Sound
of Vision system [5]. These products can support people with visual impairments
in many different situations, such as reading text documents, describing the user’s
environment, and recognizing people the user may know. In this paper, we focus
on an application that is essential for assistive vision, namely visual support when
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Figure 1: Examples of natural images in our Figure 2: Examples of iconic images down-
dataset, where each image has been taken in- loaded from a grocery shopping website, which
side a grocery store. Image examples of fruits, corresponds to the target items in the images

vegetables, and refrigerated products are pre- in Figure 1.
sented in each row respectively.

shopping for grocery items considering a large range of eatable objects, including
fruits, vegetables, and refrigerated products, e.g., milk and juice packages.

Grocery shopping with low vision capabilities can be difficult for various reasons.
For example, in grocery store sections for raw groceries, the items are often stacked in
large bins as shown in Figure 1(a-f). Additionally, similar items are usually stacked
next to each other, and therefore, items are can be misplaced into neighboring bins.
Humans can distinguish between groceries without vision to some degree, e.g., by
touch and smell, but it requires prior knowledge about texture and fragrance of
food items. Furthermore, packaged items, e.g., milk, juice, and yoghurt cartons, can
only be differentiated with the help of visual information (see Figure 1(g-i)). Such
items usually have barcodes, that are readable using the existing assistive vision
devices described above. Even if using a barcode detector is a clever solution, it
can be inconvenient and exhausting always having to detect barcodes of packaged
items. Therefore, an assistive vision device that relies on natural images would be of
significant value for a visually impaired person in a grocery store.

For an image classification model to be capable of recognizing grocery items in
the setting of grocery shopping, we need image data from grocery store environments.
In our previous work [6], we addressed this by collecting a novel dataset containing
natural images of various raw grocery items and refrigerated products, where all
images have been taken with a smartphone camera inside grocery stores to simulate
a realistic shopping scenario. In addition to the natural images, we also looked upon
alternative types of grocery item data that could facilitate the classification task.
Grocery store chains commonly maintain websites where they store information about
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the grocery items they sell and are currently available in the store for online grocery
shopping. For every item, there is usually an iconic image of the item with white
background, a text description about the item, and also information about nutrition
values, origin country, etc. We downloaded such information from an online grocery
shopping website to complement the natural images in the dataset.

To utilize the available information from the dataset for grocery item classifica-
tion, we use a multi-view generative model Variational Canonical Correlation Anal-
ysis (VCCA) [7] that learns a shared representation of the natural images and the
downloaded information. A view can be defined as any signal or data measured by
some appropriate sensor and combining information from multiple views has previ-
ously been shown to be helpful for various image classification tasks [8-15]. However,
naively adding more additional information may not lead to improved results and
even harm the performance of the model [16,17]. We, therefore, perform an ablation
study over the available views in the dataset with VCCA to gain insights into how
each view can affect the classification performance. Moreover, VCCA allows sepa-
rating the latent space into shared and private components, where the private latent
spaces should hold information about a single view. This might prove useful for
reducing view-specific noise in the shared latent space, which can ease the learning
process of the representations we want to use for classification. We investigate the
effects each view has on the learned representations of VCCA by measuring classi-
fication performances as well as visualizing the latent space for the different model
settings. The contributions of this paper are the following:

e We present a novel dataset with natural images of grocery items as well as iconic
images and text descriptions for every item class (see Section 2.1) [6]. The natural
images are taken in grocery stores in different lighting conditions and backgrounds
that can be challenging settings for a computer vision-based assistive device. The
additional iconic images and text descriptions make the dataset suitable for multi-
view learning by combining the natural images with the extra information to obtain
better classification performance.

e We investigate how to use information from different views for the task of grocery
item classification with the deep generative model VCCA (see Section 4.2). This
model combines information from multiple views into a low-dimensional latent rep-
resentation that can be used for classification. We also select a variant of VCCA
denoted VCCA-private that separates shared and private information about each
view through factorization of the latent representation (see subsection Extracting
Private Information of Views with VCCA-private in Experimental Procedures).
Furthermore, we use a standard multi-view autoencoder model called Split Au-
toencoder (SplitAE) [17,18] for benchmarking against VCCA and VCCA-private
on classification.

e We conduct experiments with SplitAE, VCCA, and VCCA-private on the task
of grocery item classification with our dataset (Results). We perform a thorough
ablation study over all views in the dataset to demonstrate how each view con-
tributes to enhancing the classification performance and conclude that utilizing the
web-scraped views yields better classification results than only using the natural
images (see subsection Classification Results in Results). To gain further insights
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into the results, we visualize the learned latent representations of the VCCA mod-
els and discuss how the iconic images and textual descriptions impose different
structures on the latent space that are beneficial for classification (see subsection
Investigation of the Learned Representations in Results).

This work is an extended version of Klasson et al. [6], where we first presented this
dataset. In this paper, we have added a validation set of natural images from two
stores that were not present in the training and test set splits from [6] to avoid over-
fitting effects. We also demonstrate how the text descriptions can be utilized alone
and along with the iconic images in a multi-view setting, while [6] only experimented
with the combination of natural and iconic images to build better representations
of grocery items. Finally, we decode iconic images from unseen natural images as
an alternative to evaluate the usefulness of the latent representations (see subsection
Decoding Iconic Images from Unseen Natural Images in Results). As we only evalu-
ated the decoded iconic images qualitatively in Klasson et al. [6], we have extended
the assessment by comparing the quality of the decoded images from different VCCA
models with multiple image similarity metrics.

Next, we discuss image datasets, food datasets, and multi-view models related to
our work:

Image Datasets Many image datasets used in computer vision have been collected
by downloading images from the web [19-30]. Some datasets [19, 22,24, 26, 28] use
search words with the object category in isolation, which typically returns high-
quality images where the searched object is large and centered. To collect images from
more real-world scenarios, searching for combinations of object categories usually
returns images of two searched categories but also numerous other categories [25,
30]. The simplest annotation of these images is to provide a class label for the
present objects. Occasionally, the dataset can use a hierarchical labeling structure
and provide a fine- and coarse-grained label to objects where it is applicable. The
annotators can also be asked to increase the possible level of supervision for the
objects by, for instance, providing bounding boxes, segmentation masks, keypoints,
text captions that describe the scene, and reference images of the objects [21,23,25,
26,28, 30]. Our dataset includes reference (iconic) images of the objects that were
web-scraped from a grocery store website. We also downloaded text descriptions that
describe general attributes of the grocery items, such as flavor and texture, rather
than the whole visual scene. The grocery items have also been labeled hierarchically
in a fine- and coarse-grained manner if there exist multiple variants of specific items.
For example, fine-grained classes of apples such as Golden Delicious or Royal Gala
belongs to the coarse-grained class apple.

Food Datasets Recognizing grocery items in their natural environments, such
as grocery stores, shelves, and kitchens, have been addressed in plenty of previous
works [6,31-41]. The addressed tasks range from hierarchical classification, object
detection, segmentation, and 3D model generation. Most of these works collect a
dataset that resembles shopping or cooking scenarios, where the datasets vary in the
degree of labeling, different camera views, and the data domain difference between
the training and test set. The training sets in GroZi-120 [36], Grocery Products [32],
and CAPG-GP [31] datasets were obtained by web-scraping product images of single
instances on grocery web stores, while the test sets were collected in grocery stores
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where there can be single and multiple instances of the same item and other different
items. The RPC [39] and TGFS [41] datasets are used for object detection and clas-
sification of grocery products, where RPC is targeted for automatic checkout systems
and TGFS is for the task of recognizing items purchased from self-service vending
machines. The BigBIRD [37] dataset and datasets from [33,35] contain images of
grocery items from multiple camera views, segmentation masks, and depth maps for
3D reconstruction of various items. The Freiburg Groceries [34] dataset contains
images taken with smartphone cameras of items inside grocery stores, while its test
set consists of smartphone photos in home environments with single or multiple in-
stances from different kinds of items. The dataset presented in [38] also contains
images taken with smartphone cameras inside grocery stores to develop a mobile ap-
plication for recognizing raw food items and provide details about the item, such as
nutrition values and recommendations of similar items. Other works that collected
datasets of raw food items, such as fruits and vegetables, focused on the standard
image classification task [42,43] and on detecting fruits in orchards for robotic har-
vesting [44,45]. Our dataset — the Grocery Store dataset — shares many similarities
with the mentioned works above, for instance, that all images of groceries are taken
in their natural environment, the hierarchical labeling of the classes, and the iconic
product images for each item in the dataset. Additionally, we have provided a text
description for each item that was web-scraped along with the iconic image. As most
grocery item datasets only include packaged products, we have also collected images
of different fruit and vegetable classes along with packages in our dataset.

Other examples of food datasets are those with images of food dishes, where [46]
provides a summary of existing benchmark food datasets. The contents of these
datasets range from images of food dishes [47-50], cooking videos [51], recipes [52—
54], and also restaurant-oriented information [55,56]. One major difference between
recognizing groceries and food dishes is the appearance of the object categories in
the images. For instance, a fruit or vegetable is usually intact and present in the
image, while ingredients that are significant for recognizing a food dish may not be
visible at all depending on the recipe. However, recognizing raw food items and
dishes share similarities since they can appear with many different visual features
in the images compared to packaged groceries, e.g., carton boxes, cans, and bottles,
where the object classes have identical shape and texture. Another key difference
is the natural environments and scenes where the images of grocery items and food
dishes have been taken. Food dish images usually show the food on a plate placed on
a table and, occasionally, with cutlery and a glass next to the plate. Images taken in
grocery stores can cover many instances of the same item stacked close to each other
in shelves, baskets, and refrigerators, while there can be multiple different kinds
of items next to each other in a kitchen environment. To summarize, recognizing
grocery items and food dishes are both challenging tasks because examples from the
same category can look very different and also appear in various realistic settings in
images.

Multi-View Learning Models There exist lots of multi-view learning approaches
for data fusion of multiple features [7,9,10,17,57-70]. A common approach is to ob-
tain a shared latent space for all views with the assumption that each view has
been generated from this shared space [68]. A popular example of this is approach
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is Canonical Correlation Analysis (CCA) [71], which aims to project two sets of
variables (views) into a lower-dimensional space so that the correlation between the
projections is maximized. Similar methods propose maximizing other alignment ob-
jectives for embedding the views, such as ranking losses [9, 10,59, 67]. There exist
nonlinear extensions of CCA, e.g., Kernel CCA [72] and Deep CCA [73], that opti-
mize their nonlinear feature mappings based on the CCA objective. Deep Canonically
Correlated Autoencoders (DCCAE) [18] is a Deep CCA model with an autoencod-
ing part, which aims to maximize the canonical correlation between the extracted
features as well as reconstructing the input data. Removing the CCA objective re-
duces DCCAE to a standard multi-view autoencoder, e.g., Bimodal Autoencoders
and Split Autoencoders (SplitAEs) [17,18], that only aim to learn a representation
that best reconstructs the input data. SplitAEs aim to reconstruct two views from a
representation encoded from one of the views. This approach was empirically shown
to work better than Bimodal Autoencoders in [17] in situations where only a single
view is present at both training and test time.

Variational CCA (VCCA) [7] can be seen as an extension of CCA to deep genera-
tive models, but can also be described as a probabilistic version of SplitAEs. VCCA
uses the amortized inference procedure from Variational Autoencoders (VAEs) [74,75]
to learn the shared latent space by maximizing a lower bound on the data log-
likelihood of the views. Succeeding works have proposed new learning objectives and
inference methods for enabling conditional generation of views, e.g., generating an
image conditioned on some text and vice versa [58,62,63,65,66]. These approaches
rely on fusing the views into the shared latent space as the inference procedure,
which often requires tailored training and testing paradigms when views are missing.
However, adding information from multiple views may not lead to improved results
and can even make the model perform worse on the targeted task [16,17]. This is
especially the case when views have noisy observations, which complicates learning
a shared latent space that combines the commonalities between the views. To avoid
disturbing the shared latent space with noise from single views, some works design
models which extend the shared latent space with private latent spaces for each view
that should contain the view-specific variations to make learning the shared variations
easier [7,61,64,69,76]. VCCA can be extended to extract shared and private infor-
mation between different views through factorization of the latent space into shared
and private parts. In this paper, we investigate if the classification performance
of grocery items in natural images can be improved by extracting the view-specific
variations in the additional views (iconic images and product descriptions) from the
shared latent space with this variant of VCCA called VCCA-private. We will ex-
periment with treating each data point as pairs of natural images and either iconic
images or text descriptions as well as triplets of natural images, iconic images, and
text descriptions. A difference between how we apply VCCA to our dataset com-
pared to the works above is that the iconic image and text description are the same
for every natural image of a specific class.

2 Results

In this section, we begin by providing the details about the collected dataset, which
we have named the Grocery Store dataset. Furthermore, we illustrate the utility of
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Figure 3: Illustration of the hierarchical class structure of the dataset. First, the classes are divided
by their grocery item type, i.e., Fruits, Vegetables, and Packages, followed by a separating the items
into coarse-grained classes, e.g., Apple, Carrot, and Milk, and then into fine-grained classes. There
are 81 fine-grained classes in total and 46 coarse-grained classes. The figure also shows the iconic
image and text description of the items next to the class label.
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the additional information in the Grocery Store dataset to classify grocery items in
the experiments. We compare SplitAE, VCCA, and VCCA-private with different
combinations of views against two standard image classifiers. Additionally, we ex-
periment with a vanilla autoencoder (denoted as AE) and a VAE that post-processes
the natural image features to train a linear classifier cheaper and compare the per-
formance against the multi-view models. We measure the classification performance
on the test set for every model and also compare the classification accuracies when
the number of words in the text description varies for the models concerned (see
subsection Classification Results in Results). To gain insights on how the additional
views affect the learned representations, we visualize the latent spaces of VCCA and
VCCA-private with PCA and discuss how different views changes the structure of the
latent space (see subsection Investigation of the Learned Representations in Results).
Finally, we show how iconic images can be used for enhancing the interpretability
of the classification (see subsection Decoding Iconic Images from Unseen Natural
Images in Results), which was also illustrated by Klasson et al. [6].

2.1 The Grocery Store Dataset

In Klasson et al. [6], we collected images from fruit, vegetable, and refrigerated
sections with dairy and juice products in 20 different grocery stores. The dataset
consists of 5421 images from 81 different classes. For each class, we have downloaded
an iconic image of the item, a text description, and information including origin
country, appreciated weight and nutrient values of the item from a grocery store
website. Some examples of natural images and downloaded iconic images can be
seen in Figure 1 and 2 respectively. Furthermore, Table 4 displays a selection of
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text descriptions with their corresponding iconic image. The text description length
varies between 6 and 91 words with an average of 36 words. We also structure
that classes hierarchically with three levels as illustrated in Figure 3. The first
level divides the items into three categories; Fruits, Vegetables, and Packages. The
next level consists of 46 coarse-grained classes which divides the items into groups
contain groups of items types, e.g., Apple, Carrot, Milk. The bottom level consists
of the 81 fine-grained classes, where the items are completely separated. Note that
a coarse-grained class without any fine-grained classes in the dataset, e.g., Banana
and Carrot, is considered as a fine-grained class in the classification experiments (see
subsection Classification Results in Results), where we report both fine-grained and
coarse-grained classification performance of the models.

We aimed to collect the natural images under similar conditions as if they would
be taken with an assistive mobile application. All images have been taken with a
16-megapixel Android smartphone camera from different distances and angles. Oc-
casionally, the images include other items in the background or even items that have
been misplaced in incorrect shelves along with the targeted item. The lighting con-
ditions in the images can also vary depending on where the items are located in the
store. Sometimes the images are taken while the photographer is holding the item
in the hand. This is often the case for refrigerated products since these containers
are usually stacked compactly in the refrigerators. For these images, we have con-
sciously varied the position of the object, such that the item is not always centered
in the image or present in its entirety. We split the natural images into a training
set and test set based on the application need. Since the images have been taken
in several different stores at specific days and time stamps, parts of the data will
have similar lighting conditions and backgrounds for each photo occasion. To re-
move any such biasing correlations, all images of a certain class taken at a certain
store are assigned to either the training set, validation set, or test set. In the first
version of the dataset [6], we balanced the class sizes to a large extent as possible in
both the training and test set, which resulted in a training and test set containing
2640 and 2485 images respectively. In this paper, we have extended the dataset with
a validation set containing 296 images taken with the same smartphone camera as
before. The validation set was collected from two different grocery stores than the
ones in the first version to avoid the biasing correlations described above. Initially,
we experimented with grabbing a validation set from the current training set and
noticed that the trained classifiers performed exceptionally well on the validation
set. However, the classifiers generalized poorly to images from the test set that were
taken in other stores and therefore decided to collect the validation set in two unseen
stores to avoid the biases from the training set. We show histograms representing
the class distributions for the training, validation, and test splits in Figure 11.

The scenario that we wanted to depict with the dataset was using a mobile de-
vice to classify natural images visually impaired people with grocery shopping. The
additional information such as the iconic images, text descriptions, and hierarchical
structure of the class labels can be used to enhance the performance of the computer
vision system. Since every class label is associated with a text description, the de-
scription itself can be part of the output for visually impaired persons as they may
not be able to read what is printed on a carton box or a label tag on a fruit bin in
the store.
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2.2 Models

In this section, we briefly describe the models that we apply to grocery classification.
The notation of the views that are available in the Grocery Store dataset are the
following:

e z: Natural image encoded into image feature space with an off-the-shelf con-
volutional neural network.

e i: Iconic image of the object class in the natural image.

e w: Text description of the object class in the natural image.

e y: Class label of the natural image.

We mainly focus on analyzing VCCA [7] for utilizing different combinations of the
views and investigate how each view contributes to the classification performance
of grocery items. Our primary baseline model is the SplitAE which extracts shared
representations by reconstructing all views, while VCCA aims to maximize a lower
bound on the data log-likelihood for all views. We also study a variant of VCCA
called VCCA-private [7], which is used for extracting private information about each
view in addition to shared information across all views by factorizing the latent space.

We compare the multi-view models against single-view methods only using the
natural images for classification. As our first single-view baseline, we customize the
output layer of DenseNet169 [77] to the Grocery Store dataset and train it from
scratch to classify the natural images, which we refer to as DenseNet-scratch in the
experiments. The second baseline called Softmax is a Softmax classifier trained on
the off-the-shelf features from DenseNet169 pre-trained on the ImageNet dataset [19],
where we extract 1664-dimensional from the average pooling layer before the clas-
sification layer in the architecture. We also experiment with AEs and VAEs for
post-processing the off-the-shelf features and use a linear classifier to evaluate the
models on classification. See Section 4.2 for a thorough description of the single- and
multi-view autoencoders used in this paper. We name the single- and multi-view
autoencoders using subscripts to denote the views utilized for learning the shared
latent representations. For example, VCCA,; utilizes natural image features x and
iconic images ¢, while VCCA,;,, uses natural image features « and iconic images 7,
text descriptions w, and class labels y.

2.3 Classification Results

We evaluated the classification accuracy on the test set for each model. We also
calculate the accuracy for the coarse-grained classes with the following method: Let
the input 2 have a fine-grained class ygfq) and a coarse-grained class yg;. Each
ﬁne—gr_ained class can be mapped to its corresponding coarse-grained class using
Pa(ygfg)) = ygq), where Pa(-) stands for ”parent”. Then we compute the coarse-
grained accuracy using
1 & :
coarse accuracy = — Z [Pa(gj%) = yglg)} , "
i=1

iy = argmaxp(yle),
Y
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Table 1: Classification accuracies on the test set for all models in percentage (%) along for each
model. The subscript letters in the model names indicate the data views used in the model. The
column Accuracy corresponds to the fine-grained classification accuracy. The column Coarse Ac-
curacy corresponds to the classifying a class within the correct parent class. Results are averaged
using 10 different random seeds and we report both means and standard deviations. Abbreviations:
AE, Autoencoder; VAE, Variational Autoencoder; SplitAE, Split Autoencoder; VCCA, Variational
Canonical Correlation Analysis.

Model Accuracy (%) Coarse Accuracy (%)
DenseNet-scratch 67.33 + 1.35 75.67 £+ 1.15
Softmax 71.67 £ 0.28 83.34 £ 0.32
AE,+Softmax 70.69 + 0.82 82.42 + 0.58
VAE, +Softmax 69.20 + 0.46 81.24 £+ 0.63
SplitAE,, 70.34 £+ 0.56 82.11 £0.38
VCCA,, 70.72 £ 0.56 82.12 + 0.61
SplitAE,;+Softmax 77.68 £+ 0.69 87.09 £0.53
VCCA;+Softmax 77.02 £ 0.51 86.46 £ 0.42
VCCA-private,;+Softmax 73.04 £+ 0.56 84.16 £ 0.51
SplitAE;, 77.43 £ 0.80 87.14 £+ 0.57
VCCA,4y 77.22 £ 0.55 86.54 + 0.51
VCCA-privateg;, 74.04 £+ 0.83 84.59 £+ 0.83
SplitAE,.,+Softmax 76.27 4+ 0.66 86.45 £+ 0.56
VCCA,,,+Softmax 75.37 £ 0.46 86.00 £ 0.32
VCCA-private,,,+Softmax  75.11 £ 0.81 85.91 £ 0.55
SplitAEzwy 75.78 £ 0.84 86.13 & 0.63
VCCA .y 74.72 + 0.85 85.59 £ 0.78
VCCA-private,y 74.92 £ 0.74 85.59 + 0.67
SplitAE, ., +Softmax 77.79 +£0.48 87.12 £ 0.62
VCCA ;i +Softmax 77.51 &+ 0.51 86.69 + 0.41
SPlitAE iy 78.18 £ 0.53 87.26 £ 0.46
VCCA iy 77.78 £0.45 86.88 £+ 0.47

(@)

where Pa@}zg)) =y ] = 1 when the condition is true and yAgfq) is the predicted fine-
grained class from the selected classifier. The classification results for all models are
shown in Table 1. We group the results in the table according to the utilized views
and classifier. We see that Softmax trained on off-the-shelf features outperforms
DenseNet-scratch by 4%. This result is common when applying deep learning to
small image datasets, where pre-trained deep networks are transferred to a new
dataset usually performs well compared to training neural networks on the dataset
from scratch. Therefore, we present results using the off-the-shelf features for all

other models.

The SplitAE and VCCA models surpass the Softmax baseline in classification per-
formance when incorporating either the iconic image or text description view. We
believe that the models using the iconic images achieve better classification accuracy
over models using the text description because the iconic images contain visual fea-
tures, e.g., color and shape of items, that are more useful for the image classification
task. The text descriptions include more often information about the flavor, origin,
and cooking details rather than describing visual features of the item, which can be
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Figure 4: Visualizations of the latent representations of the test set from SplitAEg;,, and
VCCAiwy.- We plot the corresponding iconic image to each latent representation in Figure 4a
and 4b. In Figure 4c and 4d, we plot the bell pepper representations according to the color of the
class, while the blue points correspond to the other grocery items. Abbreviations: SplitAE, Split
Autoencoder; VCCA, Variational Canonical Correlation Analysis.

less informative when classifying items from images. In most cases, the corresponding
SplitAE and VCCA models perform on par for classification performance. However,
VCCA-private with iconic images results in a significant drop in accuracy compared
to its counterpart. We observed that the private latent variable simply models noise
since there is only a single iconic image (and text description) for each class. We
provide a further explanation of this phenomenon in Section 2.4.

We observe that VCCA models compete with their corresponding SplitAE models
in the classification task. The main difference between these models is the Kullback-
Leibler (KL) divergence [78] term in the ELBO that encourages a smooth latent
space for VCCA (see Section 4). In contrast, SplitAE learns a latent space that best
reconstructs the input data, which can result in parts of the space that does not
represent the observed data. We showcase these differences by plotting the latent
representations of SplitAE .,y and VCCAz;,y using PCA in Figure 4. In Figure 4a
and 4b, we have plotted the corresponding iconic image for the latent representations.
We observe that VCCAgy tries to establish a smooth latent space by pushing
visually similar items closer to each other, but at the same time prevent spreading
out the representations too far from the origin. Figure 4c and 4d shows the positions
of the bell peppers items in the latent spaces, where the color of the point corresponds
to the specific bell pepper class. In Figure 4c, we observe that SplitAE;.,, has spread
out the bell peppers across the space, while VCCA ;. establishes shorter distances
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Figure 5: Test accuracy over the text description length T for all SplitAE, VCCA, and VCCA-
private models using the text description. We show the accuracy for the models trained with
T =6,8,16,24, 32, 36,40, 50,75, and 91 words. The results have been averaged for 10 different seeds
and the error bars show the standard deviations for every setting of 7. Abbreviations: SplitAE,
Split Autoencoder; VCCA, Variational Canonical Correlation Analysis.

between them in Figure 4d due to the regularization.

We evaluated the classification performance achieved by each SplitAE, VCCA,
and VCCA-private model using the text descriptions with different description lengths
T. Figure 5 shows the fine-grained classification accuracies for the concerned models.
For models using only the text descriptions, the classification accuracies increase as
T increases in most cases. Setting 7' > 32 results in good classification performance,
potentially since the models have learned to separate the grocery items based on
that the text descriptions have become more dissimilar and unique. The classifi-
cation accuracies are mostly stable as T varies for the models with the additional
iconic images. Since including iconic images significantly increases the classification
performance over models only using text descriptions, we conclude that the iconic
images are more helpful when we want to classify the grocery items from natural
images.

2.4 Investigation of the Learned Representations

To gain insights about the effects that each view has on the classification performance,
we visualize the latent space by plotting the latent representations using PCA. Uti-
lizing the additional views showed to have similar effects on the structure of the
latent spaces from SplitAE and VCCA. Since our main interest lies in representation
learning with variational methods, we focus on studying the latent representations
of VCCA and VCCA-private. Firstly, we use PCA to visualize the latent represen-
tations in 2D and plot the corresponding iconic images of the representations (see
Figure 6). Secondly, to illustrate the effects that the iconic images and text descrip-
tions have on the learned latent space, we focus on two cases of grocery items where
one of the views helps to separate two different types of classes and the other one
does not (see Figure 7 and 8). Finally, we look into the shared and private latent
spaces learned by VCCA-private,,, and observe that variations in image backgrounds
and structures of text sentences have been separated from the shared representations
into the private ones.
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Figure 6: Visualizations of the latent representations from the test set, where we plot the iconic
image of the corresponding object classes. We also plot the PCA projection of the natural image
features from the off-the-shelf DenseNet169 in Figure 6a. All models have been initialized with the
same random seed before training.

In Figure 6, we show the latent representations for the VCCA models that were
used in Table 1 (see subsection Classification Results in Results). We also plot the
PCA projections of the natural image features from the off-the-shelf DenseNet169
in Figure 6a as a baseline. Figure 6b and 6c shows the latent space learned by n
VAE, and VCCA,,, which are similar to the DenseNet169 feature space since these
models are performing compression of the natural image features into the learned
latent space. We observe that these models have divided packages and raw food
items into two separate clusters. However, the fruits and vegetables are scattered
across their cluster and the packages have been grouped close to each other despite
having different colors, e.g., black and white, on the cartons.

The structure of the latent spaces becomes distinctly different for the VCCA
models that use either iconic images or text descriptions as an additional view and
we can observe the different structures that the views bring to the learned latent
space. In Figure 6d and 6g, we see that visually similar objects, in terms of color
and shape, have moved closer together by utilizing iconic images in VCCA,; and
VCCA;;y. When using text descriptions in VCCA,, and VCCA 4, we also observe
in the fruit and vegetable cluster that the items are more grouped based on their
color in Figure 6e and 6h. Figure 6f and 6i shows the latent spaces in VCCA;,,
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Figure 7: Visualizations of the latent representations u, of the red and green apples in the Grocery
Store dataset. The red points correspond to the red apple classes, while the green points correspond
to the green apple. The blue points correspond to the other grocery items.

and VCCA,;,, respectively. These latent spaces are similar to the ones learned by
VCCA;; and VCCA,;y in the sense that these latent spaces also group items based
on their color and shape. We believe that this structure imposed by the iconic images
could be softened by reducing the scaling weight \;, which potentially could reduce
the classification accuracy as a consequence. The difference between the latent spaces
is not evident comparing the models using the class label.

Red and Green Apples To showcase how the iconic images help to learn good
representations, we consider all of the apple classes in the dataset, namely the red
apples Pink Lady, Red Delicious and Royal Gala, and also the green apples Golden
Delicious and Granny Smith. In Figure 7, we group the red apple classes and visualize
their latent representations by red points. The green apples are grouped similarly and
we visualize their latent representations with green points. Latent representations
of all other grocery items are visualized as blue points. The models using iconic
images as one view in Figure 7a, 7d, 7c, and 7f have managed to separate the red
and green apples based on their color differences. The models using text description
have instead moved the apples closer together in one part of the latent space, possibly
because of their similarities mentioned in the description.

Juice and Yoghurt Packages To illustrate how the text descriptions can establish
more useful latent representations, we consider a selection of juice and yoghurt classes.
These packaged items have similar shapes and colors, which makes it difficult for a
classifier to distinguish their content differences using only visual input. In Figure
8, we visualize the latent representations of the juice and yoghurt packages using
yellow and green points respectively. We observe that only VCCA,,, and VCCA
manages to separate the packages in Figure 8b and 8e due to their different text
descriptions. Since the iconic images of the packages are visually similar, adding this
information is insufficient for separating these packages in the latent space. This
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Figure 8: Visualizations of the latent representations p, of a selection of juice packages and yoghurt
packages in the Grocery Store dataset. The yellow and green points correspond to the juice and
yoghurt packages respectively. The blue points correspond to the other grocery items.

indicates that we gain different benefits from the iconic images and text descriptions
when it comes to classifying grocery items.

Latent Spaces of VCCA-private We show the shared and private latent spaces
of VCCA-private,,, in Figure 9b-d, as well as the single latent space of VCCA,,, for
comparison in Figure 9a. Comparing with the latent space of VCCA,,,, the shared
latent space of VCCA-private,,, in Figure 9b, has structured the raw food items
based on their class, color, and shape better than standard VCCA,,,. In Figure 9c,
we plot the natural images corresponding to the latent representation for the private
latent variable u,. We zoom in on some natural images and found that the images
are structured based on their similarities in background and camera view. On the
left and bottom sides of the cluster, we found images of grocery items closely packed
together in bins. Single items that are held in the hand of the photographer are
placed on the right side, whereas images of items and the store floor are placed on
the top and middle of the latent space. The model has therefore managed to separate
the variations within the natural image view into the private latent variable u, from
the shared latent variable z, which probably is the main reason why similar raw
food items are closer to each other in Figure 9b than in Figure 9a. We also plot
the corresponding iconic image on the position of the text description representation
for the private latent variable wu,, in Figure 9d. Note that every text description is
projected at the same location in the latent space since the text descriptions are the
same for every class item. We highlighted some specific words in the descriptions
and observed that descriptions with the same words are usually close to each other.
Visually dissimilar items can be grouped close to each other in this latent space,
which indicates that the private latent variable u,, contains information about the
structure of the text sentences, i.e., word occurrences and how they are ordered in
the text description. In Figure 14, we show the shared and private latent spaces of
VCCA-private,; and provide a conclusion to the results in Section I1.3.



PAPER B. VARIATIONAL MULTI-VIEW LEARNING FOR GROCERY
CLASSIFICATION

108

e
“':!z,'! o
s
= «

(a) pz from VCCA (b) p» from VCCA-privateg,

(¢) pp from VCCA-privateg,,

Round s fine s

A S ——

s good flavoring s PORRORS, T gt

Caasomoes agood light brown o red . yellow
Ri oft orange pi.

T ——

feen standard
o Arlagardar. e
e s rOUNd ars full o
clear s o Cream.
e maes s extra good
wooffeetea , skimmed
immed nu 10 Arlagardar

- arscrispieruse  green yellow . s s

RouNd iorstoe wer s oy
it ackage Ao ainave REM boss s n sty s ipe.

e salad sweet e

on
ious.

Froen ki

organic Arlagardar . full-bodied ms v . o
delicious full e . breakfast cereals »
breakfast cereals drink o e i
Arink for s meat.
N
\
L‘ 3 Sy !
® « “ -
€ v
)
8 L ]
o
¥ t

yellow-brown . uiosn
white pulp - crispy.

e yelloWersers  juicy e sweet.
much SWeeter o . rucon+brown
e OrOen . e,
vitamins oo

rawnsalads oo -
sannfry. stew e
ool 1Y orange e s

[ — )
cream o swen
Arlagardar _ fresh s
slightly creamy
ua roniss SMall FOUND on .. sweetuns

ren PUIP M s JUICY . gmall o rcn o
Woet i D dark red
Topeana snoon se...JUICE i ol SOt PUIP.
- r-;lv s s Sweet e

sun-dried oranges

Topkns G G JUICE wr
Mildly pasteurized LTl e
Mildly pasteurized

oo YeIOW e o pulp sasssoms iaming oot
putemed shel The PUIP. pinK couceapee he  rawn salads . s
=0range wsw i bitter.  gwoufry,stow.
Juicy wssWoet  frogh sour

(d) p from VCCA-privateg.,

Figure 9: Visualizations of the latent representations p. of a selection of juice packages and yoghurt
packages in the Grocery Store dataset. The yellow and green points correspond to the juice and
yoghurt packages respectively. The blue points correspond to the other grocery items.
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Table 2: Results on image quality of decoded iconic images for the Variational Canonical Correlation
Analysis (VCCA) models using the iconic images. The subscript letters in the model names indicate
the data views used in the model. 1 denotes higher is better, | lower is better. Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity (SSIM), and Kullback-Leibler (KL) divergence are measured
by comparing the true iconic image against the decoded one. Accuracy shows the classification
performance for each model and has been taken from Table 1. We report means and standard
deviations averaged over 10 random seeds for all metrics.

Model PSNR 1 SSIM 1 KL | Accuracy (%) 1T
VCCA,; 20.13+0.056 0.72£0.00 4.43+£0.21 77.02 £+ 0.51
VCCA,iy 20.12£0.09 0.73£0.00 4.35£0.22 77.22 £0.55
VCCA4iw  20.11£0.09 0.73£0.00 4.29+0.24 77.51 £0.51
VCCA iy 20.16+£0.08 0.73£0.00 4.3240.22 77.78 £ 0.45

2.5 Decoding Iconic Images from Unseen Natural Images

In this section, we show how the iconic image decoder can decode plausible iconic
images of grocery items from unseen natural images in the test set. We apply the
same approach as in [6], where we encode unseen natural images and then decode
the retrieved latent representation back into an iconic image. We also report several
image similarity metrics to investigate if the decoded image quality is correlated with
classification performance. We report peak signal-to-noise ratio (PSNR), structural
similarity (SSIM) [79], and the KL divergence by comparing the decoded iconic im-
ages to the true ones. For computing the KL divergence, we model the decoded and
true iconic image using two Gaussian Mixture Model (GMM) [80,81]. The images
are then represented as density functions, such that we can measure the similarity
between the two densities with the KL divergence and use it as an image similarity
metric. Since the KL divergence between two GMMs is not analytically tractable, we
apply Monte Carlo simulation using n i.i.d. samples drawn from the decoded image
density for approximating the KL divergence [82]. Due to the simple structure of the
iconic images, we fit the GMMs with K = 2 Gaussian components using the RGB
color values and draw n = 100 Monte Carlo samples to estimate the KL divergence
in all experiments. Table 2 shows the image similarity metrics between the VCCA
models using the iconic images. We also show the model classification accuracy for
each model, which have been taken from Table 1. The models perform on par on the
image similarity metrics, which indicates that the quality of the decoded images is
intact if the model extends to utilizing text descriptions and class labels in addition
to the iconic images.

In Table 3, we display five different natural images from the test set, their true
corresponding iconic image, the decoded iconic image from VCCA;,,. We also
show the true and predicted labels from the class label decoder (see Pred. Label).
Additionally, we report the image similarity metrics PSNR, SSIM, and KL divergence
between the decoded and true iconic images. For the Mango and Royal Gala images,
we observe that the decoded images are visually plausible, in terms of recognized
item, color, and shape, in both cases, which coheres with the high PSNR and SSIM
values and low KL values. The third row shows a shelf with orange and green bell
peppers where the decoded image has indeed been decoded into a mix of a green and
orange bell pepper. In the two succeeding rows, we display failure cases where the
model confuses the true class label with other grocery items. We observe that each
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Table 3: Examples of decoded iconic images from VCCA ;4 Wwith their corresponding natural
image and true iconic image as well as predicted labels and image similarity metrics. The column
Classification shows the true label for the natural image (True Label) and the label predicted by
the model (Pred. Label). The column Metrics shows PSNR, SSIM, and KL divergence between
the decoded and true iconic images.

