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CONTINUAL LEARNING WITH
SPARSE PROGRESSIVE NEURAL NETWORKS

SUMMARY

Artificial Neural Networks address major problems of computer vision, natural
language processing and data science in the last decade with the increasing
computational power and amount of data. Despite its popularity and success, when
presented with a sequence of tasks with only having access to current task’s data, neural
networks fail to preserve its performance on previously learned tasks. This problem is
called catastrophic forgetting and one of the biggest obstacle on the way of artificial
general intelligence. Continual Learning is defined as the research field of learning
a collection of tasks sequentially without suffering from catastrophic forgetting while
improving the forward and the backward transfer across tasks.

Human brain does not suffer from catastrophic forgetting because each task builds
on top of the anterior tasks by effectively integrating skills and fine tuning. Inspired
by human intelligence, this thesis builds on top of progressive neural networks.
In this study, to continuously learn a visual classification task sequence, several
progressive neural network models that exploits weight spaces with lateral connections
are investigated. There are three main purposes of this thesis. First, sparsification of
the progressive neural networks, second, decreasing the redundancy of weight spaces
and investigating the effect of task order on performance.

Number of parameters of a Progressive Neural Network increases with the arrival of a
new task. Therefore, in order to increase the efficiency of PNNs, the first part of this
thesis focuses on sparsification. To achieve this, two methods are investigated: binary
masks and sparse group Least Absolute Schrinkage and Selection Operator (LASSO)
regularization. These methods are used for sparsifying the weights and activations
of a PNN. Furthermore, in order to decrease the feature redundancy, projection of
current tasks’ weight matrix to parameters of previous tasks and mean squared error
are employed as additional terms to the loss. The goal is to employ relevant features
from previously trained tasks and create compact progressive neural networks. Lastly,
the effect of various prior tasks on current task’s performance is analyzed.

Experiments are carried out on KMNIST, FMNIST, MNIST, permutedMNIST and
selected subtasks from CIFAR-100 dataset. In all scenarios a multi-head output
settings are considered where a new classification layer is initialized within the arrival
of a new task. We show that encouraging feature novelty on Progressive Neural
Networks (PNN) prevents major performance decrease on sparsification. Results
demonstrated that sparsification of a PNN produces fair results and decreases the
number of learned task-specific parameters on novel tasks. Moreover, in progressive
settings, type of the prior task affects the performance of current task. A similar task
prior task boosts accuracy while a dissimilar task harms the performance.
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SEYREK iLERLEMELI SINiR AGLARI ILE
SUREKLI OGRENME

OZET

Biyolojik zeka 6grenilmis becerileri yeni karsilasilan gorevlere transfer edebilmekte,
bu girigleri, zamana bagli, 6nciil bilgi cinsinden ifade ederek 6grenebilmektedir. Daha
once Ogrenilen beceriler, yeni 0grenilen becerilerin performansimi artirmakta, yeni
Ogrenilen beceriler de, ge¢mis becerilerin pekismesini saglamaktadir. Yapay sinir
aglar1 son yillarda bir¢cok gorsel, isitsel ve sekans verilerinde basarim gostermistir
ancak bir dizi gorev lizerinde performans saglamak konusunda yetersizdir. Yapay Sinir
Aglar1 optimizasyona dayali dogalar1 nedeni ile birbiriyle iligkili veya iligkisiz bir dizi
gorev ile karsilastiklarinda "yikici unutkanlik" problemi ile karsilagsmaktadirlar. Egitim
yapilmig bir model bagka bir gorev icin egitildiginde daha 6nce 6grenilen gorevlerde
ciddi performans diisiisii yasamaktadir. Bu problem yapay genel zeka yolundaki en
biiyiik engellerden biridir.

Yikict unutkanlik problemi ve gorsel verilerde smiflandirma yapay zekanin ve
bilgisayarla gorii alaninin iizerinde yogun derecede calistig1 alanlardir.