Natural Image Iconic Image Decoded Image Classification Metrics
e ‘ True Label: Mango PSNR: 25.31
SSIM: 0.88
Pred. Label: Mango KL: 0.36
True Label: Royal Gala PSNR: 25.72
i SSIM: 0.92
‘ Pred. Label: Royal Gala KL: 1.73
>3

True Label: Orange Bell Pepper PSNR: 16.64
SSIM: 0.61
Pred. Label: Orange Bell Pepper KL: 3.74
Lo True Label: Anjou PSNR: 14.64
‘- SSIM: 0.51
Pred. Label: Granny Smith KL: 28.01
e i‘.} True Label: Arla Eco. Sourcream T SNR: 13.16
P oo SSIM: 0.45
= Pred. Label: Arla Std. Milk KL: 1.33

metric drops according to the mismatch between decoded and true iconic images.
The fourth row shows a basket of Anjou pears, where the model confuses the pear
with a Granny Smith apple which can be seen in the decoded image. In the fifth row,
there are red milk packages stacked behind a handheld sourcream package, where the
decoded image becomes a blurry mix of the milk and sourcream package. Although
the predicted class is incorrect, we observe that the prediction is reasonable based
on the decoded iconic image.

3 Discussion

In this section, we summarize the experimental results and discuss our findings.

Classification Results In the first experiments (see Section 2.3), we showed that
utilizing all four views with SplitAE;;,, and VCCA 4,y resulted in the best classifi-
cation performance on the test set. This indicates that these models take advantage
of each view to learn representations that enhance their generalization ability com-
pared to the single-view models. Moreover, using either the iconic images, the text
descriptions or both views yields better representations for classification compared to
using the natural image features alone. Note that it was necessary to properly set the
scaling weights A on the reconstruction losses of the additional views to achieve good
classification performance (see Table 5). Whenever the weight values are increased,
the model tries to structure the representations according to variations between the
items in the upweighted view rather than structuring the items based on visual fea-
tures in the natural images, e.g., shape, color, and pose of items, image backgrounds,
etc. Thus, the latent representations are structured based on semantic information
that describes the item itself, which is important for constructing robust representa-
tions that generalize well in new environments. Furthermore, the class label decoders
performed on par with the separate Softmax classifiers in most cases. The upside
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with training a separate classifier is that we only would have re-train the classifier if
we receive a new class in the dataset, while we would have to train the whole model
from scratch when the model uses a class label decoder. Note that the encoder for
any of the multi-view models can be used for extracting latent representations for
new tasks, whether the model utilizes the label or not, since the encoder only uses
natural images as input.

Iconic Images vs. Text Descriptions In Table 1, the iconic images yielded
higher classification accuracies compared to using the text descriptions. This was
also evident in Figure 5 where the classification performance remains more or less
the same regardless of the text description length T° when the models utilize iconic
images. We believe that the main reasons for the advantages with iconic images lie in
the clear visual features of the items in these images, e.g., their color and shape, which
carry lots of information that is important for image classification tasks. However,
we also observed that iconic images and text descriptions can yield different benefits
for constructing good representations. In Figure 6, we see that iconic images and
text descriptions make the model construct different latent representations of the
grocery items. Iconic images structures the representations with respect to color and
shape of the items (see Figure 7), while the descriptions groups items based on their
ingredients and flavor (see Figure 8). Therefore, the latent representations benefit
differently from utilizing the additional views and a combination of all of them yields
the best classification performance as shown in Table 1. We want to highlight the
results in Figure 8, where the model manages to separate juice and yoghurt packages
based on their text description. Refrigerated items, e.g., milk and juice packages, have
in general very similar shapes and the same color if they come from the same brand.
There are minor visual differences between items of the same brand that makes
it possible to differentiate between them, e.g., the picture of the main ingredient
on the package and ingredient description. Additionally, these items can be almost
identical depending on which side of the package that is present on the natural image.
When utilizing the text descriptions, we add useful information on how to distinguish
between visually similar items that have different ingredients and contents. This is
highly important for using computer vision models to distinguish between packaged
items without having to use other kinds of information, e.g., barcodes.

Text Description Length We showed that the text descriptions are useful for the
classification task, and that careful selection of the description length T is important
for achieving the best possible performance (see Section 2.3), In Figure 5, we observed
that most models achieve significantly better classification performance when the text
description length 7' increases up until 7" = 32. The reason for this increase is due
to the similarities between the descriptions of items from the same kind or brand,
such as milk and juice packages. For instance, in Table 4, the first sentence in the
descriptions for the milk packages only differ by the ninth word, which is organic
for the ecological milk package. This means that their descriptions will be identical
when T' = 8. Therefore, the descriptions will become more different from each other
as we increase T, which helps the model to distinguish between items with similar
descriptions. However, the classification accuracies have more or less saturated when
setting 1" > 32, which is also due to the similarity between the descriptions. For
example, the bell pepper descriptions in Table 4 only differ by the second word that
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describes the color of the bell pepper, i.e., the words yellow and orange. We also
see that the third and fourth sentences in the descriptions of the milk packages are
identical. The text descriptions typically have words that separate the items in the
first or second sentence, whereas the following sentences provide general information
on ingredients and how the item can be used in cooking. For items of the same
kind but of different colors or brand, e.g., bell peppers or milk packages respectively,
the useful textual information for constructing good representations of grocery items
typically comes from a few words in the description that describes features of the
item. Therefore, the models yield better classification performance when T is set to
include at least the whole first sentence of the description. We could select T" more
cleverly, e.g., by using different T for different descriptions to make sure that we
utilize the words that describe the item or filter out non-informative words for the
classification task.

VCCA vs. VCCA-private The main motivation for using VCCA-private is to
use private latent variables for modeling view-specific variations, e.g., image back-
grounds and writing styles of text descriptions. This could allow the model to build
shared representations that more efficiently combine salient information shared be-
tween the views for training better classifiers. This would then remove noise from
the shared representation since the private latent variables are responsible for mod-
eling the view-specific variations. For VCCA-private,,,, we observed that the private
latent spaces managed to group different image backgrounds and grocery items with
similar text descriptions respectively in Figure 9¢ and 9d respectively. This model
also performed on par with VCCA,,, regarding classification performance in Table
1. However, we also saw in the same table that the VCCA-private models using
the iconic image perform poorly on the classification task compared to their VCCA
counterpart. The reason for why this model fails is because of a form of posterior
collapse [83] in the encoder for the iconic image, where the encoder starts outputting
random noise. We noticed this as the KL divergence term for the private latent vari-
able converged to zero when we trained the models for 500 epochs (see Figure 12 and
13), which means that the encoder outputs a distribution which equals a Gaussian
prior. The same phenomenon occurs for VCCA-private with the text description as
well. We have also experimented with other models with encoders, such as Deep
CCA and DCCAE, which also suffered from the collapsing encoder problem for the
additional views. Therefore, we believe that the collapsing effect is a consequence
of only having access to a single iconic image and text description for every grocery
item. Therefore, a potential solution would be to extend the dataset with multiple
web-scraped iconic images and text descriptions for every grocery item, which would
then establish some variability within the view for each item class. Another possible
solution would be to use data augmentation techniques to create some variability
in the web-scraped views. For example, we could take a denoising approach and
add noise to the iconic images which would force the decoder to reconstruct the real
iconic images [84]. For the text descriptions, we could mask words at random in the
encoder and let the decoder predict the whole description, which would work as a
form of word dropout [83,85]. We leave this for future work if such augmentation
techniques can create the needed variability for learning more robust representations
as well as discovering the structures of the private latent spaces that this approach
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would bring.

Decoded Iconic Images We observed with image similarity metrics that the qual-
ity of decoded iconic images coheres to some extent with the classification perfor-
mance for VCCA models using the iconic images (see Section 2.5). We also showed
that the decoded images are visually plausible decoded images with respect to colors,
shapes, and identities of the grocery items in the dataset. The values for the metrics
PSNR, SSIM, and KL divergence are similar across the different VCCA models. Since
we used RGB values for estimating KL, we believe that including spatial information
of pixels or using other color spaces, e.g., Lab, could provide more information about
the dissimilarities between the decoded and true iconic images. To thoroughly assess
the relationship between good classification performance and accurately decoding the
iconic images, we also suggest evaluating the image quality on other image similar-
ity metrics, e.g., perceptual similarity [86]. Finally, we see the decoding of iconic
images as a promising method to evaluate the quality of the latent representations
as well as enhancing the interpretability of the classification. For example, we could
inspect decoded iconic images qualitatively or by using image similarity metrics to
determine how certain the model was about the present items in the natural images,
which could then be used as a tool for explaining misclassifications.

3.1 Conclusions

In this paper, we introduce a dataset with natural images of grocery items taken
in real grocery store environments. Each item class is accompanied by web-scraped
information in the form of an iconic image and a text description of the item. The
main application for this dataset is for training image classifiers that can assist visu-
ally impaired people when shopping for groceries but is not limited to this use case
only.

We selected the multi-view generative model VCCA that can utilize all of the
available data views for image classification. To evaluate the contribution to the
classification performance for each view, we conducted an ablation study comparing
classification accuracies between VCCA models with different combinations of the
available data types. We showed that utilizing the additional views with VCCA yields
higher accuracies on classifying grocery items over models only using the natural
images. The iconic images and text descriptions impose different structures of the
shared latent space, where we observed that iconic images help to group the items
based on their color and shape while text descriptions separate the items based on
differences in ingredients and flavor. These types of semantics that VCCA has learned
can be useful for generalizing to new grocery items and other object recognition
tasks. We also investigated VCCA-private, which introduces private latent variables
for view-specific variations, that separates the latent space into shared and private
spaces for each view to provide high-quality representations. However, we observed
that the private latent variables for the web-scraped views became uninformative by
modeling noise due to the lack of variations in the additional web-scraped views.
This encourages to explore new methods for extracting salient information from such
data views that can be beneficial for downstream tasks.

An evident direction of future work would be to investigate other methods for
utilizing the web-scraped views more efficiently. For instance, we could apply pre-
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trained word representations for the text description, e.g., BERT [85] or GloVe [87], to
see if they enable the construction of representations that can more easily distinguish
between visually similar items. Another interesting direction would be to experiment
with various data augmentation techniques in the web-scraped views to create view-
specific variations without the need for collecting and annotating more data. It is
also important to investigate how the model can be extended to recognize multiple
items. Finally, we see zero- and few-shot learning [67] of new grocery items and
transfer learning [88] as potential applications where our dataset can be used for
benchmarking of multi-view learning models on classification tasks.

4 Experimental Procedures

4.1 Resource Availability

Lead Contact: Marcus Klasson is the lead contact for this study and can be con-
tacted by email at mklas@kth.se.

Materials Availability: There are no physical materials associated with this study.

Data and Code Availability:
1. The Grocery Store dataset along with documentation is available at the follow-
ing Github repository: https://github.com/marcusklasson/GroceryStoreDataset.
2. The source code for the multi-view models along with documentation is avail-
able at the following Github repository: https://github.com/marcusklasson/

VCC&,gI‘OCGI‘yStOI’e .

4.2 Methods

In this section, we outline the details of the models we use for grocery classification.
We begin by introducing autoencoders and SplitAEs [18]. Then we describe VAEs [74]
and how it is applied to single-view data, followed by the introduction of VCCA [7]
and how we adapt it to our dataset. We also discuss a variant of VCCA called
VCCA-private [7], which is used for extracting private information about each view
in addition to shared information across all views by factorizing the latent space.
The graphical model representations of the VAE, VCCA, and VCCA-private models
that have been used in this paper are shown in Figure 10. The model names use
subscripts to denote the views utilized for learning the shared latent representations.
For example, VCCA,; utilizes natural image features x and iconic images i, while
VCCA iy uses natural image features x and iconic images ¢, text descriptions w,
and class labels y.

4.2.1 Autoencoders and Split Autoencoders

The autoencoding framework can be used for feature extraction and learning latent
representations of data in unsupervised manners [89]. It begins with defining a
parameterized function called the encoder for extracting features. We denote the
encoder as f, where ¢ includes its parameters, which commonly are the weights
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and bias vectors of a neural network. The encoder is used for computing a feature
vector h = f,(x) from the input data x. Another parameterized function gy called the
decoder is also defined, that maps the feature h back into input space, i.e., & = gg(h).
The encoder and decoder are learned simultaneously to minimize the reconstruction
loss between the input and its reconstruction of all training samples. By setting
the dimension of the feature vector smaller than the input dimension, i.e., d, < d,
the autoencoder can be used for dimensionality reduction which makes the feature
vectors suitable for training linear classifiers in a cheap way.

As in the case for the Grocery Store dataset, we have multiple views available
during training, while only the natural image view is present at test time. In this
setting, we can use a Split Autoencoder (SplitAE) to extract shared representations
by reconstructing all views during training from the one view that is available during
the test phase [17,18]. As an example, we have the two-view case with x present at
both training and test while y is only available during training. We therefore define
an encoder fs and two decoders gg, and gy, where both decoders inputs the same
representation h = fy(x). The objective of the SplitAE is to minimize the sum of the
reconstruction losses, which will encourage representations h that best reconstructs
both views. The total loss is then

LSplitAE(ev ¢7 x, y) = Aatﬁm (.’E, 9o, (h)) =+ Ayﬁy(ya gey (h))a (2)
where 0,0, € 0 and \;, A\, are scaling weights for the reconstruction losses. For
images, the reconstruction loss can be the mean squared error, while the cross-entropy
loss is commonly used for class labels and text. This architecture can be extended
to more than two views by simply using view-specific decoders that input the shared
representation extracted from natural images. Note that in the case when the class
labels are available, we can use the class label decoder gy, as a classifier during
test time. Alternatively, we can train a separate classifier with the learned shared
representations after the SplitAE has been trained.

4.2.2 Variational Autoencoders with only Natural Images

The Variational Autoencoder (VAE) is a generative model that can be used for gen-
erating data from single views. Here, we describe how the VAE learns latent repre-
sentations of the data and how the model can be used for classification. VAEs define
a joint probability distribution pg(z, 2) = p(2)pe(z|z), where p(z) is a prior distribu-
tion over the latent variables z and py(z|z) is the likelihood over the natural images
x given z. The prior distribution is often assumed to be an isotropic Gaussian dis-
tribution, p(z) = N'(z]0,I), with the zero vector 0 as mean and the identity matrix
I as the covariance. The likelihood pg(z|z) takes the latent variable z as input and
outputs a distribution parameterized by a neural network with parameters 8 which
is referred to as the decoder network. A common distribution for natural images is
a multivariate Gaussian, py(z|z) = N (x| pe(2),02(2) ® I), where u,(2) and o2(2)
are the means and standard deviations of the pixels respectively outputted from the
decoder and ® denotes element-wise multiplication. We wish to find latent variables
z that are likely to have generated x, which is done by approximating the intractable
posterior distribution pg(z|x) with a simpler distribution g4 (z|x) [75]. This approxi-
mate posterior g4(z|x) is referred to as the encoder network since it is parameterized
by a neural network ¢ which inputs « and outputs a latent variable z. Commonly,
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we let the approximate posterior to be Gaussian gg(z|z) = N(2 | p.(z),02(z) © I),
where the mean p,(x) and variance o2(x) are the outputs of the encoder. The latent
variable z is then sampled using the mean and variance from the encoder with the
reparameterization trick [74,90]. The goal is to maximize a tractable lower bound

on the marginal log-likelihood of z using g4(z|x):

logpg(2) = L(0,¢;2) = Eqy(zla) [logpo(2|2) ] = Drrlgs(z|2) || p(2)).  (3)
The last term is the Kullback-Leibler (KL) divergence [78] of the approximate pos-
terior from the prior distribution, which can be computed analytically when g4 (z|x)
and p(z) are Gaussians. The expectation can be viewed as a reconstruction loss
term, which can be approximated using Monte Carlo sampling from g4(z|x). The
lower bound £ is called the evidence lower bound (ELBO) and can be optimized
with stochastic gradient descent via backpropagation. The mean outputs u,(x) from
the encoder g4(z|x) are commonly used as the latent representation of the natural
images x. We can use the representations . (z) for training any classifier p(y|p.(x)),
e.g., a Softmax classifier, where y is the class label of . We can therefore see
training the VAE as a pre-processing step, where we extract a lower-dimensional
representation of the data x which hopefully makes the classification problem easier
to solve. We can also extend the VAE with a generative classifier by incorporating
the class label y in the model [91,92]. Hence, the VAE defines a joint distribu-
tion po(z,y,2) = p(2)ps, (z|2)pe, (y|2) where the class label decoder py, (y|2) is used
as the final classifier. We therefore aim to maximize the ELBO on the marginal
log-likelihood over x and y:

log po(z,y) > L(0, ¢; 2, y)
= )‘xE%(Z\w) [Ingem (Z‘|Z)] + /\yEq¢(z|:p) [Ingay (yl2) ] (4)

— Dxr(gs(27) || p(2))-

The parameters A, and A, are used for scaling the magnitudes of the expected values.
When predicting the class label for an unseen natural image z*, we can consider
multiple output predictions of the class label by sampling K different latent variables
for z* from the encoder to determine the final predicted class. For example, we could
either average the predicted class scores over K or use the maximum class score from
K samples as the final predictions. In this paper, we compute the average of the
predicted class scores using
| X
§ = arg max 7 > e, (ylz*), 2H) ~ gy(z]2), (5)
k=1
where gy is the predicted class for the natural image z*. We denote this model as
VCCA,y due to its closer resemblance to VCCA than VAE in this paper.

4.2.3 Variational Canonical Correlation Analysis for Utilizing
Multi-View Data

In this section, we describe the details of Variational Canonical Correlation Analysis
(VCCA) [7] for our application. In the Grocery Store dataset, the views can be the
natural images, iconic images, text descriptions, or class labels and we can use any
combination of those three in VCCA. To illustrate how we can employ this model
to the Grocery Store dataset, we let the natural images = and the iconic images @
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be the two views. We assume that both views x and i have been generated from a
single latent variable z. Similarly as with VAEs, VCCA defines a joint probability
distribution pg(z,i,2) = p(z)pe, (x| 2)pe,(i|z). There are now two likelihoods for
each view modeled by the decoders py, (x| z) and py, (i | z) are represented as neural
networks with parameters 6, and 6;. Since we want to classify natural images, the
other available views in the dataset will be missing when we have received a new
natural image. Therefore, the encoder g4(z|x) only uses x as input to infer the
latent variable z shared across all views, such that we do not have to use inference
techniques that handle missing views. With this choice of approximate posterior, we
receive the following ELBO on the marginal log-likelihood over z and i that we aim
to maximize:
log po(x,i) > L(0, ¢;x,1)

— Dkw(gs(2|2) [[ p(2)).

The parameters A\, and )\; are used for scaling the magnitude of the expected values
for each view. We provide a derivation of the ELBO for three or more views in the
Supplemental Experimental Procedures. The representations p,(x) from the encoder
gs(z|x) can be used for training a separate classifier. We can also add a class label
decoder pyg, (y|z) to the model and use Equation 5 to predict the class of unseen
natural images.

4.2.4 Extracting Private Information of Views with VCCA-private

In the following section, we show how the VCCA model can be altered to extract
shared information between the views as well as view-specific private information to
enable more efficient posterior inference. Assuming that a shared latent variable z
is sufficient for generating all different views may have its disadvantages. Since the
information in the views is rarely fully independent nor fully correlated, information
only relevant to one of the views will be mixed with the shared information. This
may complicate the inference of the latent variables, which potentially can harm the
classification performance. To tackle this problem, previous works have proposed
learning separate latent spaces for modeling shared and private information of the
different views [7,61,69]. The shared information should represent the correlations
between the views, while the private information represents the independent varia-
tions within each view. As an example, the shared information between natural and
iconic images are the visual features of the grocery item, while their private informa-
tion is considered as the various backgrounds that can appear in the natural images
and the different locations of non-white pixels in the iconic images. For the text
descriptions, the shared information would be words that describe visual features
in the natural images, whereas the private information would be different writing
styles for describing grocery items with text. We adapt the approach from [7] called
VCCA-private and introduce private latent variables for each view along with the
shared latent variable. To illustrate how we employ this model to the Grocery Store
dataset, we let the natural images z and the text descriptions w be the two views.
The joint distribution of this model is written as

pO(l'v W, 2, Ug, uw) = Po, (x|za Uz)Pew (w|za Uw)P(Z)p(Uz)p(Uw)7 (7)
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where u, and w,, are the private latent variables for the z and w respectively. To
enable tractable inference of this model, we employ a factorized approximate posterior
distribution of the form

(2, U, U |, W) = Go. (2]7)qg, (Ue|2)qs, (tw|w), (8)
where each factor is represented as an encoder network inferring its associated latent
variable. With this approximate posterior, the ELBO for VCCA-private is given by

10gp9 (xv w) > £private(97 (b; x, w)
=By, (2l).a0, (uele) [108 Do, (]2, us)]

+ AwBq,, (2l2).00, (walw) [108 D0, (W2, Uw)] (%)

— Dkw(gs. (2]2) || p(2))

— Dk1(gg, (ua|2) [| p(uz)) — Dr(gs,, (uew|w) || p(uw))-
The expectations in Lpyivate(d, ¢; x,w) in Equation 9 can be approximated using
Monte Carlo sampling from ¢4 (z|z). The sampled latent variables are concatenated
and then used as input to their corresponding decoder. We let the approximated
posteriors over both shared and private latent variables to be multivariate Gaussian
distributions and their prior distributions to be standard isotropic Gaussians (0, I).
The KL divergences in Equation 8 can then be computed analytically. Since only
natural images are present during test time and because the shared latent variable
z since it should contain information about similarities between the views, e.g., the
object class, we use the encoder g4(z|z) to extract latent representations p,(z) for
training a separate classifier. As for the VAE and standard VCCA, we can also add
a class label decoder py, (y|z) only conditioned on z to the model and use Equation
5 to predict the class of unseen natural images. We evaluated the classification
performance of VCCA-private and compare it to the standard VCCA model only
using a single shared latent variable (see Section 2.3).

4.3 Experimental Setup

This section briefly describes the network architecture designs and the selection of
hyperparameters for the models. See Section II.1 for full details on the network
architectures and hyperparameters that we use.

Processing of Natural Images We use a DenseNet169 [77] as the backbone for
processing the natural images since this architecture showed good classification per-
formance in [6]. As our first baseline, we customize the output layer of DenseNet169
to our the Grocery Store dataset and train it from scratch to classify the natural
images. For the second baseline, we train a Softmax classifier on off-the-shelf fea-
tures from DenseNet169 pre-trained on the ImageNet dataset [19], where we extract
1664-dimensional from the average pooling layer before the classification layer in the
architecture. Using pre-trained networks as feature extractors for smaller datasets
has previously been proven to be a successful approach for classification tasks [93],
which makes it a suitable baseline for the Grocery Store dataset. We denoted the
DenseNet169 trained from scratch and the Softmax classifier trained on off-the-shelf
features as DenseNet-scratch and Softmax respectively in Section 2.
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Network Architectures We use the same architectures for SplitAE and VCCA
for a fair comparison. We train the models using off-the-shelf features extracted from
a pre-trained DenseNet169 for the natural images. No fine-tuning of the DenseNet
backbone was used in the experiments, which we leave for future research. The
image feature encoder and decoder consist of a single hidden layer, where the encoder
outputs the latent representation and the decoder reconstructs the image feature. We
use a DCGAN [94] generator architecture for the iconic image decoder reconstructing
the iconic images. The text description is predicted sequentially using an LSTM
network [95]. The label decoder uses a single hidden layer with 512 hidden units and
Leaky ReLU activation. The latent space dimension to d, = 200 for all SplitAE and
VCCA models in the experiments. In the VCCA-private models, the encoder and
decoders have the same architectures as in the VCCA models. We use a reversed
DCGAN generator as the iconic image encoder. The text description encoder is an
LSTM. We obtain an embedding for the description by averaging all of the hidden
states h; generated from the LSTM, i.e., % Zthl ht, and input it to a linear layer
that outputs the latent representation. The dimensions of the private latent spaces
are the same as the shared latent space dimension d, = 200.

Training Details In all experiments, we train all models for 200 epochs using the
Adam optimizer [96] with initial learning rate 10~* and hyperparameters $; = 0.9
and B2 = 0.999. We apply the sum-of-squares loss for the natural and iconic images
and the categorical cross-entropy loss for text descriptions and class labels. The latent
representations for the AE and SplitAE are the output from the encoder, while for
the VAE, VCCA, and VCCA-private we instead use the mean outputs u,(z) from
the encoder. In VCCA-private, we use the the mean outputs i, (z) and g, (w) for
visualizing the private latent representations (see Figure 9). The Softmax classifiers
are trained for 100 epochs using with initial learning rate 10~* and hyperparameters
B1 = 0.5 and B2 = 0.999. We run a hyperparameter search for the scaling weights A
for the reconstruction losses of each view (see Section II.1 for more details).

Choice of Text Description Length 7' We wanted to investigate how the clas-
sification performance is affected by the text description length 7' for the SplitAE
and VCCA models using the text description w. Since the LSTM predicts the text
description sequentially, the computational time increases as the text description
length increases. We began by setting 1" = 16 because of how the sentence length
was set for the image captioning model in [12]. Then we created an interval by taking
steps with 8 words up to 7' = 40 and included the minimum, mean, and maximum
text description lengths which are T" = 6,36, and 91 respectively. We added two
additional points at T' = 50 and 75 since for most models there was a slight increase
in classification performance when 7" was increased from 40 to 91.

Computational Time The computational time for the SplitAE and VCCA mod-
els differs depending on which views that are being used. We measured the number
of seconds per epoch (s/epoch) on an Nvidia GeForce RTX 2080 Ti, where an epoch
consists of the 2640 training samples. Running experiments with the text description
view took around 0.4-2.7 s/epoch with text description length T € [6,91]. Adding
the iconic image view and training the models took around 4.5-6.2 s/epoch depending
on the text description length.
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Visualization Method We use PCA to visualize the latent space by plotting
the latent representations from the trained encoders. PCA is used for projecting the
representations from dimension d, to a 2D space. We obtain the principal components
for the representations with the natural images from the training set. In all figures,
we plot the representations of test set images given the principal components obtained
from the training images (see Section 2.4). To distinguish more easily between the
class labels of the images, we occasionally use the iconic images from the dataset and
plot the corresponding iconic image of the representation on its location in the 2D
space.
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Figure 10: The graphical models of the VAE, VCCA, and VCCA-private, where nodes represent
random variables and edges indicate possible dependence. Grey nodes are observed random vari-
ables, while white nodes are latent random variables. The joint distribution is given by the product
of the conditional distributions of nodes given their parents. Abbreviations: VAE, Variational
Autoencoder; VCCA, Variational Canonical Correlation Analysis.
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Figure 11: Histograms of natural images for every class in the training (a), test (b), and validation
(c) splits of the Grocery Store dataset. We also show with different colors on the bins if the class is
either a Fruit, Vegetable, or Package item.
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Table 4: Examples of text descriptions and their corresponding class label and iconic image from
the Grocery Store dataset.

Class Label Iconic Image Text Description

Golden De-
lici " A Golden Delicious has a white juicy pulp and a greenish yellow shell. The taste is mellow and
1lc10u> P sweet, making Golden Delicious suitable for desserts.
ple
Red D
lAeA © Red Delicious is a dark red apple with relatively soft pulp and sweet taste.
icious
Apple
-
o There are many different types of oranges that ripen and is sold during different parts of the
range

year. The orange is a very important vitamin C source and the vitamins are best kept if the

fruit is eaten naturally.

The yellow pepper is much sweeter than the green. It also contains more vitamins and

Yellow Bell - antioxidants than the green. Peppers are good to eat raw in salads and as garnish, but are
Pepper also good to fry, stew or gratinate, for example with filling. Paprika also fits well in pots,
& gratins and pies.

S

The orange pepper is sweeter than the green. It also contains more vitamins and antioxidants

g;ingepep_ than the green. Peppers are good to eat raw in salads and as garnish, but are also good to
per fry, stew or gratinate, for example with filling. Paprika also fits well in pots, gratins and pies.
Fresh skimmed milk made from Swedish milk from Arlagardar. Skimmed milk has a delicious
Arla full-bodied milk flavor and is a popular choice for breakfast cereals, porridge or as a drink for
Medium the meal. Milk is a natural source of, for example, protein, calcium and vitamin B12. Protein
Fat Milk contributes to muscle building and calcium is needed to maintain a normal bone structure.
The brand Arla Ko guarantees that the product is made of 100% Swedish milk.
Fresh skimmed milk made from Swedish milk from organic Arlagardar. Skimmed milk has a
Arla  Eco- delicious full flavor and is a popular choice for breakfast cereals, porridge or as a drink for the
logical meal. Milk is a natural source of, for example, protein, calcium and vitamin B12. Protein
Medium contributes to muscle building and calcium is needed to maintain a normal bone structure.
Fat Milk The brand Arla Ko guarantees that the product is made of 100% Swedish milk. The new
brown carton has 24 percent lower climate impact compared to the previous white carton.
&
God Mor- . . . .
God Morgon Orange is pressed by sun-dried, hand-picked oranges. The package contains
gon Orange juice from 2 kilograms of oranges!
Juice
-
Tropicana J . Tropicana Golden Grape is a ready to drink juice with pulp pressed on grapefruit. Not from
Golden concentrate. Mildly pasteurized.
Grapefruit Topiana

Juice
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Table 5: Classification accuracies on the test set for all models in percentage (%) along with the best
hyperparameter setting, i.e., the scaling weights A and text description length T', for each model.
The column Accuracy corresponds to the fine-grained classification accuracy. The column Coarse
Accuracy corresponds to the classifying a class within the correct parent class. Results are averaged
using 10 different random seeds and we report both means and standard deviations. Abbreviations:
AE, Autoencoder; VAE, Variational Autoencoder; SplitAE, Split Autoencoder; VCCA, Variational
Canonical Correlation Analysis.

Model Aa i Aw Ay T | Accuracy (%) Coarse Accuracy (%)
DenseNet-scratch - - - - - 67.33 +1.35 75.67 £ 1.15
Softmax - - - - - 71.67 +0.28 83.34 + 0.32
AE,+Softmax 1 - - - - 70.69 + 0.82 82.42 + 0.58
VAE,+Softmax 1 - - - - 69.20 + 0.46 81.24 + 0.63
SplitAE,, 1 - - 1000 | - 70.34 + 0.56 82.11 +0.38
VCCA,y 1 - - 1000 - 70.72 + 0.56 82.12 + 0.61
SplitAE.;+Softmax 1 1000 - - - 77.68 + 0.69 87.09 + 0.53
VCCA ;;+Softmax 1 1000 - - - 77.02 +0.51 86.46 + 0.42
VCCA-private,;+Softmax 1 10 - - - 73.04 + 0.56 84.16 + 0.51
SplitAE;y 1 1000 - 1000 | - 77.43 +0.80 87.14 + 0.57
VCCAiy 1 1000 - 1000 | - 77.22 + 0.55 86.54 + 0.51
VCCA-privategiy 1 10 - 1000 - 74.04 + 0.83 84.59 + 0.83
SplitAE g, +Softmax 1 - 1000 - 40 76.27 + 0.66 86.45 + 0.56
VCCA ., +Softmax 1 - 1000 - 75 75.37 + 0.46 86.00 + 0.32
VCCA-privateg,+Softmax | 1 - 1000 - 75 75.11 + 0.81 85.91 + 0.55
SplitAE .y 1 - 1000 10 75 75.78 + 0.84 86.13 + 0.63
VCCAwy 1 - 1000 10 75 74.72 + 0.85 85.59 + 0.78
VCCA-privategwy 1 - 1000 1000 | 50 74.92 + 0.74 85.59 + 0.67
Split AE . +Softmax 1 1000 1000 - 24 77.79+0.48 87.12 + 0.62
VCCA ziw+Softmax 1 1000 1000 - 32 | 77.51+ 0.51 86.69 + 0.41
SplitAE iwy 1 1000 1000 1000 | 24 78.18 +0.53 87.26 + 0.46
VCCAziwy 1 1000 1000 1000 | 91 77.78 +0.45 86.88 + 0.47

II Supplemental Experimental Procedures

II.1 Details on Experimental Setup

In this section, we provide the full details on the experimental setups.

Training DenseNet169 from Scratch We train a DenseNet169 on the dataset
from scratch as a baseline. We train the network using stochastic gradient descent
for 300 epochs and follow the learning rate schedule of Huang et al. [77], i.e., using
an initial learning rate of 0.1 and dividing it by 10 after 150 and 225 epochs. We
use a weight decay of 107* and Nesterov momentum of 0.9 without dampening. We
denote this network as DenseNet-scratch in the experiments.

Training the Softmax Classifier We use a Softmax classifier trained on off-
the-shelf features as another baseline. We use a DenseNet169 [77] pre-trained on
ImageNet 1K as the feature extractor, where we extract 1664-dimensional from the
average pooling layer before the classification layer in the architecture. The Softmax
classifier is trained for 100 epochs with batch size 64 to minimize the cross-entropy
loss. We use the Adam optimizer [96] with initial learning rate 10~# and hyperpa-
rameters f; = 0.5 and By = 0.999. Note that we used no regularization when training



II. SUPPLEMENTAL EXPERIMENTAL PROCEDURES 131

the Softmax classifier. We denote this classifier as Softmax in the experiments. This
training setup is also used when training the Softmax classifiers for SplitAE, VCCA,
and VCCA-private.

Architectures for Single-View Autoencoders We use a vanilla autoencoder
and a VAE as baselines that learn latent representations of the natural image features
only. These models are denoted as AE, and VAE, respectively in the experiments.
Their latent representations have dimension d, = 200 throughout all experiments.
The encoder and decoder networks consist of one hidden layer of 512 hidden units with
Leaky ReLU activation. The decoder aims to reconstruct the natural image features
and we use the sum-of-squares as the reconstruction loss during training. For the
VAE, we use the mean outputs p,(x) from the encoder as the latent representations of
the image features to train a Softmax classifier, which we denote as VAE,+Softmax.

Architectures for SplitAE and VCCA We use the same encoder and decoder
architecture for the natural image features as in the single-view autoencoders for
all SplitAE, VCCA, and VCCA-private models, i.e., one hidden layer of 512 hidden
units with Leaky ReLU activation. We set the latent dimension to d, = 200 in all
experiments. The class label decoders use the same architecture as the image feature
decoder and predict the class label by optimizing the cross-entropy loss. The iconic
image decoders use the generator architecture of the DCGAN [94]. This decoder
reconstructs the iconic images i € R64X64X3 by minimizing the sum of squares loss.
The text descriptions are assumed to be a sequence of words w = (ws,...,wr),
where T is the length of the description. We create a vocabulary V € R5%8 of the
total number of unique words from all text descriptions in the dataset. The text
description decoder is an LSTM [95] followed by a linear layer that predicts the
next word in the description. More specifically, at time step ¢, the decoder yields
a multinomial probability distribution pg, (w¢|wi—1, z) defined over w; € V. The
LSTM is trained using teacher forcing, meaning that we use the previous ground
truth word as input at every time step during the training phase. We project each
word into an embedding space of dimensionality de.,, = 200 by using a lookup table
before the word is input to the LSTM. The hidden state h and memory state c of the
LSTM is initialized with a linear projection of the latent representation z to provide
the LSTM with some context about the natural image. We use the same dimension
for h and c¢ as for z, ie., d, = dj = d. = 200. We minimize the cross-entropy
loss at every time step by comparing the predicted word with the true word in the
description. We apply dropout [97] with a keep rate of 0.5 on the output hidden
state h; before we input it through the linear layer that predicts the word at time
step t.

Architectures for VCCA-private In the VCCA-private models, the decoders
has the same architectures as the VCCA models. The encoder for the shared latent
variable z is also the same as the encoder for the previous described models. The
encoder for the private latent variable u, uses an identical architecture as encoder for
z. We use a convolutional encoder for the iconic image private latent variable, which
is a reversed DCGAN generator outputting the mean p,, (i) and variance o7 (i).
The text description encoder is an LSTM with the same architectural details as the
LSTM decoder. We obtain an embedding for the description by averaging all of the

hidden states h; generated from the LSTM, i.e., % Zthl h¢, and input it to a linear
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layer outputting the mean p,, (w) and the variance o2 (w) for the private latent

variable for the text description. We use the same latent dimensions for the shared
and private latent variables, i.e., d, = dy, = dy, = d,, = 200.

Training the Single- and Multi-View Autoencoders The single- and multi-
view autoencoding models are trained for 200 epochs with batch size 64 and aims to
minimize either their reconstruction losses or their corresponding ELBOs. We use
the Adam optimizer with initial learning rate 10~* and hyperparameters 8; = 0.9
and By = 0.999 in all experiments. The mean outputs u,(z) from the encoder are
used as the latent representations of the image features to train a Softmax classifier.
For the class label decoder, we use K = 1 posterior samples for predicting the class
label during training, while we set K = 5 in the validation and test stages.

Grid Search We run a hyperparameter search for the scaling weights A for the re-
construction losses of the views using a grid search with grid points {0.1, 1, 10, 100, 1000}.
The grid search is performed for all VCCA and VCCA-private models. The weight
for the natural image feature loss A, is used as a reference by setting it to A\, = 1
throughout all experiments. This means that we only vary the scaling weights \;,
Aw, and Ay. We run the grid searches using three different random seeds and average
the resulting validation accuracies to select the best hyperparameter setting. Table
5 shows the best hyperparameter settings for the VCCA and VCCA-private models
with their test accuracies. Note that we use the same scaling weights for SplitAE as
the ones we found for its corresponding VCCA model. To summarize the grid search
results, it is always beneficial to use scaling weights A\ > 1 for the models to enhance
the classification accuracy. This will make the models add some semantically mean-
ingful information to the latent space from the additional views, which makes the
models more suitable for downstream tasks such as classification.

11.2 Posterior Collapse in VCCA-private

We noticed in Table 1 that VCCA-private achieves similar classification performance
as standard VCCA when utilizing the text description w and even worse results when
utilizing the iconic image 7. The private latent variables cannot capture any view-
specific variations when each class uses the same iconic image and text description
for every natural image. A consequence of this is that the iconic image and text
description can be identified by only using the shared latent variable z in the decoding
phase. The private latent variables are thus not necessary for determining which
iconic image or text description to generate, the generated view will be the same
anyway for every natural image of a specific class. The model then finds out that
the ELBO can be maximized by letting the approximate posteriors be equal to their
prior distributions, which minimize the KL divergences of the private latent variables.
This phenomenon is referred to as posterior collapse [83].

In Figure 12 and 13, we illustrate that the approximate posterior deduces to
its prior distribution — a zero-mean Gaussian with unit variance — during train-
ing. Figure 12(a) and 12(b) shows the KL divergences over epochs for VCCA-
privatez,, and VCCA-privatez,, respectively. The number of words T' = 24 is the
same for both models and we train the models for 500 epochs to emphasize that
Dxk1.(¢g,, (uw|w) || p(uw)) goes towards zero. We believe that this is due to that there
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Figure 12: The measured KL divergences Dxr, (g4, (z|z)||p(2)) (red), Dkr(q4, (ux|®) || p(us))
(green), and Dxr,(q4,, (uw|w) || p(uw)) (blue) over epochs. We increased the number of epochs
from 200 to 500 to demonstrate that the KL divergence for the private latent variable u,, goes to
zero. The number of words T' = 24 is the same for both models. The likelihood weights are set to
Aw = 1000 and Ay = 100. Abbreviations: VCCA, Variational Canonical Correlation Analysis; KL,
Kullback-Leibler.
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Figure 13: The measured KL divergences Dxr (g4, (z|z)||p(2)) (red), Dxr(q4, (uz|z) || p(us))
(green), and Dkr(qg, (ui|) || p(u;)) (blue) over epochs. We increased the number of epochs from
200 to 500 to demonstrate that the KL divergence for the private latent variable u; goes to zero. The
likelihood weights are set to A; = 10 and A, = 1000. Abbreviations: VCCA, Variational Canonical
Correlation Analysis; KL, Kullback-Leibler.

are no variations in the text descriptions within one class (see subsection Investiga-
tions of the Learned Representations in Results). We perform a similar experiment
with VCCA-private,; and VCCA-private,;, and plot their KL divergences in Figure
13. The KL divergence Dkr, (g, (ui|w) || p(u;)) decreases to zero faster for these mod-
els than when we use the text description. We also observe that the KL divergence
Dx1.(¢e, (uz|z) || p(us)) decreases to zero as well for both models. Why the KL diver-
gence for the private latent variables decreases faster in the models with the iconic
image 4 is mainly because their likelihood weight A; is smaller than A,,. We noticed
that the KL divergences of the private latent variables decreases slower towards zero
when \; is increased, probably because the model foremost focuses on minimizing
the reconstruction loss.
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I1.3 Investigating Latent Representations in VCCA-private,;

Figure 14 shows the shared and private latent spaces of VCCA-private,;, as well as
the latent space of the standard VCCA; for comparison. Note that the shared latent
spaces in Figure 14(a) and 14(b) have different structures mainly due to the different
settings of their likelihood weight A;, which is A\; = 1000 for VCCA,; and \; = 10 for
VCCA-private,;. We observe in Figure 14(c) that the natural images are structured
based on their similarities in background and camera setup. Across the upper right
and the lower left parts of the cluster, we find images of grocery items closely packed
together in bins. The middle and upper left part includes images with the hand of
the photographer and grey backgrounds, e.g., the floor and shelves in the grocery
store. Note that this private latent space is rather densely packed mainly because
the KL divergence Dxr(¢e, (uz|2) || p(usg)) is steadily decreasing towards zero (see
Figure 13(a)). This means that the approximate posterior g4, (u;|x) is collapsing to
its prior distribution, which is why the mean values p,,, are close to the origin of the
space. The mean values p,, for the private latent variable u; are shown in Figure
14(d) using the iconic image. Note that every iconic image i is projected at the same
location in the latent space. We observe that similar iconic images are projected
close to each other. For instance, an orange, grapefruit and yellow bell pepper have
been projected in the upper part, packaged items are in the center parts and the left
region we find round objects with a dark red color. To the far right, we see a green
and a red apple that has been pushed far away from the similar iconic images on the
left. If we look closer into these iconic images, we observe that the apples on the right
have a higher stalk on top of the apple than the apples on the left side has, which
could be the reason why the model has separated them in the latent space. Another
interesting observation is that iconic images with multiple items, e.g., tomatoes, kiwis
and satsumas, have been projected into the lower region of the space. We conclude
that similar iconic images, based on color and their appearance in the image, are
grouped closely in the private latent space.
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Figure 14: Visualizations of the latent representations p.(x) from VCCA,; and VCCA-private,; on
the first row followed by piu,, (z) and jiy, (2) for VCCA-privatez;. Abbreviations: VCCA, Variational

Canonical Correlation Analysis.
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I1.4 Derivation of the ELBO for VCCA

Let z1.ps denote the all observed data, i.e., x1.p7 = 1, ..., T, for M different views.
We derive the ELBO for VCCA by introducing the approximate posterior gy (z|%.m,),
where x,, is the only view that we use to infer the latent variable z. We now derive
the ELBO from the marginal log-likelihood log pg(z1.a7) as

log p(1:0) =10gp9(w1;M)/q¢(z|xm)dz
Z/Q¢(Z|Jim) 10gp9(x1 M)

po(T1:m, 2)
pg(z|x1 M)
z)

Do (961:M, ¢(Z\$m)
= [ go(z|xm)lo dz
[ astelemtog B S e e

_ zlx o M o w .
_/Q¢( |m) (1 gpa(zkCl oy Hlog = TS )d
 Dralalei) (o) + B ) 2225203

dz

Po(T1:M5 2
ZE%(z\zm) [log qi(;lxm))} = L(z1:Mm0, P)

We use the factorization property of the joint distribution pg(z1.ps) to further derive
the ELBO L(z1.0;0, ¢):

po, (7112) - - po,, (Tr]2)p(2)
L0, ¢;x1:m) =Ey, (21, [log !
a4 (2|Tm) 4o (2|2m)
:qug(z\wm) |:10gp91 (1‘1‘2) + o+ 10gp9M (IM‘Z) + 1Og &
q¢(z|:cm)

:E%(Z\wm) [10gp91 (331|Z)] +ot ]qus(z|l‘m) [1ng9M (xM|Z)}

— Dxr (g (zzm) || p(2))

It may be necessary to balance the terms in the ELBO with some constant for every
term, especially when the dimensions and magnitudes differ between the modalities.
Thus, we introduce the likelihood weights A1, ..., Az, such that the ELBO will be
written as

L0, ¢;v1.00) =MEy, (212, 108 Poy (71]2)] + oo + A Eq, (2], ) [108 Doy, (T21]2)]

— Dxw(gg(2lzm) | p(2))
The likelihood weights A1, ..., Aps that are optimal for the task at hand can be found
with some hyperparameter search.
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Abstract

Replay-based continual learning have shown to be successful in mitigating catas-
trophic forgetting despite having limited access to historical data. However,
storing historical data is cheap in many real-world applications, yet replaying
all seen data would be prohibited due to processing time constraints. In such
settings, we propose learning the time to learn for a continual learning sys-
tem, in which we learn replay schedules over which tasks to replay at different
time steps. To demonstrate the importance of learning the time to learn, we
use Monte Carlo tree search in an ideal continual learning scenario to find the
proper replay schedule. We perform extensive evaluations to show the benefits
of replay scheduling in various memory settings and in combination with dif-
ferent replay methods. Moreover, the results indicate that the found schedules
are consistent with human learning insights. Our findings opens up for new
research directions that can bring current continual learning research closer to
real-world needs.

1 Introduction

Many organizations deploying machine learning systems receive large volumes of data
daily [1,2]. Although all historical data are stored in the cloud in practice, retraining
machine learning systems on a daily basis is prohibitive both in time and cost. In this
setting, the systems often need to continuously adapt to new tasks while retaining
the previously learned abilities. Continual learning (CL) methods [3,38] address this
challenge where, in particular, replay methods [4,5] have shown to be very effective
in achieving great prediction performance. Replay methods mitigate catastrophic
forgetting by revisiting a small set of samples, which is feasible to process compared
to the size of the historical data. In the traditional CL literature, replay memories
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Figure 1: Task accuracies on Split MNIST [14] when replaying only 10 samples of classes 0/1 at a
single time step. The black vertical line indicates when replay is used. ACC denotes the average
accuracy over all tasks after learning Task 5. Results are averaged over 5 seeds. These results show
that the time to replay the previous task is critical for the final performance.

are limited due to the assumption that historical data are not available. In the real-
world setting where historical data are in fact always available, the requirement of
small memory remains due to processing time and cost issues.

Recent research on replay-based CL has focused on the quality of memory sam-
ples [4,6-11] or data compression to increase the memory capacity [5,12,13]. Most
previous methods allocate equal memory storage space for samples from old tasks,
and replay the whole memory to mitigate catastrophic forgetting. However, in life-
long learning settings, this simple strategy would be inefficient as the memory must
store a large number of tasks. Furthermore, uniform selection policy of samples to
revisit is commonly used which ignores the time of which tasks to learn again. This
stands in contrast to human learning where education methods focus on scheduling
of learning and rehearsal of previous learned knowledge. For example, spaced repeti-
tion [67,68,70], where the time interval between rehearsal increases, has been shown
to enhance memory retention.

We argue that finding the proper schedule of which tasks to replay in the fixed
memory setting is critical for CL. To demonstrate our claim, we perform a simple
experiment on the Split MNIST [14] dataset where each task consists of learning
the digits 0/1, 2/3, etc. arriving in sequence. The replay memory contains data
from task 1 and can only be replayed at one point in time. Figure 1 shows how the
task performances progress over time when the memory is replayed at different time
steps. In this example, the best final performance is achieved when the memory is
used when learning task 5. Note that choosing different time points to replay the
same memory leads to noticeably different results in the final performance. These
results indicate that scheduling the time when to apply replay can influence the final
performance significantly of a CL system.

To this end, we propose learning the time to learn, in which we learn replay
schedules of which tasks to replay at different times inspired from human learning [15].
To show the importance of replay scheduling, we take an episodic-learning approach
where a policy is learned from multiple trials selecting which tasks to replay in a
CL scenario. In particular, we illustrate in single CL environments by using Monte
Carlo tree search (MCTS) [16] as an example method that searches for good replay
schedules. The replay schedules from MCTS are evaluated by measuring the final
performance of a network trained on a sequence of CL tasks where the scheduled
replay samples have been used for mitigating catastrophic forgetting. We use this
way to show the importance of replay scheduling given an ideal environment to
highlight the need for learning replay schedules in real-world large scale CL tasks. In
summary, our contributions are:
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e We propose a new CL setting where historical data is available while the pro-
cessing time is limited, in order to adjust current CL research closer to real-
world needs (Section 3.1). In this new setting, we introduce replay scheduling
where we learn the time of which tasks to replay (Section 3.2).

e We argue that learning the time to learn is essential for CL performance. We
use MCTS as an example method to illustrate the benefits of replay scheduling
in CL, where MCTS searches over finite sets of replay memory compositions at
every task (Section 3.3).

o We demonstrate with six benchmark datasets that learned scheduling can im-
prove the CL performance significantly in the fixed size memory setting (Section
4.1 and 4.5). Moreover, we show that replay scheduling can be combined with
any memory selection technique and replay-based method (Section 4.3 and 4.4),
as well as being efficient in situations where the memory size is smaller than
the number of classes (Section 4.6).

2 Related Work

In this section, we give a brief overview of CL methods, essentially replay-based
methods, as well as spaced repetition techniques for human CL.

Continual Learning. Traditional CL can be divided into three main areas, namely
regularization-based, architecture-based, and replay-based approaches. Regularization-
based methods aim to mitigate catastrophic forgetting by protecting parameters in-
fluencing the predictive performance on known tasks from wide changes and use the
rest of the parameters for learning new tasks [9,14,17-22]. Architecture-based meth-
ods isolate task-specific parameters by either increasing network capacity [23-25] or
freezing parts of the network [26,27] to maintain good performance on previous tasks.
Replay-based methods mix samples from old tasks with the current dataset to miti-
gate catastrophic forgetting, where the replay samples are either stored in an external
memory [4,5,28-32] or generated using a generative model [33,34]. Regularization-
based approaches and dynamic architectures have been combined with replay-based
approaches to methods to overcome their limitations [9, 13, 18,35-44]. Our work
relates most to replay-based methods with external memory which we spend more
time on describing in the next paragraph.

Replay-based Continual Learning. A commonly used memory selection strat-
egy of replay samples is random selection. Much research effort has focused on select-
ing higher quality samples to store in memory [4,6-11,29,31,45]. Cahaudrhy et al. [4]
reviews several selection strategies in scenarios with tiny memory capacity, e.g., reser-
voir sampling [46], first-in first-out buffer [31], k-Means, and Mean-of-Features [10].
However, more elaborate selection strategies have been shown to give little benefit
over random selection for image classification problems [5,18]. More recently, there
has been work on compressing raw images to feature representations to increase the
number of memory examples for replay [5,12,13]. Selecting the time to replay old
tasks has mostly been ignored in the literature, with an exception in [28] which re-
plays memory samples that would most interfere with a foreseen parameter update.
Our replay scheduling approach differs from the above mentioned works since we
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focus on learning to select which tasks to replay. Nevertheless, our scheduling can be
combined with any selection strategy and replay method.

Human Continual Learning. Humans are CL systems in the sense of learning
tasks and concepts sequentially. Furthermore, humans have the ability to memo-
rize experiences but forgets learned knowledge gradually rather than catastrophi-
cally [47]. Different learning techniques have been suggested for humans to memo-
rize better [48,49]. An example is spaced repetition where time intervals between
rehearsal are gradually increased to improve long-term memory retention [15], where
the earliest documented works are from Ebbinghaus [50]. Further studies have shown
that memory training schedules with adjusted spaced repetition are better at preserv-
ing memory than using uniformly spaced rehearsal times [51,52]. Several works in CL
with neural networks are inspired by human learning techniques, including spaced
repetition [53-55], sleep mechanisms [22,26,56], and memory reactivation [5,57]. Re-
play scheduling is also inspired by spaced repetition, where we learn schedules of
which tasks to replay at different times.

3 Method

In this section, we describe our new problem setting of CL where historical data are
available while the processing time is limited when learning new tasks. In Section
3.1 and 3.2, we present the considered problem setting, as well as our idea of learning
schedules over which tasks to replay at different time steps to mitigate catastrophic
forgetting. We use MCTS [16] in an ideal CL environment that searches for good
replay schedules to show the importance of replay scheduling in CL (Section 3.3).

3.1 Problem Setting

We focus on a slightly new setting, considering the needs for CL in the real-world
where all historical data can be available since data storage is cheap. However, as this
data volume is typically huge, we are often prohibited from replaying all historical
data due to processing time constraints. Therefore, the goal is to determine which
historical tasks to revisit and sample a small replay memory from the selected tasks
to mitigate catastrophic forgetting as efficiently as possible.

Here, we introduce the notation of our problem setting which resembles the tradi-
tional CL setting for image classification. We let a neural network fg, parameterized
by 6, learn T tasks sequentially from the datasets Dy, ..., Dy arriving one at a time.
The t-th dataset D, = {(wgi), yt(’))}f\’;l consists of N; samples where mgi) and yt(i) are
the i-th data point and class label respectively. The training objective at task t is
given by

Ny ] )
min >~ (o ("), yi"), (1)
i=1

where £(-) is the loss function, e.g., cross-entropy loss in our case. When learning
task ¢, the network fg is at risk of catastrophically forgetting the previous ¢ — 1 tasks.
Next, we describe our method for constructing this replay memory.

We assume that historical data from old tasks are accessible at any time step t.
However, due to processing time constraints, we can only fill a small replay memory
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M with M historical samples for replay. The challenge then becomes how to select
the M replay samples to efficiently retain knowledge of old tasks. We focus on
selecting the samples on task-level by deciding on the task proportion (p1,...,pt—1)
of samples to fetch from each task, where p; > 0 is the proportion of M samples from
task i to place in M and Zf:;m = 1. To simplify the selection of which tasks to
replay, we construct a discrete set of possible task proportions that can be used for
constructing M.

3.2 Replay Scheduling in Continual Learning

In this section, we describe our setup for enabling the scheduling for selecting replay
memories at different time steps. We define a replay schedule as a sequence S =
(ai,...,ar—_1), where the task proportions a; = (a1,...,ar—1) for 1 <i < T —1 are
used for determining how many samples from seen tasks with which to fill the replay
memory at task ¢. We construct an action space with a discrete number of choices of
task proportions that can be selected at each task: At task ¢, we have ¢t — 1 historical
tasks that we can choose samples from. We create t — 1 bins by = [by,...,bi_1]
and sample a task index for each bin b; € {1,...,£ — 1}. The bins are treated as
interchangeable and we only keep the unique choices. For example, at task 3, we
have seen task 1 and 2, so the unique choices of vectors are [1,1],[1,2], [2, 2], where
[1,1] indicates that all memory samples are from task 1, [1,2] indicates that half
memory is from task 1 and the other half are from task etc. We count the number of

occurrences of each task index in b; and divide by ¢t —1 to obtain the task proportion,
i.e., a; = bincount(b;)/(t — 1). We round the number of replay samples from task
i, i.e., a; - M, up or down accordingly to keep the memory size M fixed when filling
to evaluate with the network. We outline the steps for creating the action space in
Algorithm 1 (see Appendix I).

Figure 2 shows an ex-
tree with Split MNIST [14] En
where the memory size is =
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of possible schedules in Figure 2 for illustration: the blue path represents a replay
schedule where only task 1 samples are replayed. The red path represents using
memories with equally distributed tasks, and the purple path represents a schedule
where the memory is only filled with samples from the most previous task.

3.3 Monte Carlo Tree Search for Replay Schedules

In this section, we describe how we enable using MCTS for studying the benefits
of replay scheduling in CL scenarios. The tree-shaped action space of task propor-
tions described in Section 3.2 grows fast with the number of tasks, which complicates
studying replay scheduling in datasets with longer task-horizons. Since the search
space is too big for using exhaustive searches, we need a scalable method that enables
tree searches in large action spaces. To this end, we propose to use MCTS since it has
been successful in applications with large action spaces [58-61]. In our case, MCTS
concentrates the search for replay schedules in directions with promising CL perfor-
mance in the environment. We use MCTS in an ideal CL setting, wherein multiple
episodes are allowed, for demonstration purposes to show that replay scheduling can
be critical for the CL performance.

Each replay memory composition in the action space corresponds to a node that
MCTS can visit during a rollout. For instance, in Figure 2, the nodes correspond to
the possible replay memories which can be visited during the MCTS rollouts. At level
t, the node vy is related to a task proportion p; used for retrieving a replay memory
composition from the historical data at task t. One MCTS rollout corresponds to
traversing through all tree levels 1, ..., T to select the replay schedule S to use during
the CL training. Fach task proportion p; from every visited node is stored in S
during the rollout. When reaching level T', we start the CL training and use S for
constructing the replay memories at each task. Next, we briefly outline the MCTS
steps for performing the search (details in Appendix I):

Selection. During a rollout, the current node v; either moves randomly to un-
visited children, or selects the next node by evaluating the Upper Confidence Tree
(UCT) [62] if all children has been visited earlier. The child v;11 with the highest
UCT score is selected using the function from [59]:

2log(n(v)) @)
n(vet1)
where ¢(-) is the reward function, C' the exploration constant, and n(-) the number
of node visits.
Expansion. Whenever the current node v; has unvisited child nodes, the search
tree is expanded with one of the unvisited child nodes v;11 selected with uniform
sampling.
Simulation and Reward. After expansion, the succeeding nodes are selected
randomly until reaching a terminal node vy. The task proportions from the vis-
ited nodes in the rollout constitutes the replay schedule S. After training the
network using S for replay, we calculate the reward for the rollout is given by
r= % ZiT:1 A(Tli ?l), where A(TU7 ?l) is the validation accuracy of task i at task 7.
Backpropagation. Reward r is backpropagated from the expanded node v; to the
root vy, where the reward function ¢(-) and number of visits n(-) are updated at
each node.

UCT (v, ve41) = max(q(veg1)) + C
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Figure 3: Average test accuracies over tasks after learning the final task (ACC) over the MCTS
simulations for all datasets, where 'S’ and 'P’ are used as short for 'Split’ and 'Permuted’. We
compare performance for MCTS (Ours) against random replay schedules (Random), Equal Task
Schedule (ETS), and Heuristic Scheduling (Heuristic) baselines. For the first three datasets, we
show the ACC for for training on all seen task datasets jointly (Joint), as well as the best ACC
found from a breadth-first search (BFS) as two upper bounds. All results have been averaged over 5
seeds. These results show that replay scheduling can improve over ETS and outperform or perform
on par with Heuristic across different datasets and network architectures.

4 Experiments

We evaluated our replay scheduling method empirically on six common benchmark
datasets for CL. We let MCTS select the result on the held-out test sets from the re-
play schedule that yielded the best reward on the validation set during the search.Full
details on experimental settings are in Appendix II and additional results are in Ap-
pendix IIT.

Datasets. We conduct experiments on six datasets commonly used as benchmarks
in the CL literature: Split MNIST [14,63], Fashion-MNIST [64], Split notMNIST [65],
Permuted MNIST [66], Split CIFAR-100 [67], and Split minilmagenet [68]. We ran-
domly sample 15% of the training data from each task to use for validation when
computing the reward for the MCTS simulations.

Baselines. We compare MCTS to using 1) random replay schedules (Random), 2)
equal task schedules (ETS), and 3) a heuristic scheduling method (Heuristic). The
ETS baseline uses equal task proportions, such that M/(t — 1) samples per task
are replayed during learning of task ¢, and use both training and validations sets for
training such that ETS use the same amount of data as MCTS. The Heuristic baseline
replays the tasks which accuracy on the validation set is below a certain threshold
proportional to the best achieved validation accuracy on the task. Here, the replay
memory is filled with M/k samples per task where k is the number of selected tasks.
If £ = 0, then we skip applying replay at the current task. See Appendix II.1 for
more details on the Heuristic baseline.

Architectures. We use multi-head output layers and assume task labels are avail-
able at test time unless stated otherwise, except for Permuted MNIST where single-
head output layer is used. We use a 2-layer MLP with 256 hidden units for Split
MNIST, Split FashionMNIST, Split notMNIST, and Permuted MNIST. For Split
CIFAR-100, we use the CNN architecture used in [22,68]. For Split minilmagenet,
we apply the reduced ResNet-18 from [31].
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Evaluation Metric. We use ACC as the average test accuracy over all tasks after
learning the final task and BWT for measuring forgetting [31], i.e.,

T T-1
1

ACC = Z; Ari BWT = — Z; Az — A, (3)
where A, ; is the test accuracy for task ¢ after learning task ¢t. We report means and
standard deviations of ACC and BWT using 5 different seeds on all datasets.

4.1 Performance Progress of MCTS

In the first experiments, we show that the replay schedules from MCTS yield better
performance than replaying an equal amount of samples per task. The replay mem-
ory size is fixed to M = 10 for Split MNIST, FashionMNIST, and notMNIST, and
M = 100 for Permuted MNIST, Split CIFAR-100, and Split minilmagenet. Uniform
sampling is used as the memory selection method for all methods in this experiment.
For the 5-task datasets, we provide the optimal replay schedule found from a breadth-
first search (BFS) over all 1050 possible replay schedules in our action space (which
corresponds to a tree with depth of 4) as an upper bound for MCTS. As the search
space grows fast with the number of tasks, BFS becomes computationally infeasible
when we have 10 or more tasks.

Figure 3 shows the progress of ACC over iterations by MCTS for all datasets.
We also show the best ACC metrics for Random, ETS, Heuristic, and BFS (where
appropriate) as straight lines. Furthermore, we include the ACC achieved by training
on all seen datasets jointly at every task (Joint) for the 5-task datasets. We observe
that MCTS outperforms Random and ETS successively with more iterations. Fur-
thermore, MCTS approaches the upper limit of BFS on the 5-task datasets. For
Permuted MNIST and Split CIFAR-100, the Heuristic baseline and MCTS perform
on par after 50 iterations. This shows that Heuristic with careful tuning of the vali-
dation accuracy threshold can be a strong baseline when comparing replay scheduling
methods.

4.2 Replay Schedule Visualizations

We visualize a learned replay sched-
ule from Split CIFAR-100 with mem- 18
ory size M = 100 to gain insights into 16 1
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. . Figure 4: Replay schedule learned from Split
e.aCh COlumI.l is fixed at the (_ilﬁ‘erer}t CIFAR-100 visualized as a bubble plot. The task
time steps since the mempry size M is proportions vary dynamically over time which would
fixed. The task proportions vary dy- be hard to replace by a heuristic method.
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Table 1: Performance comparison with ACC between MCTS (Ours), Random scheduling (Random),
Equal Task Schedule (ETS), and Heuristic Scheduling (Heuristic) with various memory selection
methods evaluated across all datasets. We provide the metrics for training on all seen task datasets
jointly (Joint) as an upper bound, as well as include the results from a breadth-first search (BFS)
with Uniform memory selection for the 5-task datasets. Replay memory sizes are M = 10 and
M = 100 for the 5-task and 10/20-task datasets respectively. We report the mean and standard
deviation averaged over 5 seeds. Ours performs better or on par with the baselines on most datasets
and selection methods, where MoF yields the best results in general.

Split MNIST Split FashionMNIST Split notMNIST

Memory Schedule ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Offline Joint 99.75 + 0.06 0.01 + 0.06 99.34 + 0.08  -0.01 +£0.14  96.12 £ 0.57  -0.21 £+ 0.71
Uniform BFS 98.28 £ 0.49  -1.84 £ 0.63  98.51 £0.23 -1.03 £0.28  95.54 + 0.67  -1.04 + 0.87
Random 9491 +£ 252  -6.13 £3.16  95.89 £ 2.03 -4.33 £ 255 91.84 £1.48 -537 £ 2.12
Uniform ETS 94.02 £ 4.25 -7.22+5.33  95.81 £ 3.53 -445+434 91.01 £1.39 -6.16 £ 1.82
Heuristic 96.02 + 2.32  -4.64 £290 97.09 £0.62 -2.824+0.84 91.26 £3.99 -6.06 £+ 4.70
MCTS (Ours) 97.93 +0.56  -2.27 £ 0.71  98.27 £ 0.17  -1.29 £ 0.20 94.64 + 0.39  -1.47 + 0.79
Random 92.65 + 1.38 -8.96 £ 1.74 93.11 £+ 2.75 -7.76 £ 3.42 93.11 £+ 1.01 -3.78 £ 1.43
-means ETS 92.89 + 3.53  -8.66 & 4.42  96.47 £ 0.85 -3.55 £ 1.07  93.80 £ 0.82  -2.84 + 0.81
e Heuristic 96.28 + 1.68  -4.32 +2.11 9578 £ 1.50  -4.46 £ 1.87 91.75 £ 0.94  -5.60 £ 2.07
MCTS (Ours) 98.20 +0.16  -1.94 + 0.22  98.48 £ 0.26  -1.04 £0.31  93.61 £ 0.71  -3.11 + 0.55
Random 95.48 £ 0.82  -5.40 & 1.05  93.24 £2.84 -7.64 £3.51 91.70 £ 1.94  -5.33 = 2.80
k-center ETS 94.84 +1.40 -6.20 £ 1.77  97.28 £ 0.50 -2.58 £ 0.66  91.08 + 2.48  -6.39 * 3.46
o Heuristic 94.55 £ 2.79  -6.47 & 3.50  94.08 £3.72  -6.59 £ 4.57  92.06 + 1.20  -4.70 = 2.09
MCTS (Ours) 98.24 £0.36 -1.93 £0.44  98.06 £ 0.35  -1.59 &+ 0.45  94.26 £ 0.37  -1.97 £ 1.02
Random 96.96 + 1.34  -3.57 £ 1.69 96.39 £ 1.69 -3.66 £2.17 93.09 + 1.40 -3.70 + 1.76
MoF ETS 97.04 £1.23  -3.46 £ 1.50 96.48 £ 1.33  -3.55 £ 1.73  92.64 + 0.87  -4.57 + 1.59
Heuristic 96.46 + 2.41  -4.09 & 3.01  95.84 £ 0.89  -4.39 £ 1.15  93.24 + 0.77  -3.48 + 1.37
MCTS (Ours) 98.37 +0.24  -1.70 + 0.28  97.84 £ 0.32  -1.81 £0.39  94.62 + 0.42  -1.80 %+ 0.56

Permuted MNIST Split CIFAR-100 Split miniImagenet

Memory Schedule ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Offline Joint 95.34 + 0.13 0.17 £ 0.18 84.73 £ 0.81  -1.06 + 0.81  74.03 £ 0.83 9.70 £+ 0.68
Random 72.59 £ 1.52 -25.71 +£1.76 53.76 £ 1.80 -35.11 + 1.93  49.89 + 1.03 -14.79 £+ 1.14
Uniform ETS 71.09 £ 2.31 -27.39 £ 2.59 47.70 £ 2.16 -41.69 &+ 2.37 46.97 + 1.24 -18.32 £+ 1.34
Heuristic 76.68 £ 2.13 -20.82 + 2.41 57.31 £1.21 -30.76 £ 1.45 49.66 = 1.10 -12.04 £ 0.59
MCTS (Ours) 76.34 £ 0.98 -21.21 +£1.16 56.60 £ 1.13 -31.39 & 1.11  50.20 + 0.72  -13.46 £+ 1.22
Random 7191 £1.24 -2645+ 1.34 53.20 £ 1.44 -35.77 £ 1.31 49.96 + 1.46 -14.81 £ 1.18
-means ETS 69.40 + 1.32  -29.23 £ 1.47 4751 +£1.14 -41.77 £1.30 45.82 £ 0.92 -19.53 + 1.10
Heuristic 75.57 £1.18 -22.11 + 1.22 54.31 £3.94 -33.80 +4.24 49.25 +£ 1.00 -12.92 £+ 1.22
MCTS (Ours) 77.74 £0.80 -19.66 £ 0.95 56.95 £ 0.92 -30.92 + 0.83 50.47 + 0.85 -13.31 £ 1.24
Random 71.39 £ 1.87  -27.04 +2.05 4829 +2.11 -40.88 +2.28 44.40 = 1.35 -20.03 £ 1.31
k-center ETS 69.11 + 1.69 -29.58 £ 1.81 44.13 £ 1.06 -45.28 +£1.04 41.35 £1.23 -23.71 + 1.45
i Heuristic 74.33 £2.00 -23.45+2.27 50.32+1.97 -37.99 +2.14 44.13 +£0.95 -18.26 &+ 1.05
MCTS (Ours) 76.55 +1.16 -21.06 + 1.32 51.37 £ 1.63 -37.01 & 1.62 46.76 + 0.96 -16.56 £ 0.90
Random 78.80 £ 1.07 -18.79 + 1.16 62.35 + 1.24 -26.33 £ 1.25 56.02 £ 1.11  -7.99 £+ 1.13
MoF ETS 77.62 £1.12 -20.10 £ 1.26 60.43 + 1.17 -28.22 £ 1.26 56.12 £ 1.12  -8.93 £+ 0.83
Heuristic 7727 £1.45 -20.15 4+ 1.63  55.60 £ 2.70 -32.57 £2.77 52.30 £ 0.59  -9.61 £ 0.67

MCTS (Ours) 81.58 +£0.75 -15.41 + 0.86 64.22 + 0.65 -23.48 +£1.02 57.70 £ 0.51  -5.31 £+ 0.55

namically over time in a sophisticated nonlinear way which would be hard to replace
by a heuristic method. Moreover, we can observe spaced repetition-style scheduling
on many tasks, e.g., task 1-3 are replayed with similar proportion at the initial tasks
but eventually starts varying the time interval between replay. Also, task 4 and 6
need less replay in their early stages, which could potentially be that they are simpler
or correlated with other tasks. We provide a similar visualization for Split MNIST in
Figure 8 in Appendix III.1 to bring more insights to the benefits of replay scheduling.
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Table 2: Performance comparison with ACC and BWT between scheduling methods MCTS (Ours),
Random, ETS, and Heuristic combined with replay-based methods HAL, MER, DER, and DER++.
Replay memory sizes are M = 10 and M = 100 for the 5-task and 10/20-task datasets respectively.
We report the mean and standard deviation averaged over 5 seeds. Results on Heuristic where
some seed did not converge is denoted by *. Applying MCTS to each method can enhance the
performance compared to using the baseline schedules.