Bir siirekli 0grenme senaryosunun amaci, art arda gelen gorev dizisini yikic
unutkanlik problemiyle karsilasmadan cozebilmek, ileri ve geri bilgi transferini
arttirmaktir.  Amag, gecmiste 68renilen becerilerin gelecekteki gorev basarimini ve
verimliligini, yeni 68renilen becerilerin ge¢mis gorevlerde verimliligi arttirmasidir.
Eldeki gorev Ogrenilirken, daha once karsilasmis gorevlerin dagilimlarina erigim
yoktur ve bu durum problemi zorlastirmaktadir. Varolan yontemler {i¢ ana gruba
ayrilmaktadir: model yapisinin degismesine dayali yontemler, tekrarlama mantigina
dayali yontemler ve regiilarizasyona dayal1 yontemler.

Ilerlemeli Sinir Aglari, siirekli 6grenme icin pekistirmeli 6grenme problemleri
tizerinde denenmis model de8isimine dayanan yontemlerden biridir. Yeni gorevler
ile birlikte bu gorevlere 0zel parametreler tanimlanir ve daha Once Ogrenilen
gorevlere ait parametrelerin giincellenmesi durdurulur. Bu model yapisi geregi,
yikici unutkanlik problemine bagisiktir.  Geleneksel ilerlemeli Sinir Aglari’nin
pekistirmeli 6grenme problemlerinde basarimi gosterilmistir. Bir eksigi ise parametre
sayisinin gorev sayisiyla beraber karesel artmasidir.  Yanal baglantilar ile her
gorev icin yeni bir parametre kiimesi 68renmek egitim Ornek setinin ezberlenme
riskini arttirmakta, matris carpimlarin1 pahalilagtirmakta, ihtiya¢ duyulan giic ve
hafizay1 arttirmaktadir. Yapay sinir aglarinda ve siirekli 68renme problemlerinde
gorevin zorluguna baglh olarak farkli boyutta modeller gerekebilir. Yapay sinir
aglarinda seyreklik modellerin regiilarizasyonu amaciyla kullanilmaktadir. Seyreklik
sayesinde matris ¢arpimlar1 daha hizli gerceklestirilebilmekte ve sinir ag1 modelleri
seyrek matrisler kullanilarak daha verimli depolanabilmektedirler. Seyreklik néron
seviyesinde ya da adirlik seviyesinde saglanabilmektedir. Regiilarizasyon katkilar
ve hiz-depolama verimliligiini arttirmalari, biyolojik sinir aglarina yakinliklar1 ve
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giiriiltilye kars1 dayanikliliklart nedeni ile sinir aglarinda seyreklik cokca caligilmis
ve calisilmakta olan bir alandir.

Ozellikle giiriiltiiniin fazla oldugu cercevelerde ezberlemenin 6niine gecen seyreklik
agirlik ya da noron seviyesinde farkli yontemlerle elde edilebilmektedir. Bunlardan
biri, baglantinin siddetiyle iligkili olarak agirlik budama veya maskelemedir. Bunlarin
yani sira regiilarizasyon terimi ile seyreklik elde eden ¢alismalar da vardir. En
Kiiciik Mutlak Daralma ve Se¢me Operatorii regiilarizasyonu bunlarin bir 6rnegidir.
Literatiirdeki mevcut ¢calismalar agirliklar sifira iterek ezberlemeyi azaltmaktadirlar.

Bu tezde, model yapisinin degismesine baglh yontemler grubuna ait, yanal baglantilari
kullanan, ilerlemeli Sinir Aglar1 modelinin birkag cesidi bir dizi gorsel stniflandirma
problemleri iizerinde denenmistir. Daha Once pekistirmeli 6grenme probleminde
kullanilan Ilerlemeli Sinir Aglarin gorsel siniflandirma gorevlerindeki basarimi ve
ileri transfer yetenegi FMNIST, KMNIST ve MNIST ve CIFAR-100 veritabanlari
kullanilarak olciilmiistiir.  Ilerlemeli Sinir Aglarinin verimini arttirmak amaciyla
aktivasyon ve agirlik seyrekligine gidilmistir, bunun icin maskeleme ve hata
fonksiyonunun regiilarizasyonu incelenmistir. Maskeleme yonteminde, aktivasyonlar
veya agirliklar siralanmis ve en yliksek degere sahip K noron disindaki aktivasyonlar
veya agirliklar sifira esitlenmistir.  Hata fonksiyonuna terim ekleyerek yapilan
regiilarizasyonda Grup Seyrek LASSO regiilarizasyonu kullanilmigtir. Grup seyrek
LASSO regiilarizasyonu bir néronun baglantilarinin grup olarak sifira gitmesini saglar.
Bu regiilarizasyonun geleneksel agirlik regiilarizasyonu /, normlarindan farki, grup
bazinda seyreklik ile bir néronun modelden tamamen c¢ikarilmasini saglayabilmektir.
Her iki seyreklik yontemi ile beraber, 6znitelik uzaylarinin birbirinden farkli olmasini
tesvik edici izdiisiim regiilarizasyon terimi eklenmis ve etkisi incelenmistir.