Split MNIST Split FashionMNIST Split notMNIST
Method Schedule ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Random 96.32 + 1.77 -3.90 + 2.28 90.42 + 4.26 -10.75 £ 5.45 93.50 + 1.10 -3.14 &+ 1.56
HAL ETS 97.21 + 1.25 -2.80 £+ 1.59 96.75 £ 0.50 -2.84 £ 0.75 92.16 + 1.82 -5.04 + 2.24
Heuristic 97.69 + 0.19 -2.22 +£0.24 *74.16 £ 11.19  *-31.26 + 14.00 93.64 + 0.93 -2.80 & 1.20
MCTS (Ours)  97.96 + 0.15 -1.85 £+ 0.18 97.56 + 0.51 -2.02 + 0.63 94.47 + 0.82 -1.67 + 0.64
Random 93.00 + 3.22 -7.96 + 4.15 96.20 + 2.10 -2.31 + 2.59 89.10 + 2.57 -8.82 + 3.26
MER ETS 92,97 + 1.73 -8.52 + 2.15 84.88 + 3.85 -3.34 + 5.59 90.56 + 0.83 -6.11 + 1.06
Heuristic 94.30 + 2.79 -6.46 £ 3.50 96.91 + 0.62 -1.34 £ 0.76 90.90 + 1.30 -6.24 + 1.96
MCTS (Ours)  96.44 + 0.72 -4.14 £+ 0.94 86.67 + 4.09 0.85 £ 3.85 92.44 + 0.77 -3.63 &+ 1.06
Random 95.91 + 2.18 -4.40 £ 2.46 50.00 £ 0.00 -12.20 + 0.07 78.76 + 12.73 -11.91 £ 4.45
DER ETS 98.17 + 0.35 -2.00 £ 0.42 97.69 + 0.58 -2.05 + 0.71 94.74 + 1.05 -1.94 + 1.17
Heuristic 94.57 + 1.71 -6.08 £ 2.09 *72.49 £19.32 *-20.88 £ 11.46  *77.88 + 12.58 *-12.66 + 4.17
MCTS (Ours)  99.02 + 0.10 -0.91 £+ 0.13 98.33 + 0.51 -1.26 + 0.63 95.02 + 0.33 -0.97 + 0.81
Random 90.09 +10.02  -11.73 £ 12.38  *50.00 £ 0.00  *-12.20 + 0.07 61.83 +9.84  -14.40 + 10.67
DER++ ETS 97.98 + 0.52 -2.24 £ 0.66 98.12 + 0.40 -1.59 + 0.52 94.53 + 1.02 -1.82 + 1.02
Heuristic 92.35 + 2.42 -8.83 £+ 2.99 *67.31 £21.20 *-24.86 £ 16.34  93.88 £ 1.33 -2.86 + 1.49
MCTS (Ours) 98.84 + 0.21 -1.14 £+ 0.26 98.38 + 0.43 -1.17 £+ 0.51 94.73 £ 0.20 -1.21 + 1.12
Permuted MNIST Split CIFAR-100 Split minilmagenet
Method Schedule ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Random 88.93 + 0.53 -6.77 £+ 0.64 35.90 + 2.47 -17.37 £+ 3.76 40.86 + 1.86 -5.12 + 2.23
HAIL ETS 88.46 + 0.86 -7.26 £ 0.90 34.90 + 2.02 -18.92 £ 0.91 38.13 + 1.18 -8.19 + 1.73
: Heuristic *66.63 + 28.50 *-29.68 + 27.90  35.07 £ 1.29 -24.76 + 2.41 39.51 + 1.49 -5.65 + 0.77
MCTS (Ours)  89.14 + 0.74 -6.29 £+ 0.74 40.22 + 1.57 -12.77 £ 1.30 41.39 + 1.15 -3.69 + 1.86
Random 87.25 + 0.47 -8.77 £+ 0.59 42.68 + 0.86 -35.56 £+ 1.39 32.86 + 0.95 -7.71 £ 045
MER ETS 73.01 = 0.96 -25.19 £+ 1.10 43.38 £ 1.81 -34.84 + 1.98 33.58 + 1.53 -6.80 & 1.46
: Heuristic 83.86 + 3.19 -12.48 £ 3.60 40.90 £ 1.70 -44.10 £+ 2.03 34.22 £ 1.93 -7.57 & 1.63
MCTS (Ours)  79.72 £ 0.71 -17.42 £ 0.78 44.29 + 0.69 -32.73 £+ 0.88 32.74 £ 1.29 -5.77 + 1.04
Random 90.67 + 0.31 -5.20 £ 0.30 56.17 + 1.30 -29.03 + 1.38 35.13 £ 4.11 -10.85 £ 2.92
DER ETS 85.71 £ 0.75 -11.15 £ 0.87 52.58 + 1.49 -32.93 £+ 2.04 35.50 + 2.84 -10.94 £ 2.21
Heuristic 81.56 + 2.28 -15.06 £ 2.51 55.75 + 1.08 -31.27 £ 1.02 43.62 + 0.88 -8.18 & 1.16
MCTS (Ours)  90.11 + 0.18 -5.89 £+ 0.23 58.99 + 0.98 -24.95 £ 0.64 43.46 + 0.95 -9.32 + 1.37
Random 89.83 + 0.92 -6.03 £ 0.98 60.90 + 0.89 -23.45 + 1.34 46.78 + 1.96 3.28 £1.35
DER++ ETS 85.25 + 0.88 -11.60 £ 1.03 52.54 + 1.06 -33.22 £ 1.51 41.36 + 2.90 -4.07 + 2.28
Heuristic 79.17 + 2.44 -17.68 £ 2.68 56.70 = 1.27 -30.33 £ 1.41 45.73 + 0.84 -6.09 & 1.24

MCTS (Ours)  89.84 + 0.22 -6.13 £ 0.29 59.23 £ 0.83 -24.61 £ 0.91 49.45 + 0.68 -3.12 +£ 0.89

4.3 Combine with Different Memory Selection Methods

We show that our method can be combined with any memory selection method for
storing replay samples. In addition to uniform sampling, we apply various memory
selection methods commonly used in the CL literature, namely k-means clustering,
k-center clustering [9], and Mean-of-Features (MoF) [10]. We compare our method
and ETS combined with these different selection methods. The replay memory sizes
are M = 10 for the 5-task datasets and M = 100 for the 10- and 20-task datasets.
Table 1 shows the results across all datasets. We note that using the replay schedule
from MCTS mostly outperforms the baselines when using the alternative selection
methods, where MoF performs the best on most datasets.

4.4 Applying Scheduling to Recent Replay Methods

In this experiment, we show that replay scheduling can be combined with any replay
method to enhance the CL performance. We combine MCTS with Hindsight Anchor
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Figure 5: Performance comparison with ACC over various memory sizes for the methods, where (a)
shows results in the Task- and Domain-Incremental Learning (IL) settings, and (b) in the Class-IL
setting. All results have been averaged over 5 seeds. These results show that replay scheduling can
outperform the baselines on both small and large datasets across different backbone choices in the
different CL settings.

Learning (HAL) [37], Meta-Experience Replay (MER) [69], Dark Experience Replay
(DER) [35], and DER++. We provide the hyperparameter settings in Appendix II.2.
Table 2 shows the performance comparison between our proposed replay scheduling
against using Random, ETS, and Heuristic schedules for each method. The results
confirm that replay scheduling is important for the final performance given the same
memory constraints and it can benefit any existing CL framework.

4.5 Varying Memory Size

We show that our method can improve the CL performance across varying memory
sizes in different CL scenarios, namely, Task-Incremental Learning (IL), Domain-1L,
and Class-IL [70]. In the experiment for Task- and Domain-IL, we set the replay
memory size to ensure the ETS baseline replays an equal number of samples per
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class at the final task. The memory size is set to M = nept - Nspe - (T' — 1), where
Nept 18 the number of classes per task in the dataset and nsp. are the number of
samples per class we wish to replay at task T for the ETS baseline. Figure 5a shows
the results in the Task- and Domain-Incremental Learning (IL) scenarios, where we
observe that MCTS generally obtains better task accuracies than ETS, especially
for small memory sizes. Both MCTS and ETS perform better than Heur-GD as
M increases, which shows that Heur-GD requires careful tuning of the validation
thresholds.

In the Class-IL scenario, the task labels are absent at training and test time.
Here, the replay memory is always filled with at least 1 sample/class to avoid fully
forgetting non-replayed tasks. Each scheduling method then selects which tasks to
replay out of the remaining samples M;.cs: = M —t-n¢,: samples. Figure 5b shows that
ETS approaches MCTS when M increases on the 5-task datasets. However, on the
more challenging Split CIFAR-100 and Split minilmagenet, MCTS outperforms ETS
clearly as M increases. These results show that selecting the proper replay schedule
is essential in various CL scenarios with both small and large datasets across different
backbone choices.

4.6 Efficiency of Replay Scheduling

We illustrate the efficiency of replay scheduling with
comparisons to several common replay-based CL
baselines in an even more extreme memory setting.
Our goal is to investigate if scheduling over which
tasks to replay can be more efficient in situations
where the memory size is even smaller than the num- 2 3 4 05
ber of classes. To this end, we set the replay memory Task
size for our method to M = 2 for the 5-task datasets, Figure 6: Number of replayed
samples/task for the 5-task
such that only 2 samples can be selected for replay  j.i.cete in  the tiny memory
at all times. For the 10- and 20-task datasets which setting. Ours use M = 2 samples
have 100 classes, we set M = 50. We then com- for replay, while the baselines
pare against the most memory efficient CL baselines, crement their memory per task.
namely A-GEM [36], ER-Ring [4] which show promising results with 1 sample per
class for replay, and with uniform memory selection as reference. Additionally, we
compare to using random replay schedules (Random) with the same memory setting
as for MCTS. We visualize the memory usage for our method and the baselines when
training on a 5-task dataset in Figure 6. Figure 7 in Appendix 11.3 shows the memory
usage for the other datasets.

I Ours |:| Baselines

#Samples
cn e o ®

Table 3 shows the ACC for each method across all datasets. Despite using fewer
samples for replay, MCTS performs on par with the best baselines and outperforms
them on Permuted MNIST. These results indicate that replay scheduling is an im-
portant research direction in CL, since storing every seen class in the memory could
be inefficient in settings with large number of tasks.
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Table 3: Performance comparison with ACC and BWT averaged over 5 seeds in the 1 sample/class
memory setting evaluated across all datasets. MCTS (Ours) has memory size M = 2 and M = 50 for
the 5-task and 10/20-task datasets respectively. The baselines replay all available memory samples.
MCTS performs on par with the best baselines and outperforms them on Permuted MNIST.

Split MNIST Split FashionMNIST Split notMNIST
Method ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Random 92.56 £2.90 -8.97 £3.62 92.70 £3.78 -8.24+4.75 89.53+3.96 -8.13 + 5.02
A-GEM 9497 + 1.50 -6.03 £ 1.87 9481 +0.86 -5.65+1.06 9227 +1.16 -4.17+ 1.39
ER-Ring 9494 + 1.56 -6.07 £1.92 9583 +£2.15 -438+259 91.10+1.89 -6.27 £ 2.35
Uniform 95.77 £ 1.12  -5.02 £ 1.39 9712+ 1.57 -2.79+£1.98 9214 +£1.45 -4.90 + 1.41
MCTS (Ours) 96.07 £ 1.60 -4.59 + 2.01  97.17 £ 0.78  -2.64 £ 0.99 93.41 + 1.11  -3.36 £+ 1.56
Permuted MNIST Split CIFAR-100 Split minilmagenet
Method ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Random 70.02 £ 1.76 -28.22 £1.92 48.62 + 1.02 -39.95 £ 1.10 48.85 + 1.38 -14.55 £+ 1.86
A-GEM 64.71 + 1.78 -34.41 4+ 2.05 42.22 + 2.13 -46.90 + 2.21 32.06 + 1.83 -30.81 + 1.79
ER-Ring 69.73 + 1.13 -28.87 £ 1.29 53.93 + 1.13 -3491 + 1.18 49.82 + 1.69 -14.38 &+ 1.57
Uniform 69.85 + 1.01 -28.74 + 1.17 52.63 + 1.62 -36.43 + 1.81 50.56 + 1.07 -13.52 + 1.34

MCTS (Ours) 7252 4+ 0.54 -25.43 £0.65 51.50 +£1.19 -37.01 £ 1.08 50.70 £ 0.54 -12.60 £ 1.13

5 Conclusions

We propose learning the time to learn, i.e., in a real-world CL context, learning sched-
ules of which tasks to replay at different times. To the best of our knowledge, we are
the first to consider the time to learn in CL inspired by human learning techniques.
We demonstrated the benefits with replay scheduling by showing the performance
improvements with schedules found using MCTS on several CL benchmarks when
comparing against methods with fixed scheduling policies under the same memory
budgets. Furthermore, the dynamic behavior of the replay schedules showed similar-
ities to human learning techniques, such as spaced repetition, by replaying previous
tasks with varying time intervals. We also showed that replay scheduling can be com-
bined with any replay-based method as well as utilize the memory efficiently even
when the memory size is smaller than the number of classes. The proposed problem
setting brings CL research closer to real-world needs, especially in scenarios where
CL is applied under limited processing times but with rich amounts of historical data
available for replay.

Limitations and Future Work. In this work, we assumed that multiple episodes
are allowed in the CL environments to use MCTS. However, this is prohibited in
the CL setting since tasks can never be fully revisited. Hence, it would be useful
if we could learn replay scheduling policies that generalize to new CL scenarios for
mitigating catastrophic forgetting. Using MCTS for searching after such policies
can be inefficient as the algorithm needs to run for each dataset and application
separately. In future work, we will incorporate reinforcement learning methods that
generalize and extend to learning general policies that can be directly applied to
any new application and domain. This requires defining the state using various task
performance metrics such as accuracies and forgetting metrics, the action either in the
same space as in this work or as in continuous space with fractions of different tasks
in the memory, and the reward as final or accumulated CL performance. Finally, we
would like to explore choosing memory samples on an instance level as the current
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work selects samples on task level. This would also require a policy learning method
that scales to large action spaces which is a research challenge by itself.
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Appendix
This supplementary material is structured as follows:

e Appendix I: Pseudocode of MCTS in Algorithm 2 to provide more details about
our method.

e Appendix II: Full details of the experimental settings.

e Appendix III: Additional experimental results.

I Replay Scheduling Monte Carlo Tree Search Algorithm

We provide pseudo-code in Algorithm 2 outlining the steps for our method using
Monte Carlo tree search (MCTS) to find replay schedules described in the main paper
(Section 3.2). The MCTS procedure selects actions over which task proportions to fill
the replay memory with at every task, where the selected task proportions are stored
in the replay schedule S. The schedule is passed to EVALUATEREPLAYSCHEDULE(")


http://yaroslavvb.com/upload/notMNIST/
http://yaroslavvb.com/upload/notMNIST/

I. REPLAY SCHEDULING MCTS ALGORITHM 155

where the continual learning part executes the training with replay memories filled
according to the schedule. The reward for the schedule S is the average validation
accuracy over all tasks after learning task T, i.e., ACC, which is backpropagated
through the tree to update the statistics of the selected nodes. The schedule Spest
yielding the best ACC score is returned to be used for evaluation on the held-out
test sets.

The function GETREPLAYMEMORY () is the policy for retrieving the replay mem-
ory M from the historical data given the task proportion p. The number of samples
per task determined by the task proportions are rounded up or down accordingly
to fill M with M replay samples in total. The function GETTASKPROPORTION(-)
simply returns the task proportion that is related to given node.

The following steps are performed during one MCTS rollout (or iteration):

1. Selection involves either selecting an unvisited node randomly, or selecting the
next node by evaluating the UCT score (see Equation 2) if all children has been
visited already. In Algorithm 2, TREEPOLICY(-) appends the task proportions p;
to the replay schedule S at every selected node.

2. Expansion involves expanding the search tree with one of the unvisited child
nodes vy41 selected with uniform sampling. EXPANSION(+) in Algorithm 2 appends
the task proportions p; to the replay schedule S of the expanded node.

3. Simulation involves selecting the next nodes randomly until a terminal node
v is reached. In Algorithm 2, DEFAULTPOLICY(-) appends the task proportions
p: to the replay schedule S at every randomly selected node until reaching the
terminal node.

4. Reward The reward for the rollout is given by the ACC of the validation sets for
each task. In Algorithm 2, EVALUATEREPLAYSCHEDULE(+) involves learning the
tasks t = 1,...,T sequentially and using the replay schedule to sample the replay
memories to use for mitigating catastrophic forgetting when learning a new task.
The reward r for the rollout is calculated after task T has been learnt.

5. Backpropagation involves updating the reward function ¢(-) and number of
visits n(-) from the expansion node up to the root node. See BACKRPROPAGATE(")
in Algorithm 2.

Finally, in Algorithm 1, we outline the steps for how the action space of task propor-

tions was discretized to enable searching for replay schedules (Section 3.2).

Algorithm 1 Discretization of action space with task proportions

Require: Number of tasks T

1: 7= > Initialize sequence for storing actions
2: fori=1,..., T —1do

3: Pi ={} > Set for storing task proportions at 4
4 B = combinations([1 : 7], %) > Get bin vectors of size 4 with bins 1,...,4
5: B = unique(sort(B)) > Only keep unique bin vectors
6 for b; € B do

7 a; = bincount(b;)/i > Calculate task proportion
8: P; =P;U{ai} > Add task proportion to set
9: end for

10: Tli) = Ps > Add set of task proportions to action sequence
11: end for

12: return 7 > Return action sequence as discrete action space




156 PAPER C. REPLAY SCHEDULING IN CONTINUAL LEARNING

Algorithm 2 Replay Scheduling Monte Carlo tree search

Require: Tree nodes vi.r, Datasets Di.7, Learning rate n
Require: Replay memory size M
ACChpest + 0, Spest <+ ()
while within computational budget do
S0
v, S < TREEPoOLICY(v1, S)
v, S < DEFAULTPOLICY (v, S)
ACC < EVALUATEREPLAYSCHEDULE(Dy.7, S, M)
BACKPROPAGATE(vy, ACC)
if ACC > ACCyest then
9: ACChpest + ACC
10: Spest < S
11: end if
12: end while
13: return ACCpest, Spest

AN A

14: function TREEPOLICY (v¢, S)

15: while v; is non-terminal do

16: if v¢ not fully expanded then

17: return EXPANSION(vy, S)

18: else

19: v¢ < BESTCHILD(v¢)

20: S.append(a:), where a+ <~ GETTASKPROPORTION (v+)
21: end if

22: end while

23: return vy, S

24: end function

25: function EXPANSION(vy, S)

26: Sample vy uniformly among unvisited children of v,

27: S.append(a¢y1), where a;y1 < GETTASKPROPORTION(v¢41)
28: Add new child v¢41 to node v

29: return vy41, S

30: end function

31: function BESTCHILD(v¢)

2log(N
32: vip1 = arg max max(Q(ve+1)) + C %
vy} 1€ children of v t+1

33: return vy
34: end function

35: function DEFAULTPOLICY (vy, S)

36: while v; is non-terminal do

37: Sample vy1 uniformly among children of vy

38: S.append(a¢41), where a;q1 < GETTASKPROPORTION(v¢41)
39: Update vy <= viq1

40: end while

41: return v, S

42: end function

43: function EVALUATEREPLAYSCHEDULE(D1.7, S, M)

44: Initialize neural network fo

45: fort=1,...,T do

46: a <« St—1]

47: M <+ GETREPLAYMEMORY (M, a)

48 for B ~ DI do

49: 6 «+— SGD(BUM,8,n)

50: end for

51: er(lglalf;or (val)
52: A7’ < EVALUATEACCURACY(fe, D1 )
53 ACC « L 3T Alred)

54: return ACC '

55: end function

56: function BACKPROPAGATE(v¢, R)

57: while v; is not root do
58: N(vg) « N(ve) + 1
59: Q(v) «+ R

60: vy < parent of v
61: end while

62: end function
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II Experimental Settings

In this section, we describe the full details of the experimental settings used in this
paper.

Datasets. We conduct experiments on six datasets commonly used in the continual
learning literature. Split MNIST [14] is a variant of the MNIST [63] dataset where the
classes have been divided into 5 tasks incoming in the order 0/1, 2/3, 4/5, 6/7, and
8/9. Split Fashion-MNIST [64] is of similar size to MNIST and consists of grayscale
images of different clothes, where the classes have been divided into the 5 tasks T-
shirt/Trouser, Pullover/Dress, Coat/Sandals, Shirt/Sneaker, and Bag/Ankle boots.
Similar to MNIST, Split notMNIST [65] consists of 10 classes of the letters A-J with
various fonts, where the classes are divided into the 5 tasks A/B, C/D, E/F, G/H,
and I/J. We use training/test split provided by [39] for Split notMNIST. Permuted
MNIST [66] dataset consists of applying a unique random permutation of the pixels
of the images in original MNIST to create each task, except for the first task that
is to learn the original MNIST dataset. We reduce the original MNIST dataset to
10k samples and create 9 unique random permutations to get a 10-task version of
Permuted MNIST. In Split CIFAR-100 [67], the 100 classes are divided into 20 tasks
with 5 classes for each task [10,31]. Similarly, Split minilmagenet [68] consists of 100
classes randomly chosen from the original Imagenet dataset where the 100 classes are
divided into 20 tasks with 5 classes per task.

Network Architectures. We use a 2-layer MLP with 256 hidden units and ReLU
activation for Split MNIST, Split FashionMNIST, Split notMNIST, and Permuted
MNIST. We use a multi-head output layer for each dataset except Permuted MNIST
where the network uses single-head output layer. For Split CIFAR-100, we use a
multi-head CNN architecture built according to the CNN in [17,22,68], which con-
sists of four 3x3 convolutional blocks, i.e. convolutional layer followed by batch nor-
malization [71], with 64 filters, ReLU activations, and 2x2 Max-pooling. For Split
mnilmagenet, we use the reduced ResNet-18 from [31] with multi-head output layer.

Hyperparameters. We train all networks with the Adam optimizer [72] with
learning rate n = 0.001 and hyperparameters 8; = 0.9 and 82 = 0.999. Note that
the learning rate for Adam is not reset before training on a new task. Next, we give
details on number of training epochs and batch sizes specific for each dataset:

Split MNIST: 10 epochs/task, batch size 128.

Split FashionMNIST: 30 epochs/task, batch size 128.

Split notMNIST: 50 epochs/task, batch size 128.

Permuted MNIST: 20 epochs/task, batch size 128.

Split CIFAR-100: 25 epochs/task, batch size 256.

Split minilmagenet: 1 epoch/task (task 1 trained for 5 epochs as warm up),
batch size 32.

Monte Carlo Tree Search. We run MCTS for 100 iterations in all experiments.
The replay schedules used in the reported results on the held-out test sets are from the
replay schedule that gave the highest reward on the validation sets. The exploration
constant for UCT in Equation 2 is set to C' = 0.1 in all experiments [59].
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Computational Cost. All experiments were performed on one NVIDIA GeForce
RTW 2080Ti. The wall clock time for ETS on Split MNIST was around 1.5 minutes,
and MCTS and BFS takes 40 seconds on average to run one iteration, where BFS
runs 1050 iterations in total for Split MNIST.

Implementations. We adapted the implementation released by Borsos et al. [7]
for the memory selection strategies Uniform sampling, k-means clustering, k-center
clustering [9], and Mean-of-Features [10]. For HAL [37], MER [69], DER [35], and
DER++, we follow the implementations released by [35] for each method to apply
them to our replay scheduling methods. Furthermore, we follow the implementations
released in [4] and [73] for A-GEM [36] and ER-Ring [4]. For MCTS, we adapted
the implementation from https://github.com/int8/monte-carlo-tree-search to search for
replay schedules.

Experimental Settings for Single Task Replay Memory Experiment. We
motivated the need for replay scheduling in continual learning with Figure 1 in Section
1. This simple experiment was performed on Split MNIST where the replay memory
only contains samples from the first task, i.e., learning the classes 0/1. Furthermore,
the memory can only be replayed at one point in time and we show the performance
on each task when the memory is replayed at different time steps. We set the memory
size to M = 10 samples such that the memory holds 5 samples from both classes. We
use the same network architecture and hyperparameters as described above for Split
MNIST. The ACC metric above each subfigure corresponds to the ACC for training
a network with the single task memory replay at different tasks. We observe that
choosing different time points to replay the same memory leads to noticeably different
results in the final performance, and in this example, the best final performance is
achieved when the memory is used when learning task 5. Therefore, we argue that
finding the proper schedule of what tasks to replay at what time in the fixed memory
situation can be critical for continual learning.

II.1 Heuristic Scheduling Baseline

We implemented a heuristic scheduling baseline to compare against MCTS. The
baseline keeps a validation set for the old tasks and replays the tasks which validation
accuracy is below a certain threshold. We set the threshold in the following way: Let
A; ; be the validation accuracy for task ¢ evaluated at time step ¢. The best evaluated

validation accuracy for task ¢ at time 7 is given by Agf)i”t) = max({As1,...,Ar;}). The

condition for replaying task ¢ on the next time step is then A;; < TAEZeSt), where
T € ]0,1] is a ratio controlling how much the current accuracy on task ¢ is allowed to
decrease w.r.t. the best accuracy. The replay memory is filled with M/k, where k is
the number of tasks that need to be replayed according to their decrease in validation
accuracy. This heuristic scheduling corresponds to the intuition of re-learning when
a task has been forgotten. Training on the current task is performed without replay
if the accuracy on all old tasks is above their corresponding threshold.

Grid search for 7. We performed a coarse-to-fine grid search for the ratio 7 on
each dataset. The best value for 7 is selected according to the highest mean accuracy
on the validation set averaged over 5 seeds. The validation set consists of 15% of the
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training data and is the same for MCTS. We use the same experimental settings as
described in Appendix II. The memory sizes are set to M = 10 and M = 100 for
the 5-task datasets and the 10/20-task datasets respectively, and we apply uniform
sampling as the memory selection method. We provide the ranges for 7 that was
used on each dataset and put the best value in bold:

e Split MNIST: 7 = [0.9, 0.93, 0.95, 0.96, 0.97, 0.98, 0.99]

e Split FashionMNIST: 7 = [0.9, 0.93, 0.95, 0.96, 0.97, 0.98, 0.99]

e Split notMNIST: 7 = [0.9, 0.93, 0.95, 0.96, 0.97, 0.98, 0.99]

e Permuted MNIST: 7 = [0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.9, 0.95, 0.97, 0.99]

e Split CIFAR-100: = = [0.3, 0.4, 0.45, 0.5, 0.55, 0.6, 0.65, 0.7, 0.8, 0.9, 0.95,
0.97, 0.99)

e Split minilmagenet: 7 = [0.5, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.95, 0.97,
0.99]

Note that we use these values for 7 on all experiments with Heuristic for the cor-
responding datasets. The performance for this heuristic highly depends on careful
tuning for the ratio 7 when the memory size or memory selection method changes,
as can be seen in in Figure 5 and Table 1. We also provide the ranges for 7 that
was used on each dataset in the Class Incremental Learning setting and put the best
value in bold:

e Split MNIST: 7 = {0.2, 0.3, 0.5, 0.75, 0.9}

e Split FashionMNIST: 7 = {0.2, 0.3, 0.5, 0.75, 0.9}

e Split notMNIST: 7 = {0.2, 0.3, 0.5, 0.75, 0.9}

e Split CIFAR-100: 7 = {0.01, 0.025, 0.05, 0.1, 0.25, 0.5}

e Split minilmagenet: 7 = {0.01, 0.025, 0.05, 0.1, 0.25, 0.5}

I11.2 Hyperparameters for Recent Replay Methods

In Section 4.4, we showed that MCTS can be applied to any replay method. We
combined MCTS together with four recent replay methods, namely Hindsight Anchor
Learning (HAL) [37], Meta Experience Replay (MER) [69], and Dark Experience
Replay (DER) [35]. Table 2 shows the ACC and BWT for all methods combined
with the scheduling from Random, ETS, Heuristic, and MCTS. We observe that
MCTS can further improve the performance for each of the replay methods across
the different datasets.
We present the hyperparameters used for each method in Table 4. The hyperpa-
rameters for each method are denoted as
e HAL. n: learning rate, A: regularization, 7: mean embedding strength, S:
decay rate, k: gradient steps on anchors
e MER. ~: across batch meta-learning rate, §: within batch meta-learning rate
e DER. a: loss coefficient for memory logits
e DER++4. «: loss coefficient for memory logits, 3: loss coefficient for memory
labels
We used the same architectures and hyperparameters as described in Appendix IT
for all datasets, except for the optimizer in HAL where we used the SGD optimizer
since using Adam made the model diverge in our experiments. We used the Adam
optimizer with learning rate n = 0.001 for MER, DER, and DER++.
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Table 4: Hyperparameters for replay-based methods HAL, MER, DER and DER++ used in exper-
iments on applying MCTS to recent replay-based methods in Section 4.4.

5-task Datasets 10- and 20-task Datasets

Method Hyperparam. S-MNIST S-FashionMNIST S-notMNIST P-MNIST S-CIFAR-100 S-minilmagenet
n 0.1 0.1 0.1 0.1 0.03 0.03
A 0.1 0.1 0.1 0.1 1.0 0.03
HAL ¥ 0.5 0.1 0.1 0.1 0.1 0.1
B 0.7 0.5 0.5 0.5 0.5 0.5
k 100 100 100 100 100 100
, ¥ 1.0 1.0 1.0 1.0 1.0 1.0
MER B 1.0 0.01 1.0 1.0 0.1 0.1
DER a 0.2 0.2 0.1 1.0 1.0 0.1
a 0.2 0.2 0.1 1.0 1.0 0.1
DER++ 8 1.0 1.0 1.0 1.0 1.0 1.0

1I.3 Memory Usage in Efficiency of Replay Scheduling
Experiment

We visualize the memory usage for Permuted MNIST and the 20-task datasets Split
CIFAR-100 and Split minilmagenet in Figure 7 for our method and the baselines used
in the experiment in Section 4.6. Our method uses a fixed memory size of M = 50
samples for replay on all three datasets. The memory size capacity for our method is
reached after learning task 6 and task 11 on the Permuted MNIST and the 20-task
datasets respectively, while the baselines continue incrementing their replay memory
size.

Memory Usage for 10-task Permuted MNIST

l Ours [ Baselines

#Replayed Samples

Task
Memory Usage for the 20-task Datasets

ll Ours [ Baselines

#Replayed Samples

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Task

Figure 7: Number of replayed samples per task for 10-task Permuted MNIST (top) and the 20-task
datasets in the experiment in Section 4.6. The fixed memory size M = 50 for our method is reached
after learning task 6 and task 11 on the Permuted MNIST and the 20-task datasets respectively,
while the baselines continue incrementing their number of replay samples per task.
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Figure 8: Comparison of test classification accuracies for Task 1-5 on Split MNIST from a network
trained without replay (Finetune), ETS, and RS-MCTS (Ours). The ACC metric for each method
is shown on top of each figure. We also visualize the replay schedule found by RS-MCTS as a bubble
plot to the right. The memory size is set to M = 10 with uniform memory selection for ETS and
RS-MCTS. Results are shown for 1 seed.

IIT Additional Experimental Results

In this section, we bring more insights to the benefits of replay scheduling in Section
IT1.1, provide statistical significance tests for the experiments on memory selection,
applying scheduling to recent replay methods, and efficiency of replay scheduling in
Section II1.2, and show performance metrics and statistical significance tests for the
varying memory size experiments in Section II1.3.

III.1 Replay Schedule Visualization for Split MINIST

In Figure 8, we show the progress in test classification performance for each task when
using ETS and RS-MCTS with memory size M = 10 on Split MNIST. For compari-
son, we also show the performance from a network that is fine-tuning on the current
task without using replay. Both ETS and RS-MCTS overcome catastrophic forget-
ting to a large degree compared to the fine-tuning network. Our method RS-MCTS
further improves the performance compared to ETS with the same memory, which
indicates that learning the time to learn can be more efficient against catastrophic
forgetting. Especially, Task 1 and 2 seems to be the most difficult task to remember
since it has the lowest final performance using the fine-tuning network. Both ETS
and RS-MCTS manage to retain their performance on Task 1 using replay, however,
RS-MCTS remembers Task 2 better than ETS by around 5%.

To bring more insights to this behavior, we have visualized the task proportions
of the replay examples using a bubble plot showing the corresponding replay schedule
from RS-MCTS in Figure 8(right). At Task 3 and 4, we see that the schedule fills the
memory with data from Task 2 and discards replaying Task 1. This helps the network
to retain knowledge about Task 2 better than ETS at the cost of forgetting Task 3
slightly when learning Task 4. This shows that the learned policy has considered
the difficulty level of different tasks. At the next task, the RS-MCTS schedule has
decided to rehearse Task 3 and reduces replaying Task 2 when learning Task 5. This
behavior is similar to spaced repetition, where increasing the time interval between
rehearsals helps memory retention. We emphasize that even on datasets with few
tasks, using learned replay schedules can overcome catastrophic forgetting better
than standard ETS approaches.
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II1.2 Statistical Significance Tests

We provide p-values from Welch’s t-tests to show the statistical significance between
the methods in the experiments on different memory selections methods (Section
4.3), applying scheduling to recent replay methods (Section 4.4), and efficiency of
replay scheduling (Section 4.6).

Memory Selection Methods. Table 5 presents the statistical significance tests
between MCTS and the baselines that corresponds to the performance results in
Table 1. We note that our method in general achieves significantly higher ACC
comparing to the baselines showing that learning the time to learn is important.

Recent Replay Methods. Table 6 presents the statistical significance tests be-
tween MCTS and the baselines that corresponds to the performance results in Table
1. We note that our method (MCTS) in general achieves significantly higher ACC
compared to the scheduling baselines, which shows that replay scheduling can im-
prove the CL performance when combined with any replay method.

Efficiency of Scheduling. Table 7 presents the statistical significance tests be-
tween MCTS and the baselines that corresponds to the performance results in Table
3. Our method (MCTS) mostly performs on par with the baselines, but is signifi-
cantly better than the baselines on Permuted MNIST, despite that MCTS replays
fewer samples than the baselines.

Table 5: Two-tailed Welch’s t-test results for the various memory selection methods presented in
Table 1.

Split MNIST Split FashionMNIST Split notMNIST

Memory Schedule t p t p t p
MCTS vs Random 2.34 0.074 2.34 0.078 3.66 0.017
Uniform MCTS vs ETS 1.82 0.140 1.39 0.236 5.04 0.005
MCTS vs Heuristic  1.60 0.178 3.64 0.017 1.69 0.166
MCTS vs Random 7.97 0.001 3.90 0.017 0.81 0.445
k-means MCTS vs ETS 3.00 0.040 4.54 0.007 -0.36 0.732
MCTS vs Heuristic ~ 2.27 0.085 3.55 0.022 3.15 0.015
MCTS vs Random  6.15 0.001 3.37 0.027 2.59 0.057
k-center MCTS vs ETS 4.71 0.007 2.56 0.037 2.53 0.062
MCTS vs Heuristic ~ 2.62 0.057 2.13 0.099 3.51 0.019
MCTS vs Random  2.07 0.103 1.68 0.163 2.10 0.093
MoF MCTS vs ETS 2.13 0.095 1.99 0.110 4.11 0.007
MCTS vs Heuristic  1.58 0.188 4.21 0.008 3.15 0.019

Permuted MINIST Split CIFAR-100 Split minilmagenet

Memory Schedule t P t P t P
MCTS vs Random 4.14 0.005 2.67 0.033 0.49 0.636
Uniform MCTS vs ETS 4.18 0.007 7.30 0.000 4.52 0.003
MCTS vs Heuristic  -0.29 0.780 -0.87 0.412 0.82 0.441
MCTS vs Random  7.91 0.000 4.39 0.003 0.61 0.565
k-means MCTS vs ETS 10.83 0.000 12.93 0.000 7.42 0.000
MCTS vs Heuristic ~ 3.05 0.019 1.31 0.255 1.87 0.099
MCTS vs Random 4.70 0.003 2.32 0.051 2.85 0.024
k-center MCTS vs ETS 7.25 0.000 7.46 0.000 6.94 0.000
MCTS vs Heuristic ~ 1.92 0.100 0.82 0.437 3.89 0.005
MCTS vs Random 4.26 0.004 2.67 0.037 2.75 0.036
MoF MCTS vs ETS 5.86 0.001 5.69 0.001 2.57 0.045

MCTS vs Heuristic ~ 5.26 0.002 6.22 0.002 13.90 0.000
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Table 6: Two-tailed Welch’s t-test results for the alternative replay methods results presented in

Table 2.
Split MNIST Split FashionMNIST Split notMNIST
Memory Schedule t p t p t p
MCTS vs Random 1.84 0.139 3.33 0.028 1.41 0.198
HAL MCTS vs ETS 1.20 0.295 2.27 0.053 2.31 0.064
MCTS vs Heuristic ~ 2.26 0.056 4.18 0.014 1.34 0.218
MCTS vs Random 2.08 0.099 -4.15 0.006 2.48 0.059
MER MCTS vs ETS 3.71 0.012 0.64 0.542 3.32 0.011
MCTS vs Heuristic ~ 1.48 0.204 -4.96 0.007 2.04 0.084
MCTS vs Random 2.85 0.046 190.21 0.000 2.56 0.063
DER MCTS vs ETS 4.64 0.007 1.64 0.139 0.51 0.635
MCTS vs Heuristic ~ 5.21 0.006 2.67 0.055 2.73 0.053
MCTS vs Random 1.75 0.156 227.62 0.000 6.68 0.003
DER++  MCTS vs ETS 3.09 0.026 0.89 0.397 0.39 0.712
MCTS vs Heuristic ~ 5.36 0.006 2.93 0.043 1.26 0.272
Permuted MNIST Split CIFAR-100 Split minilmagenet
Memory Schedule t p t p t p
MCTS vs Random 0.46 0.657 2.96 0.022 0.49 0.640
HAL MCTS vs ETS 1.20 0.266 4.16 0.004 3.97 0.004
MCTS vs Heuristic ~ 1.58 0.189 5.07 0.001 2.01 0.082
MCTS vs Random  -17.61 0.000 2.92 0.020 -0.14 0.889
MER MCTS vs ETS 11.24 0.000 0.95 0.386 -0.84 0.425
MCTS vs Heuristic  -2.54 0.059 3.70 0.013 -1.27 0.244
MCTS vs Random  -3.12 0.019 3.46 0.010 3.96 0.014
DER MCTS vs ETS 11.36 0.000 7.18 0.000 5.31 0.003
MCTS vs Heuristic 7.47 0.002 4.44 0.002 -0.25 0.809
MCTS vs Random 0.03 0.981 -2.75 0.025 2.57 0.051
DER++  MCTS vs ETS 10.17 0.000 9.94 0.000 5.43 0.004
MCTS vs Heuristic ~ 8.72 0.001 3.34 0.013 6.89 0.000

Table 7: Two-tailed Welch’s t-test results for efficiency of replay scheduling presented in Table 3.

Split MNIST

Split FashionMNIST

Split notMNIST

Methods t P t P t P

MCTS vs Random  2.12 0.077 2.32 0.076 1.89 0.122
MCTS vs A-GEM  1.00 0.347 4.08 0.004 1.41 0.195
MCTS vs ER-Ring 1.01 0.342 1.18 0.292 2.11 0.076
MCTS vs Uniform  0.30 0.770 0.07 0.950 1.39 0.203

Permuted MNIST

Split CIFAR-100

Split minilmagenet

Methods t P t P t P

MCTS vs Random  2.72 0.044 3.67 0.007 2.48 0.054
MCTS vs A-GEM  8.40 0.001 7.60 0.000 19.52 0.000
MCTS vs ER-Ring 4.46 0.005 -2.96 0.018 0.99 0.369
MCTS vs Uniform  4.68 0.003 -1.13 0.296 0.23 0.824
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II1.3 Varying Memory Size in Different Continual Learning
Setting

Here, we provide the ACC and BWT metrics from the varying memory size experi-
ments from figure 5 in Section 4.5. We also provide the p-values from Welch’s t-tests
to show the statistical significance between the methods.
¢ Domain-IL, 10-task Permuted MNIST: Metrics in Table 8, t-tests in Table
9.
e Task-IL, 5-task Split MNIST /FashionMNIST /notMNIST: Metrics in
Table 10, t-tests in Table 11.
e Task-IL, 20-task Split CIFAR-100/miniImagenet: Metrics in Table 12,
t-tests in Table 13.
e Class-IL, 5-task Split MNIST /FashionMNIST /notMNIST: Metrics in
Table 14, t-tests in Table 15.
¢ Class-IL, 20-task Split CIFAR-100/minilmagenet: Metrics in Table 16,
t-tests in Table 17.
We note that MCTS mostly performs significantly better than the baselines on the 10-
task Permuted MNIST and, interestingly, on the 20-task Split CIFAR-100 and Split
minilmagenet in both Task-IL and Clas-IL settings, which shows the importance of
replay scheduling for CL datasets with long task horizons.

Table 8: Performance comparison in the Do-
main Incremental Learning setting over var-
ious memory sizes for the methods on Per-

Table 9: Two-tail Ich’s t- Its f
muted MNIST. able 9: Two-tailed Welch’s t-test results for

the varying memory size experiments pre-

Permuted MNIST sented in Table 8 in the Domain Incremental
Memory Size Method  ACC (%) BWT (%) Learning setting on Permuted MNIST.
Random  72.63 + 1.06 -25.62 + 1.20 Permuted MNIST
M=90 ETS, . 7149 £ 115 -26.92 + 1.26 Memory Size Methods t P
Heuristic  75.50 = 1.64 -22.14 + 1.93
MCTS 71.66 + 0.67 -28.70 & 0.81 MCTS vs Random  -1.55 0.166
M=90 MCTS vs ETS 0.26 0.806
Random  82.01 + 0.79 -15.24 + 0.86 MCTS vs Heuristic  -4.32 0.007
M=270 ETS 80.68 £ 0.66 -16.72 £ 0.77 -
- Heuristic  78.32 + 1.58 -19.01 + 1.83 V70 iigii vs g%zdo‘“ 2;2 g'gg
MCT! 2.08 +0.35 -17.18 + 0. = o Vs 219 :
CTS 82.08 & 0.35 718+ 0.38 MCTS vs Heuristic ~ 4.66 0.008
g;’;iom Zg; i ﬁg géi i 133 MCTS vs Random ~ 1.13 0.313
M=450 o s . s . M=450 MCTS vs ETS 1.93 0.111
Heuristic  81.66 + 2.30 -15.27 £+ 2.48 MCTS vs Heuristic  3.31 0.027
MCTS  85.53 £ 0.42 -13.34 + 0.49 g S
MCTS vs Random 1.66 0.153
Random  88.02 + 1.03  -8.51 £ 1.09 M=900 MCTS vs ETS 2.02 0.019
=900 ETS 88.02 + 0.46  -8.52 =+ 0.47 MCTS vs Houristic  5.28 0.006
Heuristic  80.27 £ 3.26 -16.77 £+ 3.76 . -
MOTS 88.94 + 043  -9.55 + 0.47 MCTS vs Random  5.31 0.001
M=2250 MCTS vs ETS 6.74 0.000
Random  90.94 + 0.46  -5.26 £ 0.43 MCTS vs Heuristic  5.88 0.004

ETS 91.07 £0.23 -5.11+0.21
Heuristic  81.28 £ 3.79 -15.68 £ 4.32
MCTS 92.45 £0.34 -5.63 £ 0.41

M=2250
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Table 10: Performance comparison in the Task Incremental Learning setting over various memory

sizes for the methods on the 5-task datasets.

Split MNIST

Split FashionMNIST

Split notMNIST

Memory Size Method  ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Random  95.50 4 1.92 -5.38 £ 2.38 95.04 4 243 -5.42 £3.06 91.36 & 1.76 -6.15 &= 1.98
M=8 ETS 95.83 & 1.23 -4.96 £ 1.63 97.25 £ 0.68 -2.66 £ 0.82 92.10 £ 1.53 -5.10 + 1.97
a Heuristic  96.16 + 0.83 -4.45 4+ 1.05 96.29 + 0.79 -3.83 &+ 1.05 93.68 &+ 1.11 -3.06 + 1.54
MCTS 98.17 £ 0.48 -1.99 £ 0.61 98.33 £0.11 -1.27 £0.11 94.53 £ 0.62 -1.67 £ 1.03
Random  97.21 £ 1.70 -3.24 +2.14 97.20 £ 0.71 -2.72 £0.92 92.31 +£1.50 -4.88 £ 1.75
M=24 ETS 97.87 £ 0.58 -2.41 £0.74 97.84 £0.55 -1.91 £0.64 93.19 £1.41 -3.84 £1.48
- Heuristic  97.82 4+ 1.17 -2.40 £1.46 95.76 + 2.84 -4.48 £ 3.52 9297 £ 2.55 -3.54 £ 3.07
MCTS 98.58 4+ 0.32 -1.47 £0.41 9848 £0.24 -1.06 £ 0.32 95.23 £ 0.66 -1.08 + 1.72
Random  97.57 + 2.03 -2.78 4 2.53 96.85 + 1.58 -3.10 £ 2.05 94.14 4+ 0.95 -2.50 £ 1.59
M=80 ETS 98.47 + 0.40 -1.65 £ 0.49 97.93 £ 0.85 -1.76 £ 0.98 94.63 £ 0.67 -1.82 + 0.74
- Heuristic  98.36 £ 0.40 -1.72 £ 0.50 96.22 + 1.96 -3.92 +2.45 93.24 4+ 2.56 -3.73 £ 2.71
MCTS 99.06 £ 0.16 -0.89 £0.21 98.60 £ 0.24 -0.87 £0.34 94.84 £0.58 -0.97 £ 1.28
Random  97.82 £ 229 -2.47 +2.88 98.29 + 0.44 -1.26 £ 0.56 94.91 +1.03 -1.65 + 1.04
M=120 ETS 98.82 + 0.18 -1.22 £0.26 98.53 £ 0.28 -0.96 £ 0.36 95.32 £ 0.66 -1.21 + 1.30
- Heuristic  98.37 £ 0.38 -1.71 4 0.48 95.26 + 3.14 -5.12 £ 3.98 93.42 4+ 1.78 -3.47 £ 2.22
MCTS 99.05 £ 0.11 -0.88 £0.15 98.75 £ 0.19 -0.77 £ 0.25 94.16 £ 1.08 -1.99 + 1.69
Random  97.99 + 1.59 -2.25 4+ 2.00 96.68 + 3.33 -3.38 £4.19 93.94 4+ 1.40 -2.12 £+ 1.70
M=200 ETS 98.83 £0.23 -1.19 £0.28 98.60 £ 0.25 -0.99 £0.29 94.79 £ 0.50 -1.58 £ 1.03
- Heuristic  98.15 + 0.64 -1.97 £0.81 95.83 +£2.00 -4.40 £2.52 93.88 +£1.63 -2.71 £ 1.69
MCTS 99.09 £ 0.08 -0.83 £0.11 98.83 £ 0.11 -0.65 £ 0.15 95.19 £ 0.53 -0.49 &+ 0.47
Random  97.98 4+ 2.23 -2.28 £2.80 98.00 £ 1.59 -1.74 £2.00 94.68 £1.11 -1.77 £ 1.09
M=400 ETS 99.18 + 0.10 -0.78 £ 0.13 98.83 £ 0.09 -0.71 £ 0.12 95.41 £ 0.56 -0.20 + 1.07
- Heuristic  98.44 £+ 0.60 -1.64 + 0.77 95.41 + 3.77 -4.93 +4.69 92.84 4+ 1.88 -3.95 £ 2.05
MCTS 99.25 £ 0.05 -0.63 £0.09 98.80 £ 0.11 -0.62 £ 0.17 95.25 £ 0.44 -0.97 £ 1.20
Random  98.60 + 1.42 -1.51 &£ 1.77 97.00 + 3.93 -2.98 +£4.94 94.97 +£ 0.73 -1.86 £ 0.77

M=800 ETS 99.34 £ 0.06 -0.57 £0.04 98.97 £0.06 -0.51 £0.10 95.52 £0.74 -0.61 £ 1.21
- Heuristic  98.76 4+ 0.41 -1.23 £ 0.55 93.32 4+ 3.67 -7.54 £4.65 95.06 +1.44 -1.17 £ 1.30
MCTS 99.38 4 0.08 -0.45 £ 0.10 98.96 & 0.12 -0.45 £+ 0.18 95.46 £ 0.70 -0.48 + 0.81

Table 11: Two-tailed Welch’s t-test results for the varying memory size experiments presented in

Table

10 in the Task Incremental Learning setting on the 5-task datasets.

Split MNIST Split FashionMNIST Split notMNIST

Memory size Methods t P t P t 14
MCTS vs Random  2.70  0.048 2.70 0.054 3.41 0.019
M=8 MCTS vs ETS 3.53 0.016 3.13 0.033 2.94 0.030
MCTS vs Heuristic 4.18  0.005 5.12 0.006 1.34 0.227
MCTS vs Random  1.59 0.183 3.39 0.020 3.55 0.014
M=24 MCTS vs ETS 2.15 0.074 2.14 0.080 2.63 0.041
MCTS vs Heuristic  1.26 0.268 1.90 0.128 1.72 0.153
MCTS vs Random  1.47 0.215 2.18 0.091 1.26 0.251
M=80 MCTS vs ETS 2.76  0.038 1.53 0.191 0.48 0.645
MCTS vs Heuristic  3.26  0.021 2.41 0.072 1.22 0.285
MCTS vs Random  1.07 0.344 1.95 0.105 -1.01 0.343
M=120 MCTS vs ETS 2.12 0.073 1.31 0.231 -1.83 0.112
MCTS vs Heuristic  3.45 0.020 2.22 0.090 0.70 0.507
MCTS vs Random  1.38 0.240 1.29 0.266 1.67 0.154
M=200 MCTS vs ETS 2.06 0.094 1.69 0.146 1.11 0.301
MCTS vs Heuristic 2.91  0.042 3.00 0.040 1.53 0.190
MCTS vs Random  1.14 0.318 1.00 0.373 0.94 0.389
M=400 MCTS vs ETS 1.25 0.258 -0.42 0.684 -0.47 0.655
MCTS vs Heuristic  2.69 0.054 1.80 0.146 2.49 0.061
MCTS vs Random  1.10 0.332 1.00 0.373 0.96 0.364
M=800 MCTS vs ETS 0.82 0.435 -0.06 0.955 -0.11 0.912
MCTS vs Heuristic 3.05  0.035 3.08 0.037 0.50 0.636
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Table 12: Performance comparison in the Task Incremental Learning setting over various memory
sizes for the methods on the 20-task datasets.

Split CIFAR-100 Split minilmagenet
Memory Size Method  ACC (%) BWT (%) ACC (%) BWT (%)

Random  56.92 +0.72 -31.98 £ 0.69 52.06 + 0.94 -12.49 £+ 1.41
ETS 55.19 £ 0.77 -33.70 £ 0.82 51.33 £2.01 -13.32 + 2.15

M=95 Heuristic  53.86 4+ 3.89 -34.51 4+ 4.25 50.66 £ 1.36 -10.99 £ 1.39
MCTS 60.46 £ 1.05 -27.67 +1.23 53.59+0.24 -9.49 £ 0.51

Random  67.79 +1.19 -20.31 £ 1.12 57.85+1.09 -6.33 £+ 1.30

M=285 ETS 65.02 £ 098 -23.36 = 1.10 56.18 £ 0.83 -8.43 £ 1.37
N Heuristic  60.26 + 2.88 -27.44 £ 2.87 53.33 +£2.21 -7.96 &+ 2.18
MCTS 68.85 £ 0.56 -18.41 £ 0.63 5791 +£0.09 -5.18 £ 0.54

Random  70.86 4+ 1.24 -17.19 +£1.26 59.54 + 1.25  -4.22 £+ 1.96

M=475 ETS 69.40 £ 0.73 -18.68 £ 0.82 59.60 £ 0.98 -4.75 £ 1.31
B Heuristic  65.00 & 3.08 -22.58 4 3.20 50.12 £ 4.60 -11.79 £ 5.08
MCTS 72.93 £0.54 -14.154+0.78 60.00 + 0.48 -2.85 £ 0.34

Random  75.39 4+ 0.46 -12.24 £+ 0.46 61.87 £ 0.85 -2.32 £ 1.06

M=950 ETS 7424 £0.61 -13.49 +0.44 6051 £0.95 -4.01 £1.28
N Heuristic  65.97 & 5.51 -21.40 £ 5.58 50.99 4+ 4.64 -11.21 £ 4.62
MCTS 76.65 £ 0.62 -10.31 £0.84 61.82+£0.69 -1.38 £0.55

Random  78.86 + 0.38 -8.64 + 0.37 62.95+ 0.69 -1.56 + 0.99

M=1900 ETS 7766 £038 -9.72 £ 036 6238 £0.68 -1.55+£0.90

Heuristic  63.70 & 6.12 -24.07 £ 6.60 56.42 &+ 3.15  -5.43 &+ 3.63
MCTS 79.24 £0.59 -7.43 +£0.64 6383 +1.04 041 +1.10

Table 13: Two-tailed Welch’s t-test results for the varying memory size experiments presented in
Table 12 in the Task Incremental Learning setting on the 20-task datasets.

Split CIFAR-100 Split minilmagenet

Memory size Methods t P t p
MCTS vs Random  5.56 0.001 3.15 0.029
M=95 MCTS vs ETS 8.11 0.000 2.23 0.088
MCTS vs Heuristic  3.27 0.025 4.24 0.012
MCTS vs Random  1.62 0.159 0.11 0.918
M=285 MCTS vs ETS 6.76 0.000 4.14 0.014
MCTS vs Heuristic  5.87 0.003 4.13 0.014
MCTS vs Random  3.05 0.025 0.68 0.525
M=475 MCTS vs ETS 7.78 0.000 0.73 0.496
MCTS vs Heuristic  5.07 0.006 4.28 0.012
MCTS vs Random  3.25 0.013 -0.09 0.929
M=950 MCTS vs ETS 5.51 0.001 2.25 0.058
MCTS vs Heuristic  3.85 0.017 4.62 0.009
MCTS vs Random  1.08 0.317 1.41 0.203
M=1900 MCTS vs ETS 4.53 0.003 2.34 0.052

MCTS vs Heuristic  5.05 0.007 4.47 0.007
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Table 14: Performance comparison in the Class
sizes for the methods on the 5-task datasets.

Split MNIST

Split FashionMNIST

Split notMINIST

Memory Size Method ACC (%) BWT (%) ACC (%) BWT (%) ACC (%) BWT (%)
Random  25.53 £ 1.57 -92.74 £1.99 30.78 £ 2.74 -85.70 £+ 3.47 30.48 £ 5.16 -81.80 + 6.18
M=10 ETS 25.10 £ 1.04 -93.27 + 1.32 30.67 + 2.36 -85.83 + 3.03 31.67 + 6.03 -80.22 + 7.36
- Heuristic  25.05 + 1.51 -93.27 +£ 1.85 31.81 £+ 3.17 -84.33 +3.96 29.86 + 3.49 -82.07 + 4.26
MCTS 28.19 £ 2.18 -89.34 £ 2.71 33.77 £2.71 -81.91 £3.45 37.23 £3.53 -73.93 + 3.89
Random  34.13 + 2.04 -81.98 + 2.57 37.80 +2.92 -76.83 +3.62 42.78 +1.24 -65.75 £+ 1.92
M=20 ETS 35.17 £ 2.06 -80.65 + 2.54 38.76 + 1.58 -75.63 £ 1.93 45.21 £5.92 -63.10 + 7.33
- Heuristic  33.87 4+ 2.15 -82.20 £ 2.65 42.52 +£1.98 -70.94 4+ 2.47 45.13 + 3.68 -63.32 + 4.31
MCTS 39.62 £ 0.73 -75.05 £ 0.92 44.27 +£2.19 -68.71 £ 2.74 47.83 £ 0.82 -59.91 + 1.11
Random  45.34 £ 3.71 -67.96 + 4.64 45.78 £2.96 -66.84 &+ 3.72 55.70 + 2.96 -49.58 + 3.36
M=40 ETS 48.57 £ 1.90 -63.93 +2.37 4554 +1.21 -67.15 £ 1.48 58.07 £+ 3.88 -46.85 + 4.92
- Heuristic  45.22 £ 4.54 -68.05 £ 5.65 51.67 £ 1.59 -59.43 £+ 2.02 53.90 £+ 6.10 -52.09 + 7.73
MCTS 50.79 £ 2.45 -61.07 £ 3.08 51.33 £2.96 -59.87 £ 3.70 62.55 £+ 3.23 -41.20 + 4.81
Random  59.53 £ 6.37 -50.12 £ 7.96 55.96 + 3.31 -53.98 £ 4.17 65.06 &+ 3.48 -37.86 + 4.30
M=100 ETS 68.09 £ 1.06 -39.49 +1.33 59.26 £ 0.95 -49.92 £ 1.14 7255 +£ 1.65 -28.88 + 2.31
B Heuristic  49.81 + 1.58 -62.17 £ 1.95 58.14 £2.96 -51.24 £+ 3.71 58.28 £+ 2.02 -46.70 + 2.63
MCTS 66.86 + 2.21 -40.96 + 2.75 60.97 + 2.43 -47.63 £ 2.99 71.18 £ 3.58 -30.27 + 4.15
Random  65.82 + 7.50 -42.27 +£9.36 61.11 £ 5.19 -47.26 + 6.48 67.07 &+ 5.65 -35.36 + 6.96
M=200 ETS 7773 £1.31 -27.42 £ 1.63 66.51 +£ 0.75 -40.60 £ 0.99 77.15 £+ 0.24 -22.61 £+ 0.89
- Heuristic  53.85 + 0.88 -57.05 £ 1.11  54.69 £+ 0.32 -55.42 + 0.43 57.05 + 3.28 -47.66 + 4.09
MCTS 78.14 £ 1.67 -26.81 £2.00 67.38 £2.60 -39.41 £+ 3.26 75.91 + 4.88 -24.15 + 5.98
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Table 15: Two-tailed Welch’s t-test results for the varying memory size experiments presented in
Table 14 in the Class Incremental Learning setting on the 5-task datasets.

Split MNIST  Split FashionMNIST Split notMINIST

Memory size Methods t p t P t p
MCTS vs Random  1.98 0.086 1.56 0.158 2.16 0.067
M=10 MCTS vs ETS 256  0.045 1.73 0.123 1.59 0.159
MCTS vs Heuristic  2.37  0.049  0.94 0.374 2.97 0.018
MCTS vs Random  5.06 0.004  3.54 0.009 6.80 0.000
M=20 MCTS vs ETS 4.07 0.010 4.07 0.004 0.88 0.429
MCTS vs Heuristic ~ 5.08  0.004 1.18 0.271 1.43 0.219
MCTS vs Random  2.45 0.044 2.65 0.029 3.13 0.014
M=40 MCTS vs ETS 1.43 0.192 3.62 0.014 1.78 0.115
MCTS vs Heuristic ~ 2.16 0.073 -0.21 0.843 2.51 0.046
MCTS vs Random 2.18 0.082 2.44 0.043 2.45 0.040
M=100 MCTS vs ETS -1.00  0.356 1.31 0.246 -0.69 0.515
MCTS vs Heuristic 12.55 0.000  1.48 0.180 6.29 0.001
MCTS vs Random  3.21  0.029 2.16 0.075 2.37 0.046
M=200 MCTS vs ETS 0.39 0.707  0.65 0.548 -0.51 0.639
MCTS vs Heuristic  25.79  0.000  9.69 0.001 6.41 0.000
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Table 16: Performance comparison in the Class Incremental Learning setting over various memory
sizes for the methods on the 20-task datasets.

Split CIFAR-100 Split minilmagenet
Memory Size Method  ACC (%) BWT (%) ACC (%) BWT (%)

Random  4.49 £0.04 -85.73 £0.34 3.36 £0.23 -60.11 £+ 0.83
ETS 451 £0.13 -85.62+£0.34 3.34+021 -60.25+ 0.47

M=100 Heuristic ~ 4.55 £ 0.13  -84.62 £ 0.44 3.29 £0.14 -57.01 £ 0.45
MCTS 462 +£010 -84.73£0.23 351+0.19 -57.57+1.13

Random  5.24 £0.12 -84.53 +£0.28 3.60 & 0.24 -58.83 £ 0.81

M=200 ETS 498 £0.14 -85.056£0.19 3.75+0.14 -58.92 £ 1.03
N Heuristic ~ 5.20 £0.16 -83.33 £0.29 3.95 £ 0.36 -54.81 £+ 0.58
MCTS 584 £0.16 -82.89 £0.28 4.26 +£0.19 -55.19 £0.73

Random  7.13 £0.25 -81.93 +£0.29 4.81 +£0.40 -56.36 + 0.44

M=400 ETS 6.35 £0.25 -82.92 £0.23 4.35+0.15 -57.28 £0.83
B Heuristic ~ 7.66 £ 0.60 -79.82 £ 0.60 6.97 £ 0.78 -49.44 + 1.04
MCTS 831 +£0.21 -79.58 £0.51 7.64+0.70 -48.73+1.71

Random  10.64 & 0.51 -77.27 &£ 0.62 840 &+ 1.07 -50.95 £ 1.85

M=800 ETS 9.13£020 -79.54£043 7.15+0.51 -53.95+0.74
N Heuristic  11.33 + 0.47 -74.75 £ 0.73 844 £1.15 -48.89 £ 1.43
MCTS 12.06 £ 0.24 -74.70 £ 0.29 11.56 &= 1.30 -44.30 £ 1.63

Random  15.54 + 0.69 -70.42 4+ 0.55 13.72 £ 1.30 -44.19 £+ 1.73

M=1600 ETS 13.99 £ 0.32 -72.42 £ 0.24 12,17 & 1.40 -47.55 £ 1.39

Heuristic  15.66 &= 1.84 -67.24 £ 1.75 839 £1.35 -49.35 £ 1.77
MCTS 17.59 £ 0.42 -66.59 £ 0.66 15.40 £ 0.34 -42.27 £ 0.73

Table 17: Two-tailed Welch’s t-test results for the varying memory size experiments presented in
Table 16 in the Class Incremental Learning setting on the 20-task datasets.

Split CIFAR-100 Split minilmagenet

Memory size Methods t P t p
MCTS vs Random  2.35 0.065 1.03 0.335
M=100 MCTS vs ETS 1.38 0.208 1.20 0.266
MCTS vs Heuristic  0.87 0.410 1.86 0.103
MCTS vs Random 5.95 0.000 4.34 0.003
M=200 MCTS vs ETS 8.07 0.000 4.35 0.003
MCTS vs Heuristic ~ 5.72 0.000 1.51 0.182
MCTS vs Random 7.15 0.000 7.06 0.000
M=400 MCTS vs ETS 11.98 0.000 9.22 0.000
MCTS vs Heuristic ~ 2.01 0.101 1.29 0.232
MCTS vs Random  5.05 0.003 3.75 0.006
M=800 MCTS vs ETS 18.79 0.000 6.32 0.001
MCTS vs Heuristic ~ 2.77 0.033 3.60 0.007
MCTS vs Random 5.08 0.002 2.50 0.059
M=1600 MCTS vs ETS 13.60 0.000 4.49 0.008

MCTS vs Heuristic  2.04 0.104 10.04 0.000
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Abstract

Scheduling over which tasks to select for replay at different times have been
demonstrated to be important in continual learning. However, a replay schedul-
ing policy that can be applied in any continual learning scenario is currently
missing, which makes replay scheduling infeasible in real-world scenarios. To
this end, we propose using reinforcement learning to enable learning policies
that can be applied in new continual learning scenarios without additional
computational cost. In our experiments, we show that the learned policies
can propose replay schedules that efficiently mitigate catastrophic forgetting
in environments with previously unseen task orders and datasets. The pro-
posed approach opens up for new research directions in replay-based continual
learning that stems well with real-world needs.

1 Introduction

Scheduling over which historical tasks to replay has been shown to mitigate catas-
trophic forgetting efficiently in continual learning (CL) [1,2]. Such replay strategies
are important in real-world applications with machine learning systems that needs to
learn continuously from streaming data, wherein the incoming data is stored rather
than deleted. In such scenarios, re-training on all stored data is often prohibited
due to limitations on computational resources and data transmission times. There-
fore, we need a policy that schedules from immense amounts of recorded data which
previously learned abilities to replay when learning new tasks.

Although memory scheduling is essential for real-world CL, an efficient policy
that schedules the time to replay which tasks is currently missing from the literature.
For example, the policy in [2] is searched after using multiple CL episodes which is
prohibited in the CL setting. Moreover, the method in [1] performs forward passes on
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all stored data for selecting the tasks to replay, which becomes challenging in scenarios
where the amounts of historical data is huge. If we could learn the scheduling policy,
we would want the possibility to transfer the policy to new CL scenarios without
the need for additional training in the target domain. Ideally, the policy should be
domain-agnostic such that it is capable of generalizing to any CL dataset unseen
during training. Such policy could potentially enable replay methods to efficiently
mitigate catastrophic forgetting in real-world CL applications where the number of
seen classes exceeds the replay memory budget.

In this paper, we propose a framework based on reinforcement learning (RL) [3]
for learning a general replay scheduling policy that selects which tasks to replay at
different times. We focus on the CL setting introduced in [2] which simulates a
scenario where a replay memory is sampled from a large historical data storage for
mitigating catastrophic forgetting. The policy is learned from multiple episodes in a
CL environment by selecting which tasks to replay to efficiently mitigate catastrophic
forgetting in the CL network. Our goal is to learn a replay scheduling policy that
generalizes to new CL scenarios without added computational cost. We enable the
possibility for generalizing to new domains by using the intuition that the policy
should replay tasks that are to be forgotten by the classifier. Hence, we provide the
policy with the evaluated task performances of the classifier in the CL environment,
such that the policy can select the tasks to efficiently retain overall CL performance.
In summary, our contributions are:

e We take the first steps to enable replay scheduling in real-world CL scenarios by

proposing an RL-based framework for learning policies that generalize across
different CL environments (Section 4).

e We show that the learned policies can efficiently mitigate catastrophic forget-
ting in CL scenarios with new task orders and datasets unseen during training
without added computational cost (Section 5.1).

2 Preliminaries

In this section, we recall the CL setting in [2] that we consider as well as some
background on RL and the algorithms Deep Q-Networks (DQNs) [4, 5], Advantage
Actor-Critic (A2C) [6], and Soft Actor-Critic [7,8].

2.1 Continual Learning Setting

We consider the CL setting presented in Klasson et al. [2]. In contrast to the tradi-
tional CL setting [9,10], the historical data is assumed to be accessible at any time
for replay to mitigate catastrophic forgetting. However, retraining on all seen data
is prohibited due to processing time constraints, such as limitations on data trans-
mission times or the allowed time for learning new tasks. The learning setup is the
same as for CL in image classification, where a network parameterized by ¢ should
learn T tasks arriving sequentially in the form of T' datasets Dy.r = {D1,...,Dr}.
The dataset for the ¢-th task D, = {(wgi),ygi))}fv:tl where :cgi) and yt(i) are the -
th data point and corresponding class label among a total of N; examples in the
dataset. Furthermore, each dataset is split into a training, validation, and test set,
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ie., D; = {Dir@n Dyral Diestl The objective at task ¢ is to minimize the loss
U(fp(xt),ye) where £(-) is the cross-entropy loss in our case.

The challenge is for the network f, to retain its performance on the previous
tasks. However, as the historical data can be huge, we are only allowed to fill a tiny
replay memory M of size M with historical data due to limitations on processing
time. Hence, we need a method for selecting which tasks to replay and the amount
of samples to add to the replay memory from each selected task. We use the same
approach as in [2] to enable the task selection, where a discrete action space of task
proportions is created. At each task ¢, there is a finite set possible task proportions
p: = (p1,...,pr—1), where Zj p;j = 1 with p; > 0 if j < ¢ otherwise p; = 0, that can
be used for constructing the replay memory for mitigating catastrophic forgetting.
Replay scheduling involves finding a policy for selecting task proportions that are
efficient in mitigating catastrophic forgetting in the CL network. In Section 4, we
describe our RL-based framework for learning such policies.

2.2 Background on Reinforcement Learning

The RL setup considers an agent interacting with an environment F over a number
of discrete time steps [3]. The environment is modeled with a Markov Decision
Process (MDP) [11] represented as a tuple E = (S, A, P, R, u,7y) consisting of the
state space S, action space A, state transition probability P(s’|s,a), reward function
R(s,a), initial state distribution p(s1), and discount factor . At each time step ¢,
the agent receives a state s; from the environment, selects an action a; € A using a
policy 7(a|s), and enters the next state s;; with transition probability P(s:41]|s:, at)
and receives a numerical reward following r; from the environment. This procedure
is repeated until the agent reaches a terminal state in which the procedure can be
restarted. The return G; = Z;O:O 'yerk is the discounted accumulated reward from
time step t. The goal for the agent is to learns policy that maximizes the expected
return.

The action value Q™ (s,a) = E[G¢|s; = s,a] is the expected return for selecting
action a in state s and following policy w. The optimal action value Q*(s,a) =
max, Q™ (s, a) is defined as the maximum action value for state s and action a for any
given policy m. Deep Q-Networks (DQNs) [4,5] is a value-based RL algorithm which
aims to approximate the optimal action value function as Q*(s,a) = Qg(s,a) with
a neural network Qg parameterized by 6. For learning the function QQg, we collect
data from the environment with by using an epsilon-greedy policy [3] to estimate Qg
by minimizing the loss

Lpgn(0) = (y: — Qo(st, ar))? (1)
with y; = r; + ymax, Qg- (st41,a’), where 8~ is a previous copy of the network 6
referred to as the target network. In addition to the introduction of target networks,
several methods have been proposed for stabilizing the learning process, such as using
experience replay [12] to sample training data stored in a replay buffer, applying L1-
smoothing to the loss, and correcting the action value estimates [13].

An alternative to value-based RL is policy gradient methods where the optimal
policy is estimated directly with a parameterized form mg(als) where 0 represents
the parameters of a neural network. Similar to the action value function, the value
function V™ (s) = E[G¢|s; = s] defines the expected return following policy 7 from
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state s. In actor critic methods, such as Advantage Actor-Critic (A2C) [6] and
Proximal Policy Optimization (PPO) [14], we estimate the value function with a
neural network Vg, to reduce variance of the gradients. The policy network takes
the state s; as input and outputs a distribution over the possible actions a;. The
agent collects experiences from the environment with the current policy to use for
updating the parameters @ by minimizing the loss

Lpc(0) = Ellog mg(als)A(se, ar)], (2)
where Ag_(s¢,a;) is an estimate of the advantage function given by Zi:ol = 7ir; +
v*Va, (st+x) — Va,(5t). The policy and value function can be updated after ¢,,q,
actions or when a terminal state is reached [6].

Model-free deep RL algorithms usually suffer from high sample complexity or
requires careful hyperparameter tuning. Soft Actor-Critic (SAC) [7,8] is a maximum
entropy RL algorithm that aims to maximize the expected reward and the entropy
of the policy, i.e.,

Lsac = E[R(st, a;) + aH(r(-|s1))], (3)
where « is a temperature parameter determining the relative importance of the en-
tropy against the reward. The goal for maximum entropy RL is to maximize the
reward while maintaining high entropy to encourage exploration of promising ac-
tions. SAC has been shown to learn faster than on-policy methods, such as PPO,
in tasks with high-dimensional continuous action spaces and being less sensitive to
hyperparameter selection [7].

3 Related Work

In this section, we place this paper into context by providing a brief overview of CL
as well as generalization in RL.

Continual Learning. The various CL approaches for mitigating catastrophic for-
getting can broadly be divided into three categories, namely, regularization-based [15-
21], architecture-based [22-28], and replay-based approaches [1,2,29-42]. Regularization-
based methods generally focuses on applying regularization techniques on parame-
ters important for recognizing old tasks and fit the remaining parameters to new
tasks [15,17,21,43]. Furthermore, knowledge distillation [44] has been used for reg-
ularizing network output units of previous tasks [16,18], as well as constraining the
parameter updates to subspaces with gradient projections to avoid interference with
previous tasks [19,20]. Architecture-based approaches focuses on adding task-specific
network modules for every seen task [22-24,27,28], or isolating parameters for predict-
ing specific task in fixed-size networks [25, 26, 45]. Replay-based methods re-trains
the network on samples of old tasks that are either stored in an external mem-
ory [1,2,29,30,34-38,40,41,46], or synthesized with a generative model [32,33,42].
Scheduling over which samples or tasks to replay has been studied in [1,2]. This work
builds on the replay scheduling idea in [2] where we propose an RL-based framework
for learning policies that selects which tasks to replay at different times.

Generalization in Reinforcement Learning. Generalization is an active re-
search topic in RL [47] as RL agents tend to overfit to their training environ-
ments [48-51]. The goal is often to transfer learned policies to environments with new
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Figure 1: Illustration of the procedure of the proposed RL-based framework in a CL environment
with Split MNIST. The goal is to mitigate catastrophic forgetting in the classifier fg by composing
replay memories M with the replay scheduling policy mg. The policy selects action a determining
which tasks to replay given the state s represented as the validation task performances of fg. The
colored border on the MNIST images indicates which task the data comes from. The classifier fg
is in evaluation mode when darker-shaded color over the box is used.

tasks [52-55] and action spaces [56-58]. Some approaches aim to improve generaliza-
tion capabilities by generating more diverse training data [49,59,60], using network
regularization or inductive biases [61-63], or learning dynamics models [64,65]. In
this paper, we use RL for learning policies for selecting which tasks a CL network
should replay. The goal is to learn policies that can be applied in new CL environ-
ments for replay scheduling on unseen task orders and datasets without additional
computational cost.

4 Methodology: Policy Learning Framework for Replay
Scheduling

In this section, we present an RL-based framework for learning replay scheduling
policies. We focus on learning a general policy that can be applied in any CL scenario
to mitigate catastrophic forgetting to avoid re-training the policy for every new CL
dataset. Our intuition is that there may exist general patterns regarding replay
scheduling, e.g., that tasks that are harder or have been forgotten should be replayed
more often. We aim to implicitly explore such task properties by using the task
performances of the CL network as states for the policy to select which tasks to
replay. Representing the states with task performances also enables transferring
the learned policy to reduce forgetting in unseen CL environments. For example,
we could apply a learned policy in user personalization scenarios, where an image
classifier learns continually to recognize various objects in environments of different
people. Next, we present our modeling approach for learning the replay scheduling
policies using RL.

CL Environment. We model the CL environments as Markov Decision Processes [11]
(MDPs) where each MDP is represented as a tuple E; = (S;, A, P;, R;, j1i,7y) con-
sisting of the state space S;, action space A, state transition probability P;(s'|s, a),
reward function R;(s, a), initial state distribution p;(s1), and discount factor . Each
environment F; contains a network fg and task datasets D;.r where the t-th dataset
is learned at time step ¢. The state s; is defined as the task accuracies Ay ;.; evaluated
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at task ¢, such that s; = [A¢1,..., Ast, 0, ..., 0] where zero-padding is used on future
tasks. We obtain the states by evaluating the classifier on the validation datasets to
avoid overfitting the policy to the training data. We use the same action space as
constructed in Klasson et al. [2], such that a; € A corresponds to a task proportion p;
used for sampling the replay memory M;. The state transition distribution P;(s’|s, a)
represents the dynamics of the environment, which depend on the initialization of fg
and the task order in D;.7. We use a dense reward defined as the average validation
accuracies at task t, i.e., r; = %Zle Aizal), to ease exploration in the action space.
The goal for the agent is to maximize the rewards during an episode.