Maskeleme yonemi ile elde edilen seyrek ilerlemeli sinir aglar1 incelemesinde
FMNIST, KMNIST VE MNIST veri setleri kullanilmistir. Model farkli siralarda
iic verisetiyle egitilmis, gorev sirasinin, yanal baglantilarin ve regiilarizasyon
terimlerinin performansa etkisi raporlanmistir. Bu deneylerde tam baglantili katmanlar
ve konvoliisyonel katmanlarin kullanildig:r iki farkli ilerlemeli sinir ag1 modeli
kullanilmagtir.

Seyrek Grup LASSO regiilarizasyonu ile elde edilen ilerlemeli sinir aglarinda da hem
cok katmanli tam baglantili sinir ag1 hem de konvoliisyonel sinir aglarinda MNIST
verisetinin piksellerinin rastgele yer degistirilmesiyle elde edilen permutedMNIST
veriseti kullanilmistir. Maskeleme ile seyreklikte oldugu gibi burada da Oznitelik
artikliin1 onlemek i¢in projeksiyon regiilarizasyonu uygulanmigtir. Bu sistemde
kullanilan ilerlemeli sinir ag1 modelinde agirliklar1 seyreklestirerek de makul
performanslara ulasilabildigi; 6znitelik artikligr i¢in kullanilan bu regiilarizasyonun,
seyreklestirmenin getirdigi performans diisiisiinii biiyiik 6l¢iide onledigi ve yeni goreve
0zel 6grenilen agirlik sayisini azaltti§1 goriilmiistiir.

Art arda gelen gorevleri iceren siirekli 6grenme sisteminde gorev sirasinin etkisini
anlamak i¢in CIFAR-100 verisetinin ¢esili alt kiimeleri (insan, ev mobilyalari, orta
boyutlu memeliler, araglar 1) se¢ilerek farkli siralarda ilerlemeli sinir aglariyla egitim
yapilmistir. Bu deneylerde tam baglantili ve konvoliisyonel ilerlemeli sinir aglari
kullanilmigtir. Burada, konvoliisyonel katmanlarin yanal baglantilardan gelen girisleri
yinelemeli olarak yiginlanmig, tam baglantili katmani, geleneksel ilerlemeli sinir
aglarindan farkli bir ileri fonksiyon kullanmilmigtir. Her gorev icin 6zel 6grenilen
filtrelerle elde edilen aktivasyon haritalar1 yinelemi olarak yiginlanmistir. Kullanilan
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ilerleme fonksiyonunda gereken parametre sayisi literatiirden daha azdir. Onciil
gorevin su anki gorevle olan iligkisinin performans iizerindeki etkisi incelenmistir.

Yapilan analizlerin permutedMNIST veriseti ile ¢ok katmanli sinir aglart kul-
lanilan kisminda elde edilen sonuglarda, Ilerlemeli Sinir Aglari’nda seyrek grup
regiilarizasyonu kullanmak, beklenildigi gibi ortalama performans: diistirmektedir.
Bu diiglis Ortiismeyen agirlik matrisleri 0grenmeye zorlanilarak biiyiikk Olciide
engellenebilmektedir. Her gorev icin Ortiigmeyen agirlik matrislerini 6grenmek ve
yanal baglantilar1 kullanmak, goreve 0zel 6grenilen aktif baglant1 sayisin1 azaltmakta,
ileri transfer saglanmaktadir. Gorev sirast ile iligkin CIFAR-100 alt kiimeleri ile
yapilan deneylerde elde edilen sonuglar ilerlemeli sinir aglarinin gorsel siniflandirma
dizisinde yikict unutkanlik sorunuyla karsilagsmadan ileri bilgi transferini yakaladigini
ve bunun gorev sirasiyla iligkili oldugunu gostermistir. Kullanilan seyreklik yontemleri
ile yliksek seyreklik oranlari elde edilmis, benzer zorluktaki gorevlerde gorev sirasiyla
dogru orantili olarak ihtiya¢ olan noron sayis1 azalmistir. Konvoliisyonel Ilerlemeli
Sinir Aglar ile yapilan deneylerde hem seyrek hem de seyrek olmayan durumlarda
yanal baglantilarin ileri transferi sagladigi goriilmiistiir.
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1. INTRODUCTION