Policy Training and Evaluation. Figure 1 shows an illustration of this proce-
dure for using the learned replay scheduling policy in a CL environment with the
Split MNIST dataset [43]. The seen CL datasets are placed in the dataset storage to
use for sampling replay memories given the actions from the policy 7 for mitigating
catastrophic forgetting at each time step. The policy interacts with the CL environ-

ments by selecting which tasks the network fg should replay to mitigate catastrophic

forgetting. The state s; is obtained by evaluating fs on the validation sets D%)tal) af-

ter learning task ¢. The action a; is selected under the policy mg(a|s;), parameterized
by @, which is converted into the task proportion p; for sampling the replay mem-
ory M, from the historical datasets. The network fg is trained on task ¢ 4 1 while

replaying M, and we obtain the reward r;y; and the next state s;;; by evaluating

fs on the validation sets Di?ﬁ@l. The collected transitions (S, at, re41, St+1) are used

for updating the policy, and a new episode starts after fe has learned the final task
T. We let the policy interact with multiple training environments &%) = {E}E,
sampled from a distribution of CL environments, i.e., F; ~ p(E). To generate diverse
CL environments, we let each F; have different network initializations of fy and task
orders in the datasets. Our goal is to learn a general replay scheduling policy that
can be applied in new CL environments to mitigate catastrophic forgetting. Hence,
in Section 5, we evaluate the policy in CL environments with new task orders or
datasets unseen during training. The policy is applied for only a single CL episode
without additional training in the test environment.

Architectures for RL algorithms. The input layer to the RL policy networks
has size T'— 1 where each unit is inputting the task performances since the states are
represented by the validation accuracies s; = [Agfjlal), e A,Ej’;‘“, 0,...,0]. The current
task can therefore be determined by the number of non-zero state inputs. For DQN
and A2C, we use a Categorical policy where the output layer has 35 units representing
the possible actions at T = 5 in the discrete action space (see Klasson et al. [2]). We
use action masking on the output units based on the task number to prevent the
network from selecting invalid actions for constructing the replay memory at the
current task. For SAC, we take inspiration from Tian et al. [66] and use a Dirichlet
policy for representing the task proportions in a continuous action space, where the
actions are constrained by Zf;i a; = 1 where a; > 0. The continuous action space
has T — 1 dimensions, where each dimension represents the task proportion to use
for filling the replay memory with samples from the corresponding task. We use
zero-masking on the Dirichlet concentration parameters based on the current task to
prevent invalid actions. In the experiments (Section 5), we select the closest action
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measured in Euclidean distance from the discrete action space as the executed action
for SAC to establish fair comparison to DQN and A2C.

5 Experiments

We evaluate our RL-based framework using DQN, A2C, and SAC for learning poli-
cies that generalize to new CL scenarios. We show that the learned policies can
efficiently mitigate catastrophic forgetting in CL environments with new task orders
and datasets that are unseen during training. Full details on experimental settings
in Appendix II and additional results in III including statistical significance tests
between the RL algorithms and the baselines.

Datasets and Network Architectures. We conduct experiments on four CL
benchmark datasets: Split MNIST [43,67], FashionMNIST [68], Split notMNIST [69],
Permuted MNIST [70], and Split CIFAR-10 [71]. We randomly sample 15% of train-
ing data for each task to use for validation, and keep the original test sets intact.
We use multi-head output layers for all datasets and assume task labels are avail-
able at test time [72]. A 2-layer MLP with 256 hidden units for Split MNIST, Split
FashionMNIST, and Split notMNIST. For Split CIFAR-10, we the same ConvNet
architecture used in [18,21,73].

Generating CL Environments. We generate multiple CL environments with
pre-set random seeds for initializing the network parameters ¢ and shuffling the task
order. See Appendix II for details on the pre-set seeds. We shuffle the task order
by permuting the class order and then split the classes into 5 pairs (tasks) with 2
classes/pair. Taking a step at task ¢ in the CL environments involves training the
CL network on the ¢t-th dataset with a replay memory M; from the discrete action
space [2]. To speed up the experiments with the RL algorithms, we run a breadth-
first search (BFS) through the discrete action space and save the classification results
for re-use during policy learning. Note that the action space has 1050 possible paths
of replay schedules for the 5-task datasets, which makes the environment generation
time-consuming. More specifically, generating a CL environment for one seed with
Split MNIST took on around 9.5 hours on average on a NVIDIA GeForce RTW
2080Ti. Hence, we only generate environments where the replay memory size M = 10
have been used, and leave analysis of different memory sizes as future work.

Baselines. 'We compare our proposed method to the following scheduling baselines:
¢ Random. Random policy that randomly selects task proportions from the
action space on how to structure the replay memory at every task.

e Equal Task Schedule (ETS). Policy that selects equal task proportion such
that the replay memory aims to fill the memory with an equal number of
samples from every seen task.

¢ Heuristic Global Drop (Heur-GD). Heuristic policy that replays tasks with
validation accuracy below a certain threshold proportional to the best achieved
validation accuracy on the task.
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Figure 2: Performance progress measured in ACC (%) for all methods in the 2 test environments
with (a) Split MNIST and (b) Split CIFAR-10 in the New Task Orders experiment. We plot the
performance progress for the RL algorithms for 100 evaluation steps equidistantly distributed over
the training episodes. The performance for the Random, ETS, and Heuristic scheduling baselines
are plotted as straight lines.

Table 1: Average ranking (lower is better) across methods in the policy generalization experiments.

The best and second-best ranks are colored in green and respectively.
New Task Order New Dataset

Method S-MNIST  S-FashionMNIST = S-notMNIST  S-CIFAR-10 S-FashionMNIST  S-notMNIST
Random 4.58 4.14 5.57 4.53 4.62
ETS 4.5 5.24 5.0 6.2 4.76
Heur-GD 5.07 4.91 3.74 4.63 3.26 5.31
Heur-LD 5.27 4.17 4.38 4.21 5.68 5.68
Heur-AT 4.92 4.6 6.28 3.89 4.21 4.97
DQN (Ours) 4.26 3.97 4.47 4.97 4.08
A2C (Ours) 3.56 5.23 3.21 4.76
SAC (Ours) 4.1 3.69 4.65 4.45 3.2

e Heuristic Local Drop (Heur-LD). Heuristic policy that replays tasks with
validation accuracy below a threshold proportional to the previous achieved
validation accuracy on the task.

¢ Heuristic Accuracy Threshold (Heur-AT). Heuristic policy that replays
tasks with validation accuracy below a fixed threshold.
The heuristics are based on the intuition that forgotten tasks should be replayed.
They fill the replay memory with M/k samples per task where k is the number of
selected tasks. If k = 0, then replay is skipped at the current task.

Evaluation Protocol. We use the average test accuracy over all tasks after learn-
ing the final task, i.e., ACC = % Z;il Ag;gt) where Ag,f?t) is the test accuracy of
task ¢ after learning task T. To assess generalization capability, we use a ranking
method based on the ACC between the methods in every test environment for com-
parison (see Appendix II for more details). We average all results over 5 seeds for
the RL algorithms.

5.1 Policy Generalization to New Continual Learning Scenarios

In this section, we show that the policies learned with our RL-based framework using
DQN and A2C are capable of generalizing across CL environments with new task
orders and datasets unseen during training.
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Figure 3: Task accuracies and replay schedules from a single selected seed for A2C and ETS for a
Split CIFAR-10 environment.

Generalization to New Task Orders. We show that the learned replay schedul-
ing policies can generalize to CL environments with previously unseen task orders.
The training and test environments are generated with unique task orders of the CL
datasets. The columns New Task Order in Table 1 shows the average ranking for
the RL algorithms and the baselines when being applied in the 10 test environments.
Our learned policies obtain the best average ranking across most datasets, where
A2C performs mostly the best. Figure 2(a) and (b) shows the performance progress
for two test environments with Split MNIST and Split CIFAR-10 respectively (see
Figure 5 and 6 in Appendix III for all test environments). We observe that DQN
exhibits noisier progress of the achieved ACC in these test environments than A2C
and SAC. Furthermore, A2C improves more steadily over time than SAC.

To provide further insights, Figure 3 shows the task accuracy progress and the
corresponding replay schedule from A2C and ETS from one Split CIFAR-10 test
environment. in Figure 3. The replay schedules are visualized with bubble plots
showing the selected task proportion to use for composing the replay memories at
each task. In Figure 3a, we observe that A2C decides to replay task 2 more than
task 1 as the performance on task 2 decreases, which results in a slightly better ACC
metric achieved by A2C than ETS. These results show that the learned policy can
flexibly consider replaying forgotten tasks to enhance the CL performance.

Generalization to New Datasets. We show that the learned replay scheduling
policies are capable of generalizing to CL environments with new datasets unseen in
the training environments. We perform two sets of experiments:
1. train with environments generated with Split MNIST and FashionMNIST and
test on environments generated with Split not MNIST,

2. train with environments generated with Split MNIST and notMNIST and test
on environments generated with Split FashionMNIST.

The columns New Dataset in Table 1 shows the average ranking for the RL algo-
rithms and the baselines when we apply the replay schedules to test environments
with new datasets. We observe that both SAC and A2C performs best of all meth-
ods when generalizing to Split notMNIST compared to the baselines. However, the
learned RL policies have difficulties generalizing to Split FashionMNIST environ-
ments, which could be due to high variations in the state transition dynamics be-
tween training and test environments. This shows that learning the replay schedul-
ing policies using RL inherits common challenges with generalization in RL, such
as robustness to domain shifts. Potentially, the performance could be improved by
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Figure 4: Performance progress measured in ACC (%) for all methods in the 2 test environments with
(a) Split FashionMNIST and (b) Split notMNIST in the New Dataset experiment. We plot the
performance progress for the RL algorithms for 100 evaluation steps equidistantly distributed over
the training episodes. The performance for the Random, ETS, and Heuristic scheduling baselines
are plotted as straight lines.

generating more training environments for the agent to exhibit more variations of CL
scenarios, or by using other advanced RL methods which may generalize better [62].

To gain insights, we show the performance progress for two test environments with
Split FashionMNIST and Split notMNIST datasets in Figure 4(a) and (b) respectively
(see Figure 7 and 8 in Appendix III for all test environments). In Figure 4(a),
we observe that each RL algorithm has difficulties in converging to efficient replay
scheduling policies, where A2C even collapses to a suboptimal replay schedule in
second test environment (Seed 9). For the Split notMNIST environments in Figure
4(b), we observe that SAC achieves better ACC than DQN and A2C.

6 Conclusions

In this paper, we introduce an an RL-based framework for learning the time to learn
in a CL context. Building on the replay scheduling idea from [2], we are the first
to propose a method for learning policies that schedules which tasks to replay at
different times to improve memory retention of historical tasks. We showed that the
framework learns replay scheduling policies that can generalize across different CL
environments with unseen task orders and datasets without additional computational
cost or training in the test environment, which would be useful in user personalization
applications. Moreover, the learned policies are capable of considering replaying
forgotten tasks which can mitigate catastrophic forgetting more efficiently than fixed
scheduling policies. Our replay scheduling policy approach brings current research
closer to tackling real-world CL challenges where the number of tasks exceeds the
memory size.

Limitations and Future Work. Generalization in RL is a challenging research
topic by itself. With the current method, large amounts of diverse data and training
time is required to enable the learned policy to generalize well. This can be costly due
to generating the CL environments is expensive since each state transition involves
training the classifier on a CL task. Moreover, we mainly focused on a discrete action
space which is hard to construct especially when the number of tasks is large. Thus,
in future work, we would explore more advanced RL methods which can handle
continuous action spaces and generalize well.
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Supplementary Material

This supplementary material is structured as follows:

e Appendix I: Details on the methodology, such as construction of the action
space and the training procedure of the policy with RL.

e Appendix II: Details of the experimental settings on the CL and RL parts with
hyperparameter settings for CL networks and the RL algorithms. Moreover, we
provide details on the heuristic scheduling baselines used in the experiments,
as well as the ranking method used for assessing generalization capability.

e Appendix I1I: Additional experimental results with tables showing performance
metrics and ranks in every test environment, tables with Welch’s ¢-test for each
method, as well as figures showing the progress of ACC for the RL algorithms
in the test environments.

I Additional Methodology of RL Framework

We provide pseudo-code for the RL-based framework for learning the replay schedul-
ing policy in Algorithm 1. The procedure collects experience from all training en-
vironments in £#7%") at every time step t. The datasets and classifiers are specific
for each environment E; € £¢r2™) . At t = 1, we obtain the initial state sll) by eval-

uating the classifier on the validation set Dﬁ”“” after training the classifier on the
task 1. Next, we get the replay memory for mitigating catastrophic forgetting when

learning the next task ¢t + 1 by 1) taking action agl) under policy g, 2) converting

action agl) into the task proportion p;, and 3) sampling the replay memory M; from
the historical datasets given the selected proportion. We then obtain the reward r;
and the next state s;;1 by evaluating the classifier on the validation sets ngﬁ)l after
learning task t + 1. The collected experience from each time step is stored in the
experience buffer B. See the corresponding articles on DQN [4], A2C [6], and SAC [§]

for information on how the policy updates are performed.

II Experimental Settings

In this section, we describe the full details of the experimental settings used in this
paper. We first provide details on hyperparameter settings for the CL and RL parts,
including hyperparameters for DQN [4,5], A2C [6], and SAC [7] followed by descrip-
tion of the heuristic baselines, and the ranking method for assesing the generalization
capability of the learned policy.

Datasets. We generate CL environments with four datasets commonly used in the
CL literature. Split MNIST [43] is a variant of the MNIST [67] dataset where the
classes have been divided into 5 tasks incoming in the order 0/1, 2/3, 4/5, 6/7, and
8/9. Split FashionMNIST [68] is of similar size to MNIST and consists of grayscale
images of different clothes, where the classes have been divided into the 5 tasks T-
shirt/Trouser, Pullover/Dress, Coat/Sandals, Shirt/Sneaker, and Bag/Ankle boots.
Similar to MNIST, Split notMNIST [69] consists of 10 classes of the letters A-J with
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Algorithm 1 RL Framework for Learning Replay Scheduling Policy

Require: £((7%); Training environments, 8: Policy parameters, v: Discount factor
Require: 7: Learning rate, nepisodes: Number of episodes, M: Replay memory size

1: B={} > Initialize experience buffer
2: for i =1,..., Nepisodes dO
3: fort:l,...,T—.ldo
4: for E; € £(r@in) do
5: Di:t+1 = GETDATASETS(E;, t) > Get datasets from environment FE;
6: fg) = GETCLASSIFIER(E;) > Get classifier from environment E;
7 if t ==1 then ) )
8: TRAIN(fq(;), Dﬁ"‘”") > Train classifier f(g) on task 1
9: Aﬁ’fl) = EVAL(fg),Dg?taD) > Evaluate classifier fq(;> on task 1
10: ng) = Aglftal) = [Ag?lal),l), .y 0] > Get initial state
11: end if )
12: agl) ~ mg(a, ng)) > Take action under policy mg
13: pt = GETTASKPROPORTION(al")
14: My ~ GETREPLAYIVIEMORY(Dgf:mn),pt, M)
15: Trav(£), D™ U M) > Train classifier )
! 3 l . i
16: Ai?f+)1 = EVAL(fg) , ngt[l)l) > Evaluate classifier fg)
17: 3%21 = Agiﬁl_)l = [Agj_all’)l, e Agiall’)t*_l,O, .., 0] > Get next state
18: rtm = tJ%l Z;ill A%}zﬂl—)l > Compute reward
19: B=BU {(s£1>, ail), réz), sgizl)} > Store transition in buffer
20: if time to update policy then
21: 0, B = UppaTEPOLICY(O, B,~,n) > Update policy with experience
22: end if
23: end for
24: end for
25: end for
26: return 6 > Return policy

various fonts, where the classes are divided into the 5 tasks A/B, C/D, E/F, G/H,
and I/J. We use training/test split provided by [22] for Split notMNIST. In Split
CIFAR-10 [71], the 10 classes are divided into 5 tasks with 2 classes for each task.

CL Network Architectures. We use a 2-layer MLP with 256 hidden units and
ReLU activation for Split MNIST, Split FashionMNIST, and Split notMNIST. For
Split CIFAR-10, we use the ConvNet architecture used in [18,21,73], which consists
of four 3x3 convolutional blocks, i.e. convolutional layer followed by batch nor-
malization [74], with 64 filters, ReLU activations, and 2x2 Max-pooling. We use a
multi-head output layer for each dataset and assume task labels are available at test
time for selecting the correct output head related to the task.

CL Hyperparameters. We train all networks with the Adam optimizer [75] with
learning rate n = 0.001 and hyperparameters $; = 0.9 and 83 = 0.999. Note that
the learning rate for Adam is not reset before training on a new task. Next, we give
details on number of training epochs and batch sizes specific for each dataset:

e Split MNIST: 10 epochs/task, batch size 128.

e Split FashionMNIST: 10 epochs/task, batch size 128.

e Split notMNIST: 20 epochs/task, batch size 128.
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e Split CIFAR-100: 20 epochs/task, batch size 256.

Generating CL Environments. We generate multiple CL environments with
pre-set random seeds for initializing the network parameters ¢ and shuffling the
task order. The pre-set random seeds are in the range 0 — 49, such that we have 50
environments for each dataset. We shuffle the task order by permuting the class order
and then split the classes into 5 pairs (tasks) with 2 classes/pair. For environments
with seed 0, we keep the original task order in the dataset. Taking a step at task ¢
in the CL environments involves training the CL network on the ¢-th dataset with
a replay memory M; from the discrete action space. Therefore, to speed up the
experiments with the RL algorithms, we run a breadth-first search (BFS) through
the discrete action space and save the classification results for re-use during policy
learning. Note that the action space has 1050 possible paths of replay schedules
for the datasets with T" = 5 tasks, which makes the environment generation time-
consuming. Hence, we only generate environments where the replay memory size
M = 10 have been used, and leave analysis of different memory sizes as future work.
The CL environments that we used will be provided in the public code.

Computational Cost. All experiments were performed on one NVIDIA GeForce
RTW 2080Ti on an internal GPU cluster. Generating a CL environment for one
seed with Split MNIST took on around 9.5 hours averaged over 10 runs of BFS.
Similarly for Split CIFAR-10, generating one CL environment took on average 16.1
hours. Note that BFS runs 1050 iterations in total for all 5-task datasets. The wall
clock time for ETS on Split MNIST was around 1.5 minutes.

Table 2 shows a time-cost ablation experiment w/ or w/o a DQN for selecting
which tasks to replay in Split MNIST. We measured the wall clock time for training
and evaluating the CL model on the 5 Split MNIST tasks w/ and w/o the DQN, and
show the wall clock time averaged over 10 different DQN seeds. The time difference
when w/ DQN is only 3.2 seconds, since selecting which tasks to replay is only a
forward pass with the RL policy.

Table 2: Time-cost ablation experiment w/ or w/o a DQN for replay scheduling on Split MNIST.
Time Cost With DQN  Without DQN  Difference

Avg. Time (in sec) 84.6 81.4 +3.2

RL Architectures. The input layer has size T — 1 where each unit is inputting
the task performances since the states are represented by the validation accuracies
5 = [A,Ej)lal), e Agf’tal), 0,...,0]. The current task can therefore be determined by the
number of non-zero state inputs. The output layer has 35 units representing the
possible actions at T' = 5 with the discrete action space from Klasson et al. [2].
For DQN and A2C, we use a Categorical policy with action masking on the output
units to prevent the network from selection invalid actions for constructing the replay
memory at the current task. The DQN is a 2-layer MLP with 512 hidden units and
ReLU activations. For A2C, we use separate networks for parameterizing the policy
and the value function, where both networks are 2-layer MLPs with 64 hidden units
and Tanh activations. For SAC, we use a Dirichlet policy which uses masking to pre-
vent selecting action values along the invalid dimensions. We clamp the logarithmic
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output values of the policy network between [—20, 2] to stabilize learning the concen-
tration parameters of the Dirichlet distribution, and we ensure that the parameters
are > 1. The policy and value networks are 2-layer MLPs with 256 hidden units and
ReLU activations.

RL Hyperparameters. We provide the hyperparameters for DQN, A2C, and SAC
in Table 3, 4, and 5 respectively. Regarding the training environments in the tables
for the New Datasets experiment, we use two different datasets in the training
environments to increase the diversity. When Spit notMNIST is for testing, half
the amount of training environments are using Split MNIST and the other half uses
Split FashionMNIST. For example, in Table 4b, A2C uses 10 training environments
which means that there are 5 Split MNIST environments and 5 Split FashionMNIST
environments when the testing environments uses Split notMNIST. Similarly, half
the amount of training environments are using Split MNIST and the other half uses
Split notMNIST when the testing environments uses Split FashionMNIST.

Implementations. The code for DQN was adapted from OpenAl baselines [76]
and the PyTorch [77] tutorial on DQN https://pytorch.org/tutorials/intermediate/
reinforcement_q learning.html. For A2C, we followed the implementations released
by Kostrikov [78] and Igl et al. [79]. For SAC, we adapt the implementation from
Ball and Roberts [80].

Table 3: DQN hyperparameters for the experiments on (a) New Task Orders and (b) New
Datasets in Section 5.1. (a) shows have differing values between datasets placed within {-} with the
order Split MNIST, Split FashionMNIST, Split notMNIST, and Split CIFAR-10. Hyperparameter
values in (b) are the same for both Split FashionMNIST and Split not MNIST.

(a) New Task Orders. (b) New Dataset.
Hyperparameters Values Hyperparameters Values
Training Environments {30, 20, 30, 10} Training Environments 30
Learning Rate {0.0001, 0.0003, 0.0001, 0.0003} Learning Rate 0.0001
Optimizer Adam Optimizer Adam
Buffer Size 10k Buffer Size 10k
Target Update per step 500 Target Update per step 500
Batch Size 32 Batch Size 32
Discount Factor ~y 1.0 Discount Factor v 1.0
Exploration Start €gq.¢ 1.0 Exploration Start €s¢qrt 1.0
Exploration Final €yinq 0.02 Exploration Final €inal 0.02
Exploration Annealing (episodes) 2.5k Exploration Annealing (episodes) 2.5k

Training Episodes 10k Training Episodes 10k
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Table 4: A2C hyperparameters for the experiments on (a) New Task Orders and (b) New
Both (a) and (b) shows have differing values between datasets placed
within {-}, with the order Split MNIST, Split FashionMNIST, Split notMNIST, and Split CIFAR-
10 for (a), and the order Split FashionMNIST and Split notMNIST for (b).

Datasets in Section 5.1.

(a) New Task Orders.

(b) New Dataset.

Hyperparameters Values
Hyperparameters Values
Tralm.ng Environments 10 Training Environments 10
LCanIll%lg Rate {0.0001, 0.0003, 0.0001, 0.0003} Learning Rate £0.0003, 0.0001}
Optimizer RMSProp Optimizer RMSProp
Gradient Clipping 0.5 Gradient Clipping 0.5
GAE parameter A 0.95 GAE parameter \ 0.95
VF coefficient 0.5 VEF coefficient 0.5
Entropy coefficient 0.01 Entropy coefficient 0.01
- 3 Number of steps ngteps 5

Number of steps ngeps 5 . P
Di t Factor 1.0 Discount Factor ~y 1.0

IS?O}IH a? ory y Training Episodes 100k
Training Episodes 100k

Table 5: SAC hyperparameters for the experiments on (a) New Task Orders and (b) New
Both (a) and (b) shows have differing values between datasets placed
within {-}, with the order Split MNIST, Split FashionMNIST, Split notMNIST, and Split CIFAR-
10 for (a), and the order Split FashionMNIST and Split notMNIST for (b).

Datasets in Section 5.1.

(a) New Task Orders.

(b) New Dataset.

Hyperparameters Values Hyperparameters Values
lralming‘ Environments ) [10 Training Environments 10
Leal}nu}lg, Rate {0.0003, 0.0003, 0.0001, 0.0001} Learning Rate {0.0003, 0.0001}
Optimizer Adam Optimizer Adam
Buffer Size 100k Buffer Size 100k
Batch Size 256 Batch Size 256
Target Entropy -dim(A) (ie. T—1=4) Target Entropy -dim(A) (ie. T—1=4)
Target Smoothing Coefficient T 0.005 Target Smoothing Coefficient 7 0.005
Target Update Interval 1 Target Update Interval 1
Gradient Steps 1 Gradient Steps 1
Gradient Clipping 0.5 G-radlcnt Clipping 0.5

. Discount Factor ~y 1.0
Discount Factor «y 1.0 Training Episodes 20k
Training Episodes 20k S mpioce
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Heuristic Scheduling Baselines

We implemented three heuristic scheduling baselines to compare against our proposed
methods. These heuristics are based on the intuition of re-learning tasks when they
have been forgotten. We keep a validation set for each task to determine whether any
task should be replayed by comparing the validation accuracy against a hand-tuned
threshold. If the validation accuracy is below the threshold, then the corresponding
task is replayed. Let A(w” be the validation accuracy for task t evaluated at time
step i. The threshold is set differently in each of the baselines:
¢ Heuristic Global Drop (Heur-GD). Heuristic policy that replays tasks with
validation accuracy below a certain threshold proportional to the best achieved
validation accuracy on the task. The best achieved validation accuracy for
task ¢ is given by A(be‘gt) = max{(4; ml) A(val))} Task 4 is replayed if

AE’;‘” < T4, bESt) where 7 € [0,1] is a ratio representing the degree of how
much the vahdatlon accuracy of a task is allowed to drop.

e Heuristic Local Drop (Heur-LD). Heuristic policy that replays tasks with
validation accuracy below a threshold proportional to the previous achieved
validation accuracy on the task. Task ¢ is replayed if Agf’f” < TAgially)i where
tau again represents the degree of how much the validation accuracy of a task
is allowed to drop.

¢ Heuristic Accuracy Threshold (Heur-AT). Heuristic policy that replays
tasks with validation accuracy below a fixed threshold. Task i is replayed if if
Agf’ial) < 7 where 7 € [0, 1] represents the least tolerated accuracy before we
need to replay the task.

The replay memory is filled with M/k samples from each selected task, where k is
the number of tasks that need to be replayed according to their decrease in validation
accuracy. We skip replaying any tasks if no tasks are selected for replay, i.e., k = 0.

Grid search for 7. We performed a grid search for the parameter 7 for the three
heuristic scheduling baselines for each experiment to compare against the learned re-
play scheduling policies. The validation set consists of 15% of the training data and
is identical to the validation set used for learning the RL policies. We select the pa-
rameter based on ACC scores achieved in the same number of training environments
used by either DQN or A2C. The search range we use is 7 € {0.90,0.95,0.999}. In
Table 6, we show the selected parameter value of 7 and the number of environments
used for selecting the value for each method and experiment in Section 5.1. The same
parameters are used to generate the results on the heuristics in Table 1.

Table 6: The threshold parameter 7 used in the heuristic scheudling baselines Heuristic Global Drop
(Heur-GD), Heuristic Local Drop (Heur-LD), and Heuristic Accuracy Threshold (Heur-AT). The
search range is 7 € {0.90,0.95,0.999} for all methods and we display the number of environments
used for selecting the parameter used at test time.

New Task Order New Dataset
S-MNIST S-FashionMNIST S-notMNIST S-CIFAR-10 S-notMNIST S-FashionMNIST
Method 7  #Envs T #Envs T #Envs T #Envs T #Envs T #Envs
Heur-GD 0.9 10 0.95 20 0.999 10 0.9 10 0.9 10 0.9 10
Heur-LD 0.9 10 0.999 20 0.999 10 0.999 10 0.95 10 0.999 10

Heur-AT 0.9 10 0.999 20 0.999 10 0.9 10 0.9 10 0.95 10
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Assessing Generalization with Ranking Method

We use a ranking method based on the CL performance in every test environment
for performance comparison between the methods in Section 5.1. We use rankings
because the performances can vary greatly between environments with different task
orders and datasets. To measure the CL performance in the environments, we use
the average test accuracy over all tasks after learning the final task, i.e.,

T
1 2 : (test)
ACC = T P AT,i )

where Aitf 5t) is the test accuracy of task ¢ after learning task ¢t. Each method are
ranked in descending order based on the ACC achieved in an environment. For
example, assume that we want to compare the CL performance from using learned
replay scheduling policies with DQN and A2C against a Random scheduling policy
in one environment. The CL performances achieved for each method are given by

[ACCRandom, ACCpon, ACCasc] = [90%, 9%, 95%).

We get the following ranking order between the methods based on their corre-
sponding ACC:

ranking([ACCRrandom; ACCpqn, ACCasc]) = [3,1, 2],

where DQN is ranked in 1st place, A2C in 2nd, and Random in 3rd. When there
are multiple environments for evaluation, we compute the average ranking across the
ranking positions in every environment for each method to compare.

The average ranking for DQN and A2C are computed over the seed for initial-
izing the network parameters as well as the seed of the environment. Similarly, the
Random baseline is affected by the seed setting the random selection of actions and
the environment seed. However, the performance of the ETS and Heuristic baselines
are affected by the seed of the environment as these policies are fixed. We use copied
values of the performance in environments for the ETS and Heuristic baselines when
we need to compare across different random seeds for Random, DQN, and A2C. We
show an example of such ranking calculation for ETS, a Heuristic baseline, DQN,
and A2C. Consider the following performances for one environment:

ACChrs ACCh,,, ACCpqy ACChoc|  [90% 95% 95% 99%
ACCE.s ACCE ACCHon ACCRoc| | = x  9T% 98%|’

Heur

where * denotes a copy of the ACC value in the first row. The subscript on
ACC denotes the method and the superscript the seed used for initializing the policy
network 0. Therefore, we copy the values for ETS and Heur such that the ACC%QN
for seed 2 can be compared against ETS and Heur. Note that there is a tie between
ACCY,,, and ACC}DQN as they have ACC 95%. We handle ties by assigning tied
methods the average of their ranks, such that the ranks for both seeds will be
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ACChLrg ACCi, ACChoy ACCjhac
ACCrg ACCh., ACChHoy ACC3iac

ranking < ,axis=-1, keepdim=True>

g 90% 95% 95% 99%
=rankKin
8\ loo% 95% 91% 98%

4 25 25 1
14 3 2 1|’

where we inserted the copied values, such that ACChpg = ACChpg = 90% and

,axis=-1, keepdim=True>

ACCh,,, = ACC%.,. = 95%. The mean ranking across the seeds thus becomes
4 25 25 1
mean ,axis=0 | = [4 275 225 1]
4 3 2 1

where A2C comes in 1st place, DQN in 2nd, Heur. in 3rd, and ETS on 4th place.
We average across seeds and environments to obtain the final ranking score for each
method for comparison.

Task Splits in Test Environments in Policy Generalization
Experiments

Here, we provide the task splits of the test environments used in the policy generaliza-
tion experiments in Section 5.1. We evaluated all methods using 10 test environments
in all experiments. The test environments in the New Task Order experiments were
generated with seeds 10-19. We show the task splits for the Split MNIST, Split Fash-
ionMNIST, and Split CIFAR-10 environments in Table 7, 9, and 10 respectively. The
test environments in the New Dataset experiments were generated with seeds 0-9. We
show the task splits for the Split notMNIST and Split FashionMNIST environments
in Table 8 and 11 respectively.

Table 7: Task splits with their corresponding Table 8: Task splits with their corresponding
seed for test environments of Split MNIST seed for test environments of Split notMNIST

datasets in the New Task Orders experi- datasets in the New Dataset experiments in
ments in Section 5.1. Section 5.1.

Seed Task 1] Task2 Task3 Task4 Task5 Seed Task 1] Task 2 Task3 Task4 Task5
10 8,2 5,6 3,1 0,7 4,9 0 AB CD EF GH LJ
11 7,8 2,6 4,5 1,3 0,9 1 C,J G, E A, D B, H ILF
12 5,8 7.0 4,9 3,2 1,6 2 E, B F, A H, C D, G J, 1
13 3,5 6,1 4,7 8,9 0,2 3 F, E B, C J, G H, A D, 1
14 3,9 0,5 4,2 1,7 6,8 4 D, I E,J C, G A B F. H
15 2,6 1,3 7.0 9,4 5, 8 5 J, F C, E H, B Al G, D
16 6,2 0,7 8,4 3,1 59 6 IB H, A G, F C, E D.J
17 7,2 5,3 4,0 9,8 6,1 7 LF A, C B, J H, D G, E
18 7.9 0,4 2,1 6,5 8,3 8 LG J, A C F H, B E, D
19 1,7 9,6 8,4 3,0 2,5 9 LE H, C B, J D, A G, F
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Table 9: Task splits with their corresponding seed for test environments of Split FashionMNIST
datasets in the New Task Orders experiments in Section 5.1.

Seed Task 1 Task 2 Task 3 Task 4 Task 5

10 Bag, Pullover Sandal, Shirt Dress, Trouser T-shirt/top, Sneaker Coat, Ankle boot
11 Sneaker, Bag Pullover, Shirt Coat, Sandal Trouser, Dress T-shirt/top, Ankle boot
12 Sandal, Bag Sneaker, T-shirt/top Coat, Ankle boot Dress, Pullover Trouser, Shirt

13 Dress, Sandal Shirt, Trouser Coat, Sneaker Bag, Ankle boot T-shirt/top, Pullover
14 Dress, Ankle boot T-shirt/top, Sandal Coat, Pullover Trouser, Sneaker Shirt, Bag

15 Pullover, Shirt Trouser, Dress Sneaker, T-shirt/top Ankle boot, Coat Sandal, Bag

16 Shirt, Pullover T-shirt/top, Sneaker Bag, Coat Dress, Trouser Sandal, Ankle boot
17 Sneaker, Pullover Sandal, Dress Coat, T-shirt/top Ankle boot, Bag Shirt, Trouser

18 Sneaker, Ankle boot T-shirt/top, Coat Pullover, Trouser Shirt, Sandal Bag, Dress

19 Trouser, Sneaker Ankle boot, Shirt Bag, Coat Dress, T-shirt/top Pullover, Sandal

Table 10: Task splits with their corresponding seed for test environments of Split CIFAR-10 datasets
in the New Task Orders experiments in Section 5.1.

Seed Task 1 Task 2 Task 3 Task 4 Task 5

10 Ship, Bird Dog, Frog Cat, Automobile Airplane, Horse Deer, Truck
11 Horse, Ship Bird, Frog Deer, Dog Automobile, Cat Airplane, Truck
12 Dog, Ship Horse, Airplane Deer, Truck Cat, Bird Automobile, Frog
13 Cat, Dog Frog, Automobile Deer, Horse Ship, Truck Airplane, Bird
14 Cat, Truck Airplane, Dog Deer, Bird Automobile, Horse Frog, Ship

15 Bird, Frog Automobile, Cat Horse, Airplane Truck, Deer Dog, Ship

16 Frog, Bird Airplane, Horse Ship, Deer Cat, Automobile Dog, Truck

17 Horse, Bird Dog, Cat Deer, Airplane Truck, Ship Frog, Automobile
18 Horse, Truck Airplane, Deer Bird, Automobile Frog, Dog Ship, Cat

19 Automobile, Horse Truck, Frog Ship, Deer Cat, Airplane Bird, Dog

Table 11: Task splits with their corresponding seed for test environments of Split FashionMNIST
datasets in the New Dataset experiments in Section 5.1.

Seed Task 1 Task 2 Task 3 Task 4 Task 5

0 T-shirt/top, Trouser Pullover, Dress Coat, Sandal Shirt, Sneaker Bag, Ankle boot
1 Pullover, Ankle boot Shirt, Coat T-shirt/top, Dress Trouser, Sneaker Bag, Sandal

2 Coat, Trouser Sandal, T-shirt/top Sneaker, Pullover Dress, Shirt Ankle boot, Bag
3 Sandal, Coat Trouser, Pullover Ankle boot, Shirt Sneaker, T-shirt/top Dress, Bag

4 Dress, Bag Coat, Ankle boot Pullover, Shirt T-shirt/top, Trouser ~ Sandal, Sneaker
5 Ankle boot, Sandal Pullover, Coat Sneaker, Trouser T-shirt/top, Bag Shirt, Dress

6 Bag, Trouser Sneaker, T-shirt/top Shirt, Sandal Pullover, Coat Dress, Ankle boot
7 Bag, Sandal T-shirt/top, Pullover Trouser, Ankle boot Sneaker, Dress Shirt, Coat

8 Bag, Shirt Ankle boot, T-shirt/top Pullover, Sandal Sneaker, Trouser Coat, Dress

9 Bag, Coat Sneaker, Pullover Trouser, Ankle boot Dress, T-shirt/top Shirt, Sandal
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III Additional Experimental Results

Here, we provide complementary results for the policy generalization experiments in
Section 5.1. We provide the ACC and BWT metrics for each method averaged across
5 seeds and the average rank in every test environment. Note that the ACC and BWT
from ETS and the heuristic scheduling baselines have standard deviation zero since
these policies are fixed. Averaging the ranks over all test environments yields the
corresponding average rank in Table 1. Furthermore, we provide the p-values from
Welch’s t-test to show whether the statistical significance of the results.
e New Task Order, Split MINIST: Metrics in Table 12, and Welch’s t-test in
Table 13.
e New Task Order, Split FashionMNIST: Metrics in Table 14, and Welch’s
t-test in Table 15.
e New Task Order, Split not MINIST: Metrics in Table 16, and Welch’s t-test
in Table 17.
e New Task Order, Split CIFAR-10: Metrics in Table 18, and Welch’s t-test
in Table 19.
e New Dataset, Split FashionMNIST: Metrics in Table 20, and Welch’s t-
test in Table 21.
e New Dataset, Split not MNIST: Metrics in Table 22, and Welch’s t-test in
Table 23.
The improvement with the learned replay scheduling policies is occasionally signif-
icant, however, such behavior is common when RL is used for generalizing to new
environments.