Artificial Neural Networks are addressing major problems of computer vision, natural
language processing and data science in the last decade with increasing computational
power and amount of data. Despite its popularity and success, when presented with a
sequence of tasks with only having access to current task’ data, neural networks fail
to preserve its success on anterior tasks. This problem is called catastrophic forgetting

and one of the biggest obstacle on the way of artificial general intelligence.

Learning tasks sequentially is challenging for artificial neural networks because of
their optimization based nature. The goal is rewritten by the new objective function
for the incoming task. Therefore, performance on former tasks degrades over time. On
the other hand, human brain builds knowledge on the top of experience by correlating
different skills and factors. The goal of Continual Learning (CL) is to learn multiple

tasks in a sequential fashion without suffering from catastrophic forgetting.

The goal of this thesis are investigating a special type of Neural Networks that
exploits lateral connections in order to address Continual Learning problem on visual
classification domain, employing sparse representations to increase efficiency of this
dynamic approach and to investigate the effect of task priors. In this context, Multi
Layer Perceptrons (MLP) and convolutional neural networks (CNN) are employed
with various propagation rules. The models are sparsified using binary masking and
sparse group LASSO regularization. In order to decrease the interference of weight
spaces, projection loss and mean squared errors are employed. Lastly, on selected

subtasks of CIFAR100, the effect of task orders on sequential settings are investigated.

In order to improve forward transfer, recursion and stacking feature maps are
investigated. Results show that, exploiting PNNs on recursive fashion improved
performance. Stacking feature maps on convolutional layers did not help with
improving forward transfer. Results suggested that sparsification of weight matrices
with projection loss leads to learn decreased number of task specific parameters on

upcoming tasks for permutedMNIST dataset. Also, it is observed that training a



task with related priors outperforms training the same task with dissimilar priors.

Performance of the new task depends on priors.

Masking experiments are carried out with FMNIST, KMNIST and MNIST datasets on
a 3-task continual learning scenario. Task priors are investigated with using various

subtasks of CIFAR-100.

The rest of the section explains problem formulation and related work.

1.1 Problem Formulation

In a conventional Continual Learning (CL) setting, a model learns to perform a
collection of tasks T = {71, T5,...,T;} sequentially with corresponding datasets D =
{X1,1),(X2,Y2),...(X;,Y;)} where X; and Y; represent data and target, respectively.
Here T; represents j'" task and j = 1,2,3,...,¢ indicate training order. The model has
no access to formerly seen datasets while training on the current task 7. A typical CL
scenario is illustrated in Figure 1.1. Here, each x; is drawn from a different distribution
Pj, belonging to task at order j, 7;. The purpose is continually learning these sequence
of tasks without accessing (X,Y) where i < j. This setting is a supervised classification
one with multi-head output, that is, for each task, model learns a different classification
layer 0. The purpose of continual learning is to be able to learn a sequence of tasks
without suffering from catastrophic forgetting while improving forward and backward

transfer across tasks.

1.2 Related Work

There has been numerous studies to address catastrophic forgetting in recent years
[5-8]. Existing studies can be grouped into three main categories: Dynamic
architectures, regularization based methods and replay based methods. Dynamic
architectures aim to preserve performance by expanding the model, i.e. adding
layers/neurons. For example in [9], authors proposed Dynamically Expandable
Networks and prunes additional weights by group Lasso regularization. This is a
complex method that requires additional hyperparameters and sub-algorithms. In
Reinforced Continual Learning [10], model structure is updated with reinforcement

learning and complexity-performance is balanced with the help of a reward function.
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Figure 1.1 : An example of multi head continual learning scenario. For each input
distribution P, model learns a different classifier o. Number of tasks is
denoted with ¢. Purpose is to address "catastrophic forgetting" by
improving forward and backward transfer.

A method that separates parameter estimation and finding optimal model structure
proposed in [11]. This method employs various architecture search techniques to
optimize the model structure. Another example of dynamic architectures is Progressive
Neural Networks(PNN) [1]. PNNs initialize new set of learnable weights for each
task and passes new input through all previously defined subnetworks. Purpose of
PNNss is to relate new input with previuosly seen ones. One major disadvantage of
PNNSs is that the number of parameters requires grow quadratically with the number
of tasks. [12] proposes a method that optimizes the neural structure and parameter
learning/fine tuning component. This method searches for optimal architecture by
separating architecture search and parameter estimation. Another study Bayesian
Optimized Continual Learning with Attention Mechanism that dynamically expands
the model capacity by Bayesian optimization and selects previuos knowledge by
attention mechanism [13]. Further, Strannegard et al., proposes a model with
expanding, generalizing, forgetting and back propagation rules insipred by biologic
neuroplasticity [14]. These studies do not require additional memory however they

tend to have complex implementations.

Replay-based methods evaluates model performance and address -catastrophic

forgetting by keeping a subset of previous datasets. There are two types of replay-based



methods: generative replay and episodic replay. Episodic replay methods rely on
a sampling strategy and samples and stores a subset from each task. Gradient
Episodic Memory (GEM) picks a subset from each task and uses this set to formalize
a constrained optimization problem. Modifying cost function in this way prevents
overfitting to pre-determined subset. Another variant of GEM is proposed in [15]
modifies the cost function and achieves better performance with a new evaluation
fashion. d’Autume et al. proposes an episodic memory method with local adaptation
and sparse distributed experience replay to address catastrophic forgetting [16].
Reimer et al. fuses experience replay and maximization based meta learning to align
gradients from different samples [17]. This approach decreases the possibility of
interference of upcoming and previous gradients. Generative replay based methods
captures underlying data distribution instead of sampling and generates samples. One
example is Deep Generative Replay. This method captures distribution of current and
previous tasks with a deep generative model and resulting model is used to preserve

performance of all tasks.

Regularization based methods address catastrophic forgetting by constraining the
change of model parameters. Elastic Weight Consolidation (EWC) calculates fisher
information matrix after each task’s training and punishes the change of important
parameters proportional to Fisher Information Matrix (FIM) [5]. One disadvantage
of this method is cost of calculating FIM and storing model parameters for each
task on offline version. Synaptic Intelligence stores role of parameters on tasks and
constrains the problem based on those stored values [6]. SI calculates this importance
on each iteration while EWC makes a point estimate about it. There are also methods
that employ Bayesian inference. Variational Continual Learning merges Monte Carlo
approaches and variational inference [18]. Another study proposed a task based special
attention mechanism to learn the current task without harming the performance of

previous tasks [19].

One of the most common ways to regularize parameters of a complex neural network is
to employ sparsity. Sparse representations and weight matrices are commonly used in
compression such as prunning. Sparsity can be obtained through weight sparsification
or representations sparsification. Employing sparse representations decreases the

possibility of representation interference, therefore this concept is also employed in



the course of continual learning [20, 21]. Sparsity is also employed in biologically

inspired neural networks since biological neurons spikes in a sparse fashion.

Organization of this thesis is as follows. Next section explains the methods utilized.

Section 3 is dedicated to experimental results and section 4 is the conclusion.






2. SPARSE PROGRESSIVE NEURAL NETWORK

In this thesis, several types of Progressive Neural Networks(PNN) are used investigated
for a sequence of visual classification tasks. This section is dedicated to Progressive
Neural Networks and sparsification with binary masking and sparse group LASSO

regularization.

2.1 Progressive Neural Networks

The long-standing goal of continual learning is to be able to transfer knowledge
obtained through previous experiences. Human brain does not suffer from catastrophic
forgetting because each task builds on top of previously learned ones by effectively
integrating skills, learning new ones and fine-tuning. Inspired by this, this thesis
investigates various types of progressive neural networks for Continual Learning,
which adapt lateral connections to integrate prior knowledge. This study employs
dynamic architectures similar to [1]. Purpose of such progressive models is to transfer

knowledge, achieve faster convergence and improve performance of arriving task.