Figure 5-8 shows the performance progress measured in ACC in the test environ-
ments during training for the RL algorithms. We also show the ACC achieved by
the scheduling baselines as straight lines since these policies are fixed. Figure 5 and
6 shows the performance progress for test environments with Split MNIST and Split
CIFAR-10 respectively in the New Task Orders experiment. Figure 8 and 7 shows
the performance progress for test environments with Split not MNIST and Split Fash-
ionMNIST respectively in the New Dataset experiment. In general, we observe that
DQN exhibits noisier progress of the achieved ACC in the test environments than
A2C and SAC.
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Table 12: Performance comparison in every test environment with seed (10-19) with with Split
MNIST for New Task Order experiment. Under each column named 'Test Env. Seed X’, we
show the mean and stddev. of ACC and BWT, and the Rank averaged over the RL seeds for the
corresponding method.

Test Env. Seed 10

Test Env. Seed 11

Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank
Random  93.95 +£ 2.68 -6.95 £+ 3.33 4.8 9213+ 1.34 -9.46 + 1.68 5.6
ETS 89.89 + 0.00 -12.01 £0.00 7.8 93.77 +£0.00 -7.41 + 0.00 3.8
Heur-GD  94.64 + 0.00 -6.06 & 0.00 51 91.34 +£0.00 -10.47 +0.00 6.6
Heur-LD  95.63 = 0.00 -4.80 £ 0.00 2 91.34 + 0.00 -10.47 +0.00 6.6
Heur-AT  94.64 + 0.00 -6.06 £+ 0.00 51 91.34 +£0.00 -10.47 +0.00 6.6
DQN 94.68 £ 1.16 -6.00 £ 1.44 3.6 94.08 &+ 1.75  -7.01 £ 2.19 3.6
A2C 95.31 £ 0.00 -5.21 £ 0.00 3.2 96.41 + 0.18  -4.09 £+ 0.23 1
SAC 94.80 £ 1.01 -5.84 £ 1.24 4.4 95.81 4+ 0.40 -4.85 £ 0.50 2.2
Test Env. Seed 12 Test Env. Seed 13
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  92.22 +2.35 -9.16 + 2.93 4.8  93.65 +£2.06 -7.47 + 2.58 5.4
ETS 91.69 + 0.00 -9.82 + 0.00 74 94.95+0.00 -5.88 + 0.00 3.2
Heur-GD  94.82 + 0.00 -5.89 4 0.00 1.7 94.66 £ 0.00 -6.14 £+ 0.00 5.3
Heur-LD  91.93 + 0.00 -9.50 & 0.00 6.4  93.17 +£0.00 -8.00 + 0.00 7.4
Heur-AT  94.82 +0.00 -5.89 4 0.00 1.7 94.66 + 0.00 -6.14 &+ 0.00 5.3
DQN 93.06 £ 1.37 -8.05 £ 1.71 5 95.59 + 1.22  -4.94 £+ 1.53 2.2
A2C 93.62 + 0.00 -7.34 + 0.00 4 95.56 + 0.00 -5.01 + 0.00 2
SAC 92.84 + 0.63 -8.34 + 0.79 5 93.09 + 2.50 -8.07 + 3.12 5.2
Test Env. Seed 14 Test Env. Seed 15
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  85.74 + 3.47 -17.19 4+ 4.32 4.6 94.54 +£ 149 -6.20 + 1.87 5.4
ETS 87.29 + 0.00 -15.23 £0.00 34 9532+ 0.00 -5.23 + 0.00 5.4
Heur-GD  81.20 £ 0.00 -23.00 £ 0.00 7.3  95.92 + 0.00 -4.49 + 0.00 2.7
Heur-LD  81.20 £ 0.00 -23.00 £ 0.00 7.3  96.05 + 0.00 -4.30 + 0.00 1
Heur-AT 82.36 + 0.00 -21.52 +£0.00 58 9592 4+ 0.00 -4.49 + 0.00 2.7
DQN 91.22 £+ 3.23 -10.45 £ 4.02 2.2 94.37 £ 0.74  -6.45 £+ 0.90 7.4
A2C 88.16 + 5.81 -14.27 £7.25 34 9482 +0.00 -5.94 + 0.00 6.8
SAC 93.20 £ 1.46 -7.98 £ 1.82 2 95.44 + 0.13  -5.14 £ 0.15 4.6
Test Env. Seed 16 Test Env. Seed 17
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  83.05 + 3.07 -20.78 £3.84 7.2  95.86 4+ 0.48 -4.52 £+ 0.59 34
ETS 79.38 £ 0.00 -25.36 + 0.00 7.8 95.69 + 0.00 -4.77 £+ 0.00 3.6
Heur-GD  91.16 + 0.00 -10.57 £ 0.00 3.8 9348 + 0.00 -7.39 + 0.00 6.8
Heur-LD  91.16 +£ 0.00 -10.57 £ 0.00 3.8 9348 +0.00 -7.39 + 0.00 6.8
Heur-AT 91.16 +£ 0.00 -10.57 £ 0.00 3.8 9348 +0.00 -7.39 + 0.00 6.8
DQN 9293 £1.19 -841 + 148 2 94.67 + 2.13  -5.91 £ 2.65 5
A2C 91.11 £ 0.98 -10.69 + 1.23 4.2 96.28 + 0.21  -3.89 £+ 0.27 2.2
SAC 91.62 £ 1.26 -10.04 £ 1.59 3.4 96.52 + 0.46  -3.62 £ 0.59 1.4
Test Env. Seed 18 Test Env. Seed 19
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  91.30 +2.91 -10.28 £ 3.63 2.8  95.85 +2.20 -4.71 £+ 2.76 1.8
ETS 92.89 + 0.00 -8.28 £ 0.00 1.4 97.40 £ 0.00 -2.78 + 0.00 1.2
Heur-GD  87.82 + 0.00 -14.53 4 0.00 6.2 88.34 + 0.00 -14.21 £ 0.00 5.2
Heur-LD  87.82 +£ 0.00 -14.53 4+ 0.00 6.2 88.34 + 0.00 -14.21 £ 0.00 5.2
Heur-AT 87.82 + 0.00 -14.53 £ 0.00 6.2 88.34 + 0.00 -14.21 + 0.00 5.2
DQN 90.05 £ 0.88 -11.74 £ 1.12 4.2 89.04 4+ 1.82 -13.28 £+ 2.28 4.8
A2C 91.64 + 0.00 -9.75 + 0.00 2.6  87.64 +£1.88 -15.03 +£2.33 6.2
SAC 87.27 £ 2.65 -15.20 £ 3.32 6.4 87.55 + 1.25 -15.17 £ 1.57 6.4
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Table 13: Two-tailed Welch’s t-test results for Split MINIST in New Task Order experiment.

Test Env. Seed 10 Test Env. Seed 11

Test Env. Seed 12 Test Env. Seed 13 Test Env. Seed 14

Methods t P t P t P t P t p

DQN vs Random 0.50 0.636 1.77 0.117 0.62 0.560 1.62 0.152 2.32 0.049
DQN vs ETS 8.30 0.001 0.36 0.740 1.99 0.117 1.05 0.352 2.44 0.071
DQN vs Heur-GD  0.08 0.942 3.13 0.035 -2.57 0.062 1.53 0.201 6.21 0.003
DQN vs Heur-LD:  -1.64 0.175 3.13 0.035 1.63 0.177 3.97 0.017 6.21 0.003
DQN vs Heur-AT ~ 0.08 0.942 3.13 0.035 -2.57 0.062 1.53 0.201 5.49 0.005
DQN vs A2C -1.08 0.341 -2.65 0.056 -0.83 0.455 0.06 0.957 0.92 0.391
DQN vs SAC -0.15 0.883 -1.93 0.120 0.29 0.782 1.80 0.123 -1.12 0.309
A2C vs Random 1.01 0.369 6.32 0.003 1.20 0.298 1.85 0.138 0.72 0.499
A2C vs ETS inf 0.000 28.80 0.000 inf 0.000 inf 0.000 0.30 0.778
A2C vs Heur-GD inf 0.000 55.32 0.000 -inf 0.000 inf 0.000 2.40 0.075
A2C vs Heur-LD -inf 0.000 55.32 0.000 inf 0.000 inf 0.000 2.40 0.075
A2C vs Heur-AT inf 0.000 55.32 0.000 -inf 0.000 inf 0.000 2.00 0.117
A2C vs DQN 1.08 0.341 2.65 0.056 0.83 0.455 -0.06 0.957 -0.92 0.391
A2C vs SAC 1.00 0.372 2.75 0.035 2.49 0.068 1.98 0.119 -1.68 0.159
SAC vs Random 0.59 0.579 5.26 0.004 0.51 0.635 -0.35 0.737 3.97 0.009
SAC vs ETS 9.73 0.001 10.26 0.001 3.62 0.022 -1.49 0.210 8.12 0.001
SAC vs Heur-GD 0.32 0.765 22.50 0.000 -6.27 0.003 -1.26 0.277 16.46 0.000
SAC vs Heur-LD  -1.65 0.174 22.50 0.000 2.85 0.046 -0.07 0.950 16.46 0.000
SAC vs Heur-AT 0.32 0.765 22.50 0.000 -6.27 0.003 -1.26 0.277 14.87 0.000
SAC vs DQN 0.15 0.883 1.93 0.120 -0.29 0.782 -1.80 0.123 1.12 0.309
SAC vs A2C -1.00 0.372 -2.75 0.035 -2.49 0.068 -1.98 0.119 1.68 0.159

Test Env. Seed 15 Test Env. Seed 16 Test Env. Seed 17 Test Env. Seed 18 Test Env. Seed 19

Methods t P t P t P t P t P

DQN vs Random  -0.21 0.844 6.01 0.002 -1.09 0.332 -0.82 0.452 -4.76 0.002
DQN vs ETS -2.60 0.060 22.75 0.000 -0.95 0.396 -6.48 0.003 -9.17 0.001
DQN vs Heur-GD ~ -4.22 0.013 2.98 0.041 1.12 0.324 5.10 0.007 0.77 0.484
DQN vs Heur-LD:  -4.57 0.010 2.98 0.041 1.12 0.324 5.10 0.007 0.77 0.484
DQN vs Heur-AT =~ -4.22 0.013 2.98 0.041 1.12 0.324 5.10 0.007 0.77 0.484
DQN vs A2C -1.24 0.283 2.36 0.047 -1.50 0.205 -3.63 0.022 1.07 0.315
DQN vs SAC -2.86 0.043 1.51 0.169 -1.70 0.159 2.00 0.104 1.35 0.219
A2C vs Random 0.38 0.722 5.00 0.005 1.60 0.164 0.24 0.824 -5.67 0.001
A2C vs ETS -inf 0.000 23.87 0.000 5.56 0.005 -inf 0.000 -10.39 0.000
A2C vs Heur-GD -inf 0.000 -0.10 0.925 26.08 0.000 inf 0.000 -0.75 0.498
A2C vs Heur-LD -inf 0.000 -0.10 0.925 26.08 0.000 inf 0.000 -0.75 0.498
A2C vs Heur-AT -inf 0.000 -0.10 0.925 26.08 0.000 inf 0.000 -0.75 0.498
A2C vs DQN 1.24 0.283 -2.36 0.047 1.50 0.205 3.63 0.022 -1.07 0.315
A2C vs SAC -9.78 0.001 -0.64 0.538 -0.93 0.389 3.31 0.030 0.08 0.939
SAC vs Random 1.20 0.296 5.17 0.003 1.98 0.084 -2.05 0.075 -6.55 0.000
SAC vs ETS 1.80 0.146 19.47 0.000 3.60 0.023 -4.25 0.013 -15.70 0.000
SAC vs Hewr-GD  -7.74 0.001 0.74 0.500 13.08 0.000 -0.42 0.697 -1.26 0.277
SAC vs Heur-LD ~ -9.80 0.001 0.74 0.500 13.08 0.000 -0.42 0.697 -1.26 0.277
SAC vs Heur-AT -7.74 0.001 0.74 0.500 13.08 0.000 -0.42 0.697 -1.26 0.277
SAC vs DQN 2.86 0.043 -1.51 0.169 1.70 0.159 -2.00 0.104 -1.35 0.219
SAC vs A2C 9.78 0.001 0.64 0.538 0.93 0.389 -3.31 0.030 -0.08 0.939
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Table 14: Performance comparison in every test environment with seed (10-19) with with Split
FashionMNIST for New Task Order experiment. Under each column named ’'Test Env. Seed
X’, we show the mean and stddev. of ACC and BWT, and the Rank averaged over the RL seeds
for the corresponding method.

Test Env. Seed 10 Test Env. Seed 11
Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank

Random  96.79 £ 3.02 -3.11 £ 3.76 24 90.84 £1.64 -8.02+2.04 5.4
ETS 96.10 = 0.00  -3.98 & 0.00 6.6  88.84 £0.00 -10.554 0.00 6.8
Heur-GD  97.96 = 0.00 -1.93 £+ 0.00 2.5 9321 £0.00 -4.96 & 0.00 4.4
Heur-LD  97.96 £ 0.00 -1.93 £ 0.00 2.5  94.68 £0.00 -3.12 £ 0.00 1
Heur-AT  91.95 £ 0.00 -9.30 & 0.00 7.8 9354 +£0.00 -4.70 £ 0.00 3

DQN 96.71 + 0.69  -3.47 + 0.86 53 9046 +4.25 -8.60 + 5.32 5.6

A2C 96.93 + 0.07  -3.20 + 0.09 51  85.60 + 0.64 -14.65+0.79 7.8

SAC 97.38 £ 0.49 -2.63 + 0.61 3.8 9398 +0.21 -4.18 4+ 0.26 2
Test Env. Seed 12 Test Env. Seed 13

Method  ACC (%) BWT (%) Rank  ACC (%) BWT (%)  Rank

Random  93.97 £4.60 -6.60 £+ 5.74 3.4 91.66 £ 3.08 -9.38 & 3.85 7.4
ETS 91.25 £ 0.00 -10.08 +£0.00 6.6 91.24 +0.00 -9.85 £ 0.00 7.6
Heur-GD  94.97 £ 0.00 -5.26 £+ 0.00 5 95.09 £ 0.00  -5.10 £ 0.00 6
Heur-LD  96.14 £ 0.00 -3.89 £ 0.00 2.2 96.23 £0.00 -3.69 £ 0.00 4.8
Heur-AT 95.84 £ 0.00 -4.21 + 0.00 34 98.10 £ 0.00 -1.38 £ 0.00 2

DQN 94.46 £ 3.12  -6.00 £ 3.95 4.4 96.91 + 0.90 -2.83 £ 1.12 3.5

A2C 87.67 +0.00 -14.49 £0.00 7.8 97.70 +£0.52 -1.87 + 0.67 3.2

SAC 95.89 + 1.02  -4.18 + 1.32 32 98.13+0.79 -1.35+0.95 1.5
Test Env. Seed 14 Test Env. Seed 15

Method  ACC (%) BWT (%) Rank  ACC (%) BWT (%)  Rank

Random  94.17 £ 1.37 -3.79 £ 1.73 42 93.74+095 -453+1.18 1.4
ETS 90.04 &+ 0.00  -8.92 4 0.00 7 93.51 £ 0.00 -4.81 £ 0.00 1.6
Heur-GD  95.37 £ 0.00 -2.26 & 0.00 2 79.33 & 0.00 -22.05 £ 0.00 8
Heur-LD  95.07 £ 0.00 -2.65 £+ 0.00 42  92.61 £0.00 -5.44 +0.00 3
Heur-AT  81.98 £ 0.00 -18.88 + 0.00 8 88.54 £ 0.00 -10.50 &£ 0.00 5.8

DQN 94.47 £ 212  -3.12 £ 2.66 2.8 89.56 + 0.59  -9.25 £+ 0.74 5.2

A2C 94.61 £ 0.11  -2.96 £ 0.14 5.2 80.68 4+ 0.24 -20.34 £ 0.29 7

SAC 95.31 £ 0.18 -2.05 £ 0.24 2.6 90.52 + 1.03  -8.04 £ 1.29 4
Test Env. Seed 16 Test Env. Seed 17

Method  ACC (%) BWT (%) Rank  ACC (%) BWT (%)  Rank

Random  90.96 £ 1.68 -7.18 £+ 2.06 24 9899 +£0.26 -0.66 + 0.34 4.4
ETS 94.41 £ 0.00  -2.96 %+ 0.00 1 98.11 £ 0.00 -1.77 £ 0.00 8
Heur-GD  73.82 £ 0.00 -28.91 + 0.00 8 99.37 £ 0.00 -0.24 £ 0.00 1
Heur-LD  80.40 £+ 0.00 -20.66 £ 0.00 7 99.32 £ 0.00  -0.30 % 0.00 2
Heur-AT 89.24 £ 0.00 -9.68 & 0.00 3.8  98.74 £ 0.00 -0.99 % 0.00 5.6

DQN 89.39 + 2.47  -9.49 £ 3.09 3.6 98.76 £ 0.31 -0.97 £ 0.38 5.8

A2C 85.33 + 2.66 -14.62 + 3.36 5 98.89 + 0.27  -0.80 £+ 0.33 5.1

SAC 85.15 £2.98 -1480+3.70 52 98.95+ 0.20 -0.73 £ 0.26 4.1
Test Env. Seed 18 Test Env. Seed 19

Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank

Random  89.92 +£ 344 -11.26 £4.30 6.2 97.64 £0.79 -1.58 + 1.06 1.8
ETS 93.56 + 0.00  -6.74 + 0.00 52 9749 +£0.00 -1.81 £ 0.00 2
Heur-GD 9292 £ 0.00 -7.31 &+ 0.00 6.4 9579 +£0.00 -3.94 £ 0.00 5.8
Heur-LD  92.06 = 0.00  -8.40 £+ 0.00 74 9342+ 0.00 -6.85 =+ 0.00 7.6
Heur-AT 9422 £ 0.00 -5.66 = 0.00 24 96.57 £0.00 -3.01 £ 0.00 4.2
DQN 95.60 + 0.74  -3.92 + 0.93 1 95.50 £ 1.72  -4.42 + 2.16 5.4
A2C 94.06 + 0.46  -5.88 = 0.58 3.3  97.07+£0.33 -241 +0.40 2.8
SAC 93.87 £ 0.38 -6.13 £ 0.48 41  94.04 £281 -6.29 + 3.52 6.4
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Task Order ex-

periment.
Test Env. Seed 10 Test Env. Seed 11 Test Env. Seed 12 Test Env. Seed 13 Test Env. Seed 14

Methods t P t P t P t P t P

DQN vs Random -0.05 0.962 -0.17 0.871 0.18 0.864 3.28 0.024 0.24 0.819
DQN vs ETS 1.78 0.150 0.76 0.490 2.06 0.109 12.55 0.000 4.19 0.014
DQN vs Heur-GD -3.61 0.023 -1.29 0.265 -0.33 0.761 4.03 0.016 -0.85 0.445
DQN vs Heur-LD:  -3.61 0.023 -1.99 0.118 -1.07 0.343 1.51 0.205 -0.56 0.604
DQN vs Heur-AT 13.80 0.000 -1.45 0.221 -0.88 0.427 -2.62 0.059 11.80 0.000
DQN vs A2C -0.61 0.574 2.26 0.084 4.35 0.012 -1.51 0.180 -0.13 0.901
DQN vs SAC -1.58 0.157 -1.65 0.173 -0.87 0.424 -2.03 0.077 -0.79 0.475
A2C vs Random 0.09 0.934 -5.96 0.002 -2.74 0.052 3.87 0.016 0.64 0.556
A2C vs ETS 22.94 0.000 -10.13 0.001 -inf 0.000 24.85 0.000 81.68 0.000
A2C vs Heur-GD -28.72 0.000 -23.78 0.000 -inf 0.000 10.04 0.001 -13.50 0.000
A2C vs Heur-LD -28.72 0.000 -28.38 0.000 -inf 0.000 5.65 0.005 -8.14 0.001
A2C vs Heur-AT 138.22 0.000 -24.81 0.000 -inf 0.000 -1.54 0.199 225.61 0.000
A2C vs DQN 0.61 0.574 -2.26 0.084 -4.35 0.012 1.51 0.180 0.13 0.901
A2C vs SAC -1.85 0.136 -24.85 0.000 -16.11 0.000 -0.91 0.391 -6.60 0.000
SAC vs Random 0.39 0.719 3.79 0.018 0.82 0.456 4.08 0.012 1.64 0.173
SAC vs ETS 5.25 0.006 48.45 0.000 9.10 0.001 17.48 0.000 58.96 0.000
SAC vs Heur-GD -2.36 0.077 7.23 0.002 1.81 0.144 7.72 0.002 -0.67 0.539
SAC vs Heur-LD -2.36 0.077 -6.64 0.003 -0.48 0.655 4.82 0.008 2.68 0.055
SAC vs Heur-AT 22.23 0.000 4.11 0.015 0.11 0.921 0.08 0.939 149.13 0.000
SAC vs DQN 1.58 0.157 1.65 0.173 0.87 0.424 2.03 0.077 0.79 0.475
SAC vs A2C 1.85 0.136 24.85 0.000 16.11 0.000 0.91 0.391 6.60 0.000

Test Env. Seed 15 Test Env. Seed 16 Test Env. Seed 17 Test Env. Seed 18 Test Env. Seed 19

Methods t P t p t P t P t P

DQN vs Random -7.48 0.000 -1.05 0.327 -1.11 0.300 3.23 0.028 -2.26 0.067
DQN vs ETS -13.28 0.000 -4.06 0.015 4.28 0.013 5.49 0.005 -2.31 0.082
DQN vs Heur-GD 34.42 0.000 12.59 0.000 -3.97 0.017 7.21 0.002 -0.34 0.752
DQN vs Heur-LD:  -10.25 0.001 7.27 0.002 -3.64 0.022 9.52 0.001 2.41 0.073
DQN vs Heur-AT 3.44 0.026 0.12 0.912 0.16 0.883 3.72 0.021 -1.24 0.281
DQN vs A2C 27.78 0.000 2.23 0.056 -0.64 0.540 3.54 0.010 -1.79 0.143
DQN vs SAC -1.61 0.155 2.19 0.061 -1.02 0.341 4.14 0.006 0.89 0.407
A2C vs Random -26.79 0.000 -3.58 0.010 -0.50 0.634 2.39 0.073 -1.34 0.235
A2C vs ETS -109.10 0.000 -6.83 0.002 5.87 0.004 2.18 0.094 -2.52 0.066
A2C vs Heur-GD 11.50 0.000 8.66 0.001 -3.56 0.024 4.99 0.008 7.67 0.002
A2C vs Heur-LD -101.45 0.000 3.71 0.021 -3.19 0.033 8.76 0.001 21.88 0.000
A2C vs Heur-AT -66.83 0.000 -2.94 0.042 1.15 0.313 -0.71 0.517 3.00 0.040
A2C vs DQN -27.78 0.000 -2.23 0.056 0.64 0.540 -3.54 0.010 1.79 0.143
A2C vs SAC -18.55 0.000 0.09 0.931 -0.34 0.740 0.62 0.552 2.14 0.097
SAC vs Random -4.59 0.002 -3.40 0.013 -0.21 0.842 2.29 0.083 -2.47 0.061
SAC vs ETS -5.77 0.004 -6.22 0.003 8.22 0.001 1.66 0.172 -2.45 0.070
SAC vs Heur-GD 21.63 0.000 7.62 0.002 -4.08 0.015 5.04 0.007 -1.25 0.281
SAC vs Heur-LD -4.03 0.016 3.20 0.033 -3.59 0.023 9.59 0.001 0.44 0.683
SAC vs Heur-AT 3.83 0.019 -2.75 0.052 2.07 0.107 -1.83 0.141 -1.80 0.146
SAC vs DQN 1.61 0.155 -2.19 0.061 1.02 0.341 -4.14 0.006 -0.89 0.407
SAC vs A2C 18.55 0.000 -0.09 0.931 0.34 0.740 -0.62 0.552 -2.14 0.097
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Table 16: Performance comparison in every test environment with seed (10-19) with with Split
notMNIST for New Task Order experiment. Under each column named ’Test Env. Seed X’,
we show the mean and stddev. of ACC and BWT, and the Rank averaged over the RL seeds for
the corresponding method.

Test Env. Seed 10 Test Env. Seed 11
Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank

Random  89.19 £ 3.60 -9.93 £+ 4.54 5.6  91.90 £ 1.05 -2.01 &£ 1.35 44
ETS 93.24 £ 0.00 -4.74 £ 0.00 1.8  91.79 £0.00 -2.28 £ 0.00 4.2
Heur-GD  91.58 £ 0.00 -5.60 £+ 0.00 4.4 9092+ 0.00 -4.21 +0.00 7.8
Heur-LD  90.88 £ 0.00 -6.51 £+ 0.00 7 91.60 & 0.00 -3.31 & 0.00 6.4
Heur-AT  91.36 £ 0.00 -5.48 £ 0.00 54  91.70 £ 0.00 -3.44 £+ 0.00 5.4

DQN 93.70 £ 1.02 -3.37 £0.72 2 92.73 £ 0.77  -2.12 £ 0.65 2

A2C 91.78 + 0.60  -5.63 &+ 0.49 4.5  92.66 £ 0.36 -2.31 +£0.33 2

SAC 91.34 £ 2.13 -6.52 £ 2.52 5.3 91.95 + 0.68 -3.09 £+ 1.24 3.8
Test Env. Seed 12 Test Env. Seed 13

Method  ACC (%) BWT (%) Rank  ACC (%) BWT (%)  Rank

Random  90.59 £+ 2.85 -7.94 £ 3.69 46  91.63 £240 -3.73+2.70 4.2
ETS 83.06 £ 0.00 -17.48 £ 0.00 8 86.28 £ 0.00 -10.76 = 0.00 8
Heur-GD  92.89 £ 0.00 -4.45 £+ 0.00 2.2 94.06 £ 0.00 -1.22 £ 0.00 1.2
Heur-LD  92.96 £ 0.00 -3.57 £+ 0.00 1.2 9221 £0.00 -3.53 £ 0.00 4.4
Heur-AT 91.20 £ 0.00 -5.92 &+ 0.00 56  88.77£0.00 -7.46 £ 0.00 6.6

DQN 91.59 £ 0.87 -5.46 £ 0.95 4.4 92.30 + 1.48 -3.42 £+ 1.86 3.9

A2C 91.02 £ 0.26  -5.97 £ 0.19 6.2 93.52 + 0.60 -2.05 £+ 0.44 2.7

SAC 92.17 £ 0.23  -4.68 £ 0.30 3.8 91.42 + 1.80 -4.52 £ 2.26 5
Test Env. Seed 14 Test Env. Seed 15

Method  ACC (%) BWT (%) Rank  ACC (%) BWT (%)  Rank

Random  92.42 £ 0.80 -3.95 £ 0.94 3.6 8942+ 1.66 -6.65+ 1.97 4
ETS 92.67 & 0.00  -3.89 & 0.00 2.6  89.32+0.00 -6.41 £ 0.00 4.6
Heur-GD  93.63 £ 0.00 -1.46 & 0.00 1 92.08 £+ 0.00 -4.12 + 0.00 1.2
Heur-LD  89.18 £ 0.00 -7.02 £ 0.00 6.8  89.58 £0.00 -7.25 & 0.00 3.4
Heur-AT 88.14 £ 0.00 -8.58 & 0.00 7.8 8447 +£0.00 -14.124+0.00 7.8

DQN 90.69 + 0.79  -5.25 + 0.95 58  86.99 + 1.50 -10.77 + 1.87 6.4

A2C 9147 £ 1.79 -4.64 £ 2.34 4.8 89.04 £+ 2.55 -8.28 £+ 3.07 4.4

SAC 9247 + 0.50 -2.79 + 0.62 3.6 88.81 +3.35 -8.56 + 4.46 4.2
Test Env. Seed 16 Test Env. Seed 17

Method  ACC (%) BWT (%) Rank  ACC (%) BWT (%)  Rank

Random  93.66 £ 0.54 -0.94 £ 0.77 1 90.30 £ 2.35 -7.20 + 2.85 6.8
ETS 91.91 £ 0.00 -2.65 £ 0.00 2.8 92.56 &£ 0.00 -3.99 £ 0.00 3.8
Heur-GD  89.22 £ 0.00 -5.95 & 0.00 49 91.30 £ 0.00 -5.69 £ 0.00 6.7
Heur-LD  89.22 £ 0.00 -5.95 £ 0.00 49 9130 £ 0.00 -5.69 = 0.00 6.7
Heur-AT  86.29 £ 0.00 -9.36 & 0.00 8 93.87 £ 0.00 -1.30 & 0.00 2.4

DQN 88.94 + 141 -5.84 +£1.93 5.6 9453 £0.90 -1.41+ 1.11 14

A2C 91.85 £ 1.45 -1.88 £ 1.43 2.6 92.58 £ 0.67 -3.78 £ 0.99 4

SAC 88.30 £ 0.76  -6.65 + 1.17 6.2 92,50 £ 1.67 -3.36 + 1.89 4.2
Test Env. Seed 18 Test Env. Seed 19

Method  ACC (%)  BWT (%) Rank ACC (%)  BWT (%) Rank

Random  94.78 £ 2.97 -2.78 £+ 3.76 22 9283 +219 -2.62+2.73 5
ETS 92.43 £ 0.00 -5.57 &+ 0.00 6.4  90.89 £ 0.00 -5.17 £ 0.00 7.8
Heur-GD  92.79 £ 0.00  -5.69 % 0.00 48 9416 £0.00 -2.21 £ 0.00 3.2
Heur-LD  94.65 £ 0.00 -3.71 £ 0.00 1.8 9494 £0.00 -1.01 £ 0.00 1.2
Heur-AT  88.15 £ 0.00 -11.30 £ 0.00 8 93.46 £ 0.00 -3.99 £ 0.00 5.8
DQN 93.32 £ 0.69 -4.77 £ 1.02 44 9408 +£0.96 -3.10 £ 1.02 3.8
A2C 93.64 £ 0.22  -4.58 £ 0.48 34  93.66 +£0.80 -3.82+0.94 3.8
SAC 92.57 £ 1.35 -5.96 £ 2.05 5 93.28 &£ 0.47  -4.22 £+ 0.59 5.4
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Table 17: Two-tailed Welch’s t-test results for Split not MINIST in New Task Order experiment.

TestEnv. Seed 10 TestEnv. Seed 11

TestEnv. Seed 12

TestEnv. Seed 13 TestEnv. Seed 14

Methods t P t P t P t P t P

DQN vs Random 2.41 0.065 1.27 0.242 0.67 0.534 0.47 0.651 -3.09 0.015
DQN vs ETS 0.89 0.423 2.45 0.071 19.64 0.000 8.12 0.001 -5.03 0.007
DQN vs Heur-GD ~ 4.15 0.014 4.72 0.009 -3.00 0.040 -2.37 0.077 -7.47 0.002
DQN vs Heur-LD:  5.52 0.005 2.96 0.041 -3.16 0.034 0.13 0.906 3.84 0.018
DQN vs Heur-At 4.58 0.010 2.70 0.054 0.88 0.428 4.76 0.009 6.47 0.003
DQN vs A2C 3.23 0.016 0.17 0.870 1.25 0.271 -1.52 0.186 -0.80 0.457
DQN vs SAC 2.00 0.095 1.52 0.168 -1.31 0.254 0.76 0.471 -3.84 0.007
A2C vs Random 1.42 0.226 1.36 0.234 0.30 0.777 1.52 0.194 -0.97 0.372
A2C vs ETS -4.85 0.008 4.73 0.009 60.22 0.000 24.32 0.000 -1.34 0.251
A2C vs Heur-GD  0.67 0.537 9.51 0.001 -14.14 0.000 -1.82 0.142 -2.42 0.073
A2C vs Heur-LD 2.99 0.040 5.82 0.004 -14.66 0.000 4.40 0.012 2.57 0.062
A2C vs Heur-At 1.40 0.233 5.27 0.006 -1.39 0.238 15.96 0.000 3.73 0.020
A2C vs DQN -3.23 0.016 -0.17 0.870 -1.25 0.271 1.52 0.186 0.80 0.457
A2C vs SAC 0.40 0.705 1.82 0.118 -6.58 0.000 2.21 0.080 -1.08 0.332
SAC vs Random 1.02 0.342 0.08 0.941 111 0.329 -0.14 0.889 0.12 0.908
SAC vs ETS -1.79 0.148 0.46 0.668 79.21 0.000 5.70 0.005 -0.78 0.478
SAC vs Heur-GD ~ -0.23 0.831 3.01 0.039 -6.23 0.003 -2.93 0.043 -4.65 0.010
SAC vs Heur-LD 0.43 0.691 1.04 0.357 -6.83 0.002 -0.88 0.430 13.29 0.000
SAC vs Heur-At -0.02 0.984 0.75 0.495 8.42 0.001 2.94 0.042 17.45 0.000
SAC vs DQN -2.00 0.095 -1.52 0.168 1.31 0.254 -0.76 0.471 3.84 0.007
SAC vs A2C -0.40 0.705 -1.82 0.118 6.58 0.000 -2.21 0.080 1.08 0.332

TestEnv. Seed 15 TestEnv. Seed 16 TestEnv. Seed 17 TestEnv. Seed 18 TestEnv. Seed 19

Methods t p t p t p t p t p

DQN vs Random  -2.17 0.062 -6.27 0.001 3.36 0.019 -0.96 0.387 1.04 0.340
DQN vs ETS -3.11 0.036 -4.23 0.013 4.40 0.012 2.60 0.060 6.64 0.003
DQN vs Heur-GD  -6.80 0.002 -0.40 0.708 7.21 0.002 1.56 0.194 -0.16 0.881
DQN vs Heur-LD:  -3.45 0.026 -0.40 0.708 7.21 0.002 -3.85 0.018 -1.79 0.149
DQN vs Heur-At 3.37 0.028 3.77 0.020 1.47 0.214 15.03 0.000 1.29 0.267
DQN vs A2C -1.39 0.211 -2.89 0.020 3.50 0.009 -0.87 0.426 0.68 0.514
DQN vs SAC -0.99 0.362 0.80 0.453 2.14 0.075 0.99 0.360 1.50 0.186
A2C vs Random -0.25 0.809 -2.32 0.067 1.86 0.126 -0.77 0.483 0.70 0.512
A2C vs ETS -0.22 0.837 -0.07 0.945 0.06 0.958 11.20 0.000 6.87 0.002
A2C vs Heur-GD ~ -2.39 0.075 3.62 0.022 3.84 0.018 7.88 0.001 -1.26 0.277
A2C vs Heur-LD ~ -0.42 0.694 3.62 0.022 3.84 0.018 -9.37 0.001 -3.20 0.033
A2C vs Heur-At 3.59 0.023 7.66 0.002 -3.89 0.018 50.85 0.000 0.48 0.659
A2C vs DQN 1.39 0.211 2.89 0.020 -3.50 0.009 0.87 0.426 -0.68 0.514
A2C vs SAC 0.11 0.916 4.33 0.005 0.08 0.938 1.56 0.191 0.80 0.452
SAC vs Random -0.33 0.755 -11.47 0.000 1.53 0.169 -1.36 0.227 0.40 0.708
SAC vs ETS -0.30 0.776 -9.46 0.001 -0.07 0.951 0.21 0.842 10.09 0.001
SAC vs Heur-GD  -1.96 0.122 -2.42 0.073 1.45 0.222 -0.32 0.765 -3.71 0.021
SAC vs Heur-LD  -0.46 0.670 -2.42 0.073 145 0.222 -3.08 0.037 -7.01 0.002
SAC vs Heur-At 2.60 0.060 5.27 0.006 -1.64 0.176 6.55 0.003 -0.77 0.484
SAC vs DQN 0.99 0.362 -0.80 0.453 -2.14 0.075 -0.99 0.360 -1.50 0.186
SAC vs A2C -0.11 0.916 -4.33 0.005 -0.08 0.938 -1.56 0.191 -0.80 0.452
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Table 18: Performance comparison in every test environment with seed (10-19) with with Split
CIFAR-10 for New Task Order experiment. Under each column named ’Test Env. Seed X’, we
show the mean and stddev. of ACC and BWT, and the Rank averaged over the RL seeds for the
corresponding method.

Test Env. Seed 10 Test Env. Seed 11
Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank
Random  86.35 + 1.57 -13.27 4+ 1.98 4.2 73.05 £ 1.42 -27.40 + 1.91 7.8
ETS 87.10 £ 0.00 -12.31 £0.00 1.8  75.16 +£ 0.00 -25.14 +0.00 7.2
Heur-GD  86.31 + 0.00 -13.19 £ 0.00 4 79.45 + 0.00 -19.79 £ 0.00 5.6
Heur-LD  86.67 &+ 0.00 -12.74 + 0.00 3 81.64 + 0.00 -17.05 £ 0.00 2
Heur-AT 85.94 + 0.00 -13.69 +£ 0.00 5.2  81.12 4+ 0.00 -17.74 £ 0.00 3
DQN 87.06 £ 1.26 -12.42 + 1.57 2.8 79.42 £ 0.66 -19.64 + 0.83 5.4
A2C 84.55 + 0.00 -15.59 +£0.00 7.4  82.90 + 0.00 -15.26 & 0.00 1
SAC 84.44 + 0.64 -15.66 + 0.81 7.6 80.68 +0.00 -18.04 £ 0.00 4
Test Env. Seed 12 Test Env. Seed 13
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  87.86 + 1.12 -10.36 4+ 1.44 3.8 80.07 + 1.43 -15.40 + 1.78 4.1
ETS 85.53 £ 0.00 -13.33 £0.00 7.6 76.85+0.00 -19.34 + 0.00 8
Heur-GD  89.76 + 0.00 -7.69 £ 0.00 1 78.93 + 0.00 -16.48 £0.00 6.8
Heur-LD  87.52 + 0.00 -10.40 £ 0.00 4.4  80.81 +0.00 -14.20 £ 0.00 3.6
Heur-AT  89.57 + 0.00 -8.15 £+ 0.00 2 80.19 + 0.00 -14.77 +0.00 5.1
DQN 85.18 £ 0.88 -13.31 £ 1.12 7.4 80.43 4+ 0.58 -14.47 £ 0.75 4
A2C 86.42 £ 0.56 -11.90 £ 0.75 5.4 81.24 + 0.13 -13.35 £ 0.15 1.9
SAC 87.53 £ 1.02 -10.46 + 1.34 4.4 80.97 4+ 0.47 -13.67 £+ 0.64 2.5
Test Env. Seed 14 Test Env. Seed 15
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  82.04 + 2.37 -17.84 4+ 2.95 7 84.86 + 0.62 -14.77 £ 0.79 2.2
ETS 77.79 +£0.00 -23.26 £0.00 7.8 83.78 £0.00 -16.15+ 0.00 6.2
Heur-GD  86.86 + 0.00 -11.70 £ 0.00 1 83.52 +£ 0.00 -16.29 + 0.00 7.2
Heur-LD  84.00 £ 0.00 -15.24 £ 0.00 5.8  84.08 £ 0.00 -15.58 +£0.00 4.5
Heur-AT  86.57 + 0.00 -12.05 £ 0.00 2 84.08 + 0.00 -15.58 +0.00 4.5
DQN 84.71 £ 1.14 -14.62 £+ 1.36 5.1 82.22 + 1.88 -17.83 £ 2.38 6.6
A2C 85.81 £0.32 -13.35 £ 0.40 4 84.74 + 0.31 -14.65 £ 0.39 2
SAC 86.16 + 0.44 -12.90 £ 0.55 3.3 8443 +0.20 -15.05+0.26 2.8
Test Env. Seed 16 Test Env. Seed 17
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  87.60 + 1.72 -10.51 £ 2.15 4.4  72.33 £ 2.14 -26.27 + 2.73 7
ETS 87.80 £ 0.00 -10.20 + 0.00 3.4 70.35 £ 0.00 -28.79 + 0.00 7.6
Heur-GD  86.77 £ 0.00 -12.23 £ 0.00 5.7  74.14 + 0.00 -23.30 £0.00 5.8
Heur-LD  86.51 +£ 0.00 -12.63 £ 0.00 7.2  76.08 £ 0.00 -20.88 +£0.00 34
Heur-AT  86.77 + 0.00 -12.23 £ 0.00 5.7 76.44 £ 0.00 -20.49 + 0.00 2.2
DQN 87.66 + 0.25 -11.02 £0.33 3.2 7513 +£3.56 -21.96 +4.45 3.8
A2C 88.03 + 0.00 -10.59 £ 0.00 2 75.72 £ 0.00 -21.18 £0.00 4.5
SAC 87.14 £ 1.38 -11.67 £ 1.64 4.4 77.20 £ 0.87 -19.25 + 1.12 1.7
Test Env. Seed 18 Test Env. Seed 19
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  87.43 +0.88 -10.75 £1.03 7.2  74.89 +2.33 -25.80 + 2.89 8
ETS 88.32 £ 0.00 -10.19 £ 0.00 6.4  77.67 £ 0.00 -22.16 + 0.00 6
Heur-GD  88.59 + 0.00 -10.34 4 0.00 4.7 77.87 £0.00 -22.98 + 0.00 4.5
Heur-LD  89.85 + 0.00 -8.95 & 0.00 1.2 77.50 £ 0.00 -23.50 + 0.00 7
Heur-AT 88.59 + 0.00 -10.34 £ 0.00 4.7 77.87 +£0.00 -22.98 £0.00 4.5
DQN 88.41 £0.93 -10.73 £ 1.15 4.4 7991 £ 0.87 -20.52 £+ 1.07 2
A2C 89.35 + 0.39  -9.47 + 0.48 2.2 80.48 +0.00 -19.78 + 0.00 1.7
SAC 88.57 + 0.52 -10.48 £+ 0.61 52  80.04 +£0.70 -20.31 +0.84 2.3
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Table 19: Two-tailed Welch’s t-test results for Split CIFAR-10 in New Task Order experiment.

Test Env. Seed 10 Test Env. Seed 11

Test Env. Seed 12

Test Env. Seed 13 Test Env. Seed 14

Methods t P t P t P t P t P

DQN vs Random 0.70 0.504 8.12 0.000 -3.77 0.006 0.48 0.653 2.03 0.091
DQN vs ETS -0.07 0.948 12.90 0.000 -0.79 0.473 12.33 0.000 12.12 0.000
DQN vs Heur-GD  1.18 0.303 -0.09 0.932 -10.41 0.000 5.18 0.007 -3.77 0.020
DQN vs Heur-LD:  0.61 0.574 -6.72 0.003 -5.31 0.006 -1.29 0.265 1.24 0.283
DQN vs Heur-At 1.77 0.152 -5.15 0.007 -9.97 0.001 0.84 0.448 -3.26 0.031
DQN vs A2C 3.97 0.017 -10.54 0.000 -2.38 0.051 -2.70 0.049 -1.86 0.127
DQN vs SAC 3.70 0.010 -3.82 0.019 -3.50 0.008 -1.44 0.188 -2.37 0.062
A2C vs Random -2.29 0.084 13.83 0.000 -2.31 0.061 1.63 0.178 3.15 0.033
A2C vs ETS -inf 0.000 inf 0.000 3.19 0.033 68.53 0.000 50.37 0.000
A2C vs Heur-GD -inf 0.000 inf 0.000 -12.02 0.000 36.03 0.000 -6.59 0.003
A2C vs Heur-LD -inf 0.000 inf 0.000 -3.96 0.017 6.66 0.003 11.37 0.000
A2C vs Heur-At -inf 0.000 inf 0.000 -11.34 0.000 16.34 0.000 -4.77 0.009
A2C vs DQN -3.97 0.017 10.54 0.000 2.38 0.051 2.70 0.049 1.86 0.127
A2C vs SAC 0.35 0.746 inf 0.000 -1.92 0.101 1.07 0.336 -1.27 0.242
SAC vs Random -2.25 0.071 10.72 0.000 -0.44 0.674 1.21 0.284 3.41 0.024
SAC vs ETS -8.26 0.001 inf 0.000 3.94 0.017 17.51 0.000 37.69 0.000
SAC vs Heur-GD  -5.81 0.004 inf 0.000 -4.39 0.012 8.68 0.001 -3.16 0.034
SAC vs Heur-LD ~ -6.92 0.002 -inf 0.000 0.02 0.982 0.70 0.525 9.72 0.001
SAC vs Heur-At -4.66 0.010 -inf 0.000 -4.01 0.016 3.33 0.029 -1.86 0.137
SAC vs DQN -3.70 0.010 3.82 0.019 3.50 0.008 1.44 0.188 2.37 0.062
SAC vs A2C -0.35 0.746 -inf 0.000 1.92 0.101 -1.07 0.336 1.27 0.242

Test Env. Seed 15 Test Env. Seed 16 Test Env. Seed 17 Test Env. Seed 18 Test Env. Seed 19

Methods t P t P t P t P t P

DQN vs Random  -2.67 0.045 0.07 0.945 1.35 0.222 1.53 0.165 4.03 0.010
DQN vs ETS -1.66 0.172 -1.08 0.342 2.69 0.055 0.20 0.850 5.14 0.007
DQN vs Heur-GD  -1.38 0.239 7.09 0.002 0.56 0.608 -0.38 0.725 4.68 0.009
DQN vs Heur-LD:  -1.98 0.119 9.15 0.001 -0.54 0.621 -3.08 0.037 5.53 0.005
DQN vs Heur-At ~ -1.98 0.119 7.09 0.002 -0.74 0.502 -0.38 0.725 4.68 0.009
DQN vs A2C -2.65 0.054 -2.90 0.044 -0.33 0.756 -1.86 0.119 -1.31 0.259
DQN vs SAC -2.34 0.078 0.75 0.491 -1.13 0.315 -0.29 0.785 -0.23 0.822
A2C vs Random -0.35 0.740 0.50 0.643 3.17 0.034 4.00 0.009 4.80 0.009
A2C vs ETS 6.26 0.003 inf 0.000 inf 0.000 5.35 0.006 inf 0.000
A2C vs Heur-GD 7.95 0.001 inf 0.000 inf 0.000 3.95 0.017 inf 0.000
A2C vs Heur-LD 4.31 0.013 inf 0.000 -inf 0.000 -2.58 0.061 inf 0.000
A2C vs Heur-At 4.31 0.013 inf 0.000 -inf 0.000 3.95 0.017 inf 0.000
A2C vs DQN 2.65 0.054 2.90 0.044 0.33 0.756 1.86 0.119 1.31 0.259
A2C vs SAC 1.70 0.133 1.30 0.265 -3.39 0.027 2.44 0.043 1.27 0.273
SAC vs Random -1.33 0.241 -0.42 0.685 4.21 0.007 2.22 0.065 4.23 0.009
SAC vs ETS 6.37 0.003 -0.96 0.391 15.73 0.000 0.95 0.394 6.80 0.002
SAC vs Heur-GD 8.92 0.001 0.53 0.624 7.02 0.002 -0.09 0.930 6.23 0.003
SAC vs Heur-LD 3.43 0.027 0.91 0.416 2.57 0.062 -4.98 0.008 7.29 0.002
SAC vs Heur-At 3.43 0.027 0.53 0.624 1.74 0.157 -0.09 0.930 6.23 0.003
SAC vs DQN 2.34 0.078 -0.75 0.491 1.13 0.315 0.29 0.785 0.23 0.822
SAC vs A2C -1.70 0.133 -1.30 0.265 3.39 0.027 -2.44 0.043 -1.27 0.273




202 PAPER D. POLICY LEARNING FOR REPLAY SCHEDULING

Table 20: Performance comparison in every test environment with seed (0-9) with with Split
FashionMNIST for New Dataset experiment. Under each column named ’Test Env. Seed X’,
we show the mean and stddev. of ACC and BWT, and the Rank averaged over the RL seeds for

the corresponding method.

Test Env. Seed 0

Test Env. Seed 1

Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank
Random  94.33 +£3.03 -6.15 £+ 3.78 [ 92.26 + 3.84  -5.96 + 4.78 4.8
ETS 97.10 + 0.00  -2.70 + 0.00 6.4  94.10 £ 0.00 -3.59 + 0.00 4
Heur-GD  97.90 + 0.00 -1.59 £ 0.00 1 95.01 + 0.00 -2.69 + 0.00 1.6
Heur-LD  97.59 + 0.00 -1.99 £ 0.00 3.2 90.03 +0.00 -8.90 + 0.00 7.8
Heur-AT  97.41 +0.00 -2.21 4+ 0.00 5 94.09 + 0.00 -3.78 + 0.00 5
DQN 96.82 £ 1.50 -3.06 £ 1.87 4.4 93.74 + 1.86 -4.24 £+ 2.33 3.6
A2C 95.74 + 3.33  -4.39 + 4.15 4.8 9280 £ 1.56 -5.27 £ 1.95 5.6
SAC 97.14 + 0.47  -2.65 + 0.58 52 9437+ 0.77 -3.35 + 1.00 3.6
Test Env. Seed 2 Test Env. Seed 3
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  93.74 £ 2.97 -6.36 £+ 3.71 6.6 94.12+4.14 -6.99 + 5.16 4.7
ETS 86.72 + 0.00 -15.17 £ 0.00 8 89.44 + 0.00 -12.86 + 0.00 7.4
Heur-GD  97.41 +0.00 -1.87 4 0.00 2.8  96.69 + 0.00 -3.68 + 0.00 4
Heur-LD  97.30 & 0.00 -1.91 4 0.00 3.8 90.61 +£0.00 -11.26 +0.00 5.8
Heur-AT  97.65 + 0.00 -1.58 £+ 0.00 1 99.40 + 0.00  -0.26 + 0.00 1.1
DQN 96.13 £ 0.97 -3.47 £ 1.20 5.4 94.66 + 5.00 -6.24 £+ 6.26 4.4
A2C 97.31 £0.55 -1.99 £ 0.71 2.6 92.12 £ 3.75  -9.40 £ 4.68 6.2
SAC 96.20 + 0.49 -3.37 + 0.61 5.8  98.77 £ 0.17 -1.10 4+ 0.22 2.4
Test Env. Seed 4 Test Env. Seed 5
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  83.64 + 5.22 -16.86 4+ 6.48 6.2 89.76 + 2.46  -7.91 + 3.06 4.4
ETS 87.07 £ 0.00 -12.61 £0.00 4.8 91.53 +0.00 -5.61 + 0.00 1.4
Heur-GD  91.29 £+ 0.00 -7.30 £+ 0.00 2.8 90.33 +£0.00 -7.25 + 0.00 3.8
Heur-LD  86.75 +£ 0.00 -12.87 £ 0.00 5.8  88.01 +0.00 -10.02 £0.00 5.6
Heur-AT 83.28 £ 0.00 -17.02 £0.00 7.2  90.53 +0.00 -6.81 + 0.00 2.8
DQN 88.76 +4.73 -10.37 £595 3.6  87.31 +£1.09 -10.89 + 1.38 7
A2C 91.98 + 0.17  -6.36 + 0.18 1.4 8793 +£0.00 -10.07 £0.00 6.8
SAC 87.67 +4.62 -11.67 £575 4.2  89.55 +2.05 -8.04 + 2.60 4.2
Test Env. Seed 6 Test Env. Seed 7
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  95.34 + 0.74  -2.57 + 1.01 1.4 94.40 £ 0.77 -3.53 + 0.94 4.4
ETS 95.48 £ 0.00 -2.50 £ 0.00 1.6 95.31 £ 0.00 -2.21 £+ 0.00 2.6
Heur-GD  90.01 £ 0.00 -9.09 £+ 0.00 42  91.76 £ 0.00 -6.84 + 0.00 6.6
Heur-LD  85.44 +£ 0.00 -14.96 £ 0.00 5.6  95.14 + 0.00 -2.64 + 0.00 3.6
Heur-AT  76.02 £ 0.00 -26.58 £ 0.00 7.8 96.78 + 0.00 -0.67 + 0.00 1.2
DQN 86.60 + 5.92 -13.56 + 7.39 5 89.22 +2.34 -10.06 + 2.88 7.7
A2C 89.14 £+ 3.66 -10.35 £ 4.57 4 93.49 4+ 2.58  -4.77 £ 3.18 4.8
SAC 81.95 + 5.52  -19.31 £+ 6.91 6.4  93.95+ 0.51 -4.20 + 0.69 5.1
Test Env. Seed 8 Test Env. Seed 9
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  93.15 + 4.08 -7.22 4+ 5.09 3.4  94.81 +£3.66 -5.14 + 4.51 34
ETS 94.80 + 0.00 -5.18 £ 0.00 3 96.71 & 0.00 -2.76 £ 0.00 2.2
Heur-GD  95.00 + 0.00 -4.83 4 0.00 1.8 95.27 + 0.00  -4.75 + 0.00 4
Heur-LD 87.86 £ 0.00 -13.66 £ 0.00 7.8  90.02 +£ 0.00 -11.16 £0.00 7.8
Heur-AT  93.93 £ 0.00 -6.07 £+ 0.00 42 90.29 + 0.00 -10.82 +0.00 6.8
DQN 91.67 + 2.85 -8.94 + 3.61 56 9532+ 1.76 -4.60 + 2.19 3
A2C 93.57 + 0.00 -6.61 + 0.00 56  91.31 +£1.08 -9.62 + 1.37 5.8
SAC 94.03 £ 0.96 -5.97 £ 1.21 4.6 95.39 &+ 1.76  -4.52 £+ 2.21 3
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Table 21: Two-tailed Welch’s t-test results for Split FashionMNIST in New Dataset experiment.

Test Env. Seed 0 Test Env. Seed 1

Test Env. Seed 2 Test Env. Seed 3 Test Env. Seed 4

Methods t » t P t P 3 P t p

DQN vs Random 1.47 0.193 0.69 0.515 1.53 0.187 0.17 0.872 1.46 0.184
DQN vs ETS -0.38 0.725 -0.38 0.720 19.36 0.000 2.09 0.105 0.72 0.513
DQN vs Heur-GD  -1.45 0.222 -1.36 0.245 -2.63 0.058 -0.81 0.463 -1.07 0.345
DQN vs Heur-LD:  -1.03 0.360 3.98 0.016 -2.40 0.074 1.62 0.181 0.85 0.442
DQN vs Heur-At -0.79 0.473 -0.37 0.728 -3.12 0.035 -1.90 0.131 2.32 0.081
DQN vs A2C 0.59 0.579 0.77 0.462 -2.11 0.076 0.81 0.442 -1.36 0.245
DQN vs SAC -0.41 0.703 -0.63 0.558 -0.13 0.905 -1.64 0.176 0.33 0.750
A2C vs Random 0.63 0.547 0.26 0.804 2.37 0.073 -0.72 0.495 3.19 0.033
A2C vs ETS -0.82 0.461 -1.67 0.171 38.38 0.000 1.43 0.226 57.27 0.000
A2C vs Heur-GD -1.30 0.265 -2.84 0.047 -0.35 0.746 -2.44 0.072 8.05 0.001
A2C vs Heur-LD -1.11 0.329 3.56 0.024 0.05 0.962 0.81 0.465 61.00 0.000
A2C vs Heur-At -1.00 0.373 -1.65 0.173 -1.22 0.290 -3.88 0.018 101.48 0.000
A2C vs DQN -0.59 0.579 -0.77 0.462 2.11 0.076 -0.81 0.442 1.36 0.245
A2C vs SAC -0.83 0.452 -1.81 0.122 3.03 0.017 -3.54 0.024 1.86 0.136
SAC vs Random 1.83 0.138 1.08 0.338 1.64 0.173 2.24 0.088 1.16 0.281
SAC vs ETS 0.15 0.885 0.71 0.517 38.96 0.000 107.86 0.000 0.26 0.807
SAC vs Heur-GD  -3.26 0.031 -1.67 0.171 -4.97 0.008 24.01 0.000 -1.57 0.193
SAC vs Heur-LD -1.94 0.125 11.34 0.000 -4.52 0.011 94.33 0.000 0.40 0.710
SAC vs Heur-At -1.17 0.308 0.74 0.502 -5.96 0.004 -7.33 0.002 1.90 0.130
SAC vs DQN 0.41 0.703 0.63 0.558 0.13 0.905 1.64 0.176 -0.33 0.750
SAC vs A2C 0.83 0.452 1.81 0.122 -3.03 0.017 3.54 0.024 -1.86 0.136

Test Env. Seed 5 Test Env. Seed 6 Test Env. Seed 7 Test Env. Seed 8 Test Env. Seed 9

Methods t P t P t P t P t P

DQN vs Random  -1.82 0.122 -2.93 0.041 -4.21 0.009 -0.59 0.570 0.25 0.812
DQN vs ETS -7.73 0.002 -3.00 0.040 -5.20 0.007 -2.20 0.093 -1.58 0.189
DQN vs Heur-GD  -5.53 0.005 -1.15 0.313 -2.17 0.096 -2.34 0.079 0.05 0.961
DQN vs Heur-LD:  -1.28 0.269 0.39 0.714 -5.06 0.007 2.67 0.056 6.00 0.004
DQN vs Heur-At ~ -5.90 0.004 3.58 0.023 -6.46 0.003 -1.59 0.187 5.70 0.005
DQN vs A2C -1.14 0.320 -0.73 0.490 -2.45 0.040 -1.34 0.253 3.87 0.007
DQN vs SAC -1.93 0.101 1.15 0.283 -3.95 0.014 -1.57 0.179 -0.06 0.957
A2C vs Random -1.49 0.210 -3.32 0.026 -0.68 0.529 0.21 0.846 -1.84 0.129
A2C vs ETS -inf 0.000 -3.47 0.026 -1.41 0.231 -inf 0.000 -10.02 0.001
A2C vs Heur-GD -inf 0.000 -0.47 0.660 1.34 0.252 -inf 0.000 -7.35 0.002
A2C vs Heur-LD -inf 0.000 2.03 0.113 -1.28 0.270 inf 0.000 2.39 0.075
A2C vs Heur-At -inf 0.000 7.18 0.002 -2.55 0.063 -inf 0.000 1.89 0.131
A2C vs DQN 1.14 0.320 0.73 0.490 2.45 0.040 1.34 0.253 -3.87 0.007
A2C vs SAC -1.58 0.189 2.17 0.067 -0.35 0.741 -0.95 0.394 -3.94 0.006
SAC vs Random -0.13 0.897 -4.81 0.008 -0.97 0.362 0.42 0.695 0.28 0.787
SAC vs ETS -1.93 0.125 -4.90 0.008 -5.29 0.006 -1.62 0.180 -1.50 0.208
SAC vs Heur-GD  -0.76 0.488 -2.92 0.043 8.53 0.001 -2.04 0.111 0.13 0.902
SAC vs Heur-LD 1.50 0.208 -1.27 0.274 -4.62 0.010 12.91 0.000 6.09 0.004
SAC vs Heur-At -0.96 0.392 2.15 0.098 -11.01 0.000 0.20 0.850 5.78 0.004
SAC vs DQN 1.93 0.101 -1.15 0.283 3.95 0.014 1.57 0.179 0.06 0.957
SAC vs A2C 1.58 0.189 -2.17 0.067 0.35 0.741 0.95 0.394 3.94 0.006
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Table 22: Performance comparison in every test environment with seed (0-9) with with Split
notMNIST for New Dataset experiment. Under each column named ’Test Env. Seed X’, we
show the mean and stddev. of ACC and BWT, and the Rank averaged over the RL seeds for the
corresponding method.

Test Env. Seed 0

Test Env. Seed 1

Method  ACC (%) BWT (%) Rank ACC (%) BWT (%)  Rank
Random  93.09 + 2.31 -3.66 + 2.82 3.4 92.13 £ 0.80 -3.91 £ 0.93 4.6
ETS 91.08 + 0.00 -6.61 + 0.00 6.8 9246 + 0.00 -3.75 + 0.00 3.8
Heur-GD  92.41 + 0.00 -3.55 4 0.00 4.8  91.18 £0.00 -6.26 + 0.00 6.8
Heur-LD  92.41 + 0.00 -3.55 4 0.00 4.8  91.18 £ 0.00 -6.26 £+ 0.00 6.8
Heur-AT  92.41 + 0.00 -3.55 £+ 0.00 4.8 91.18 £ 0.00 -6.26 £+ 0.00 6.8
DQN 90.52 + 3.15  -6.92 + 3.57 56  93.79 +£0.86 -1.65+ 1.03 2.4
A2C 91.62 £ 1.62 -5.47 £ 2.49 4.8 93.26 + 1.02 -2.12 £+ 1.41 3.2
SAC 9747 £ 0.21  -2.24 £ 0.27 1 94.54 + 0.96 -3.12 £ 1.21 1.6
Test Env. Seed 2 Test Env. Seed 3
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  87.13 +£3.01 -10.47 £3.60 54  89.04 + 3.01 -8.60 + 3.86 7.4
ETS 91.23 £ 0.00 -5.23 + 0.00 3 89.33 + 0.00 -8.28 + 0.00 7.4
Heur-GD  82.58 +£ 0.00 -15.83 £0.00 6.8  95.26 + 0.00 -0.99 + 0.00 2.8
Heur-LD  82.58 + 0.00 -15.83 £ 0.00 6.8  95.26 & 0.00 -0.99 + 0.00 2.8
Heur-AT 82.58 +£ 0.00 -15.83 £0.00 6.8  95.26 + 0.00 -0.99 + 0.00 2.8
DQN 91.92 £ 2.03 -4.77 £ 2.31 2.6 92.49 + 0.73  -4.69 £ 0.54 6.2
A2C 90.46 £ 0.99 -6.03 £ 1.24 3.6 94.61 + 0.82  -2.06 £ 0.46 4.8
SAC 97.00 £ 0.37 -2.39 £ 0.46 1 97.26 + 2.15  -2.99 £ 2.68 1.8
Test Env. Seed 4 Test Env. Seed 5
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  91.37 +£ 1.63  -5.04 + 2.02 5 91.06 + 1.45 -5.87 + 1.82 5.8
ETS 90.52 + 0.00  -5.81 + 0.00 6.6  90.73 £ 0.00 -6.00 + 0.00 6.6
Heur-GD  91.64 £+ 0.00 -6.55 £+ 0.00 4.3  91.80 £ 0.00 -3.52 + 0.00 4.2
Heur-LD  92.66 + 0.00 -5.28 4+ 0.00 24  91.80 £ 0.00 -3.52 + 0.00 4.2
Heur-AT  91.64 + 0.00 -6.55 & 0.00 4.3 91.80 £ 0.00 -3.52 + 0.00 4.2
DQN 90.76 £ 2.44  -6.15 £ 3.21 4.8 92.72 £ 1.11  -3.49 £ 1.10 2.2
A2C 92.80 £ 0.48 -4.09 £ 0.48 1.8 92.94 + 0.24  -3.00 £ 0.29 1.8
SAC 89.59 + 1.13  -9.27 + 1.39 6.8  88.34 +2.07 -9.57 + 2.57 7
Test Env. Seed 6 Test Env. Seed 7
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  91.80 4+ 2.56 -4.63 &+ 3.25 3.6 93.72 4+ 0.78 -3.20 + 0.94 3.2
ETS 91.99 £ 0.00 -5.12 £ 0.00 3.4 94.03 + 0.00  -1.98 £+ 0.00 2
Heur-GD  91.55 + 0.00  -4.47 £+ 0.00 55  88.81 +£0.00 -8.97 + 0.00 8
Heur-LD  87.03 £ 0.00 -10.13 £0.00 7.8  90.65 + 0.00 -5.98 + 0.00 7
Heur-AT  91.55 + 0.00 -4.47 4+ 0.00 55  93.08+0.00 -2.95+ 0.00 4.6
DQN 93.32 + 1.33  -2.59 £ 1.27 3 93.17 £ 0.56  -2.79 + 0.55 4.8
A2C 91.69 £ 1.50 -4.35 £ 1.87 4.4 93.32 &£ 0.57  -2.46 £+ 0.59 4.2
SAC 92.24 £ 451 -6.43 £ 5.65 2.8 94.94 + 1.41  -2.95 £+ 1.76 2.2
Test Env. Seed 8 Test Env. Seed 9
Method ACC (%) BWT (%) Rank ACC (%) BWT (%) Rank
Random  92.62 + 0.30 -4.15 4+ 0.61 4.8 9248 +1.34 -5.36 + 1.50 3
ETS 89.04 + 0.00 -8.36 £ 0.00 6.4  94.29 & 0.00 -3.55 & 0.00 1.6
Heur-GD  93.56 + 0.00 -2.86 4 0.00 3.1 79.09 £ 0.00 -22.95 + 0.00 6.8
Heur-LD  88.21 + 0.00 -9.54 4 0.00 74 79.09 +£0.00 -22.954+0.00 6.8
Heur-AT  93.56 + 0.00 -2.86 £+ 0.00 3.1 79.09 + 0.00 -22.95 +£0.00 6.8
DQN 93.12 £ 1.13 -3.20 £ 1.38 3.6 84.95 + 4.36 -15.42 + 5.12 5.6
A2C 93.92 + 0.00 -2.53 + 0.00 1.4 90.87 £ 0.17 -8.58 + 0.22 3.8
SAC 89.26 + 2.77 -11.90 £ 3.45 6.2  94.55 +2.28 -5.55 + 2.87 1.6
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Table 23: Two-tailed Welch’s t-test results for Split not MINIST in New Dataset experiment.

Test Env. Seed 0 Test Env. Seed 1

Test Env. Seed 2 Test Env. Seed 3 Test Env. Seed 4

Methods t P t P t P t Pp t p

DQN vs Random  -1.32 0.226 2.81 0.023 2.64 0.033 2.22 0.083 -0.41 0.692
DQN vs ETS -0.36 0.739 3.08 0.037 0.68 0.535 8.68 0.001 0.20 0.849
DQN vs Heur-GD  -1.20 0.296 6.06 0.004 9.21 0.001 -7.65 0.002 -0.72 0.512
DQN vs Heur-LD:  -1.20 0.296 6.06 0.004 9.21 0.001 -7.65 0.002 -1.56 0.194
DQN vs Heur-At -1.20 0.296 6.06 0.004 9.21 0.001 -7.65 0.002 -0.72 0.512
DQN vs A2C -0.63 0.554 0.78 0.458 1.29 0.245 -3.88 0.005 -1.64 0.172
DQN vs SAC -4.41 0.011 -1.17 0.277 -4.93 0.007 -4.21 0.009 0.87 0.419
A2C vs Random -1.04 0.333 1.74 0.122 2.10 0.091 3.57 0.019 1.68 0.159
A2C vs ETS 0.67 0.537 1.57 0.191 -1.56 0.194 12.84 0.000 9.59 0.001
A2C vs Heur-GD -0.96 0.390 4.08 0.015 15.93 0.000 -1.58 0.189 4.86 0.008
A2C vs Heur-LD -0.96 0.390 4.08 0.015 15.93 0.000 -1.58 0.189 0.56 0.606
A2C vs Heur-At -0.96 0.390 4.08 0.015 15.93 0.000 -1.58 0.189 4.86 0.008
A2C vs DQN 0.63 0.554 -0.78 0.458 -1.29 0.245 3.88 0.005 1.64 0.172
A2C vs SAC -7.14 0.002 -1.82 0.107 -12.36 0.000 -2.30 0.068 5.23 0.003
SAC vs Random 3.77 0.019 3.85 0.005 6.50 0.003 4.44 0.003 -1.79 0.116
SAC vs ETS 59.51 0.000 4.33 0.012 30.85 0.000 7.38 0.002 -1.63 0.177
SAC vs Heur-GD  47.14 0.000 6.99 0.002 7713 0.000 1.86 0.137 -3.63 0.022
SAC vs Heur-LD ~ 47.14 0.000 6.99 0.002 7713 0.000 1.86 0.137 -5.44 0.006
SAC vs Heur-At 47.14 0.000 6.99 0.002 7713 0.000 1.86 0.137 -3.63 0.022
SAC vs DQN 441 0.011 1.17 0.277 4.93 0.007 4.21 0.009 -0.87 0.419
SAC vs A2C 7.14 0.002 1.82 0.107 12.36 0.000 2.30 0.068 -5.23 0.003

Test Env. Seed 5 Test Env. Seed 6 Test Env. Seed 7 Test Env. Seed 8 Test Env. Seed 9

Methods t P t P t P t P t P

DQN vs Random 1.82 0.108 1.05 0.332 -1.16 0.283 0.85 0.438 -3.30 0.023
DQN vs ETS 3.61 0.023 2.01 0.115 -3.07 0.037 7.25 0.002 -4.29 0.013
DQN vs Heur-GD  1.67 0.169 2.66 0.056 15.47 0.000 -0.78 0.479 2.69 0.055
DQN vs Heur-LD:  1.67 0.169 9.49 0.001 8.95 0.001 8.72 0.001 2.69 0.055
DQN vs Heur-At 1.67 0.169 2.66 0.056 0.32 0.767 -0.78 0.479 2.69 0.055
DQN vs A2C -0.38 0.722 1.63 0.142 -0.39 0.710 -1.43 0.226 -2.71 0.053
DQN vs SAC 3.73 0.009 0.46 0.667 -2.33 0.065 2.58 0.047 -3.90 0.008
A2C vs Random 2.56 0.060 -0.07 0.944 -0.83 0.430 8.71 0.001 -2.39 0.073
A2C vs ETS 18.34 0.000 -0.40 0.707 -2.50 0.067 inf 0.000 -39.30 0.000
A2C vs Heur-GD 9.47 0.001 0.18 0.867 15.87 0.000 inf 0.000 135.29 0.000
A2C vs Heur-LD 9.47 0.001 6.23 0.003 9.41 0.001 inf 0.000 135.29 0.000
A2C vs Heur-At 9.47 0.001 0.18 0.867 0.86 0.439 inf 0.000 135.29 0.000
A2C vs DQN 0.38 0.722 -1.63 0.142 0.39 0.710 1.43 0.226 2.71 0.053
A2C vs SAC 4.41 0.011 -0.23 0.825 -2.12 0.084 3.37 0.028 -3.22 0.032
SAC vs Random -2.15 0.068 0.17 0.869 1.51 0.181 -2.42 0.071 1.57 0.165
SAC vs ETS -2.30 0.083 0.11 0.917 1.28 0.268 0.15 0.884 0.23 0.830
SAC vs Heur-GD  -3.34 0.029 0.30 0.776 8.66 0.001 -3.11 0.036 13.54 0.000
SAC vs Heur-LD -3.34 0.029 2.31 0.082 6.07 0.004 0.75 0.493 13.54 0.000
SAC vs Heur-At -3.34 0.029 0.30 0.776 2.63 0.058 -3.11 0.036 13.54 0.000
SAC vs DQN -3.73 0.009 -0.46 0.667 2.33 0.065 -2.58 0.047 3.90 0.008
SAC vs A2C -4.41 0.011 0.23 0.825 2.12 0.084 -3.37 0.028 3.22 0.032
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Figure 5: Performance progress measured in ACC (%) for all methods in the 10 test environments
for Split MNIST in the New Task Orders experiment. We plot the performance progress for
the RL algorithms and DQN for 100 evaluation steps equidistantly distributed over the training
episodes. The performance for the Random, ETS, and Heuristic scheduling baselines are plotted as
straight lines.
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Figure 6: Performance progress measured in ACC (%) for all methods in the 10 test environments
for Split CIFAR-10 in the New Task Orders experiment. We plot the performance progress for
the RL algorithms for 100 evaluation steps equidistantly distributed over the training episodes. The
performance for the Random, ETS, and Heuristic scheduling baselines are plotted as straight lines.
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Figure 7: Performance progress measured in ACC (%) for all methods in the 10 test environments
for Split FashionMNIST in the New Dataset experiment. We plot the performance progress for
the RL algorithms for 100 evaluation steps equidistantly distributed over the training episodes. The
performance for the Random, ETS, and Heuristic scheduling baselines are plotted as straight lines.
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Figure 8: Performance progress measured in ACC (%) for all methods in the 10 test environments
for Split notMNIST in the New Dataset experiment. We plot the performance progress for the
RL algorithms for 100 evaluation steps equidistantly distributed over the training episodes. The
performance for the Random, ETS, and Heuristic scheduling baselines are plotted as straight lines.
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