Initially, a PNN starts with a conventional neural network with desired number of
layers and neurons that performs on a single task. Within the arrival of a new task
new columns of task specific layers and weights are initialized. Previous weights of
previous tasks are frozen in order to preserve knowledge. Therefore, this setting is
immune to catastrophic forgetting. The purpose of lateral connections are to enable

the transfer learning when possible.

In [1], the focus is reinforcement learning applications. In this study we investigated
the performance of several type of PNNs on several visual classification scenarios.
Later, PNNs are sparsified using binary masking and employing Sparse Group LASSO

regularization. Lastly, the effect of task order on forward transfer is investigated.

Figure 2.1 illustrates a conventional PNN. Dashed arrows denote inactive connections

while others denote active connections. Each column belongs to a task. Here, & refers
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Figure 2.1 : Progressive Neural Network introduced in [1] with t = 3. For each task,
different classification layer is used. Extracted from [1].

to output of a layer, hidden activations. Activation of layer i in a K task setting is

calculated as follows:

hy = faa Wikl + Y U] )) 2.1)

j<t

In this equation, f,. refers to element-wise non linearity, U is weight matrix transforms
lateral information from previous tasks, and W is parameters of current layer. Layer 4}

has multiple inputs. U and W matrices represent n; X n; dimensional spaces.

In practive, every lateral previous connection hi_l is concatenated to a single vector as
h . Then, a multi layer perceptron, called adapters is employed. In this case, output

of the progressive network is calculated as:
= c(WiH,_ + U o (Vi ouh! ) (2.2)
Where V is projection vector inside the MLP. Next section will explain propagation

rules and structures of Progressive Neural Networks employed in this study.

2.2 Our Approach

In this section, the details on the progressive models utilized in this thesis are given.



2.2.1 MLP Progressive Neural Networks

This section explains the propagation rule and structure of PNNs employed in this

study that consists of dense layers.

Figure 2.2 shows a PNN that consists of 2 dense layers. This structure is utilized
on binary masking experiments. In this figure, input sampled from 7; is represented
as x;. Distributions of P;’s, corresponding to x;’s may vary for different values of
Jj = 1,...;t can be similar or dissimilar. This is a model trained for ¢ tasks that
includes ¢ subnetworks, each having k layers. For each new task 7; a new weight
set {Wf Wi, Wk’} is initialized and all Wl’ ’s where j < t, and are kept frozen making
model immune to catastrophic forgetting naturally. Each task has its own task specific
classification layer o' and layer specific weighting parameters (x;.k’s for corresponding
task ¢. After initialization of new weight set for current task, input is passed through all
previously trained subnetworks and summed with o’s. This is different from original
PNN approach [1], where an additional adaptive layer is employed for the current
layer. Moreover, another difference from the approach in [1] is, instead of directly
taking nonlinear output of a layer, this model exploits weight spaces directly. Input of
current layer is linearly combined with task specific a’s. Omitting biases, output of

k-th layer of the ¢-th task, A, is calculated as follows:
t—1 o ,
H = faer (Y, € Wix_| +W/x) (2.3)
j=0

where 7 — 1 shows the number of utilized lateral connections and x} shows the input of
layer k of task t coming from the same subnetwork. W,‘j € R"*" is weight matrix of

layer-k of task-j and the activation function, f,(.), is decided to be ReL.U.

2.2.2 Recursive Progressive Neural Networks

In this section, Recursive Progressive Neural Networks (R-PNN), a special type of
PNN is introduced. An R-PNN recursively computes the outputs of prior subnetworks.
The last subnetwork of the current task does not take input from any previous subtasks

except the last one. Processing input recursively increases non-linearity.

Figure 2.3 illustrates an R-PNN trained for three sequential tasks where number of

layers of each initialized subnetwork is 2. Each blue box represent a hidden layer #,

9



Py
P \
el
—— - W o
p
’ "t 2 2 3
~ h] A h2 =
- =
a2
( o [ =
t =
() [ “r e )
° ° agot Y 7}
Py @
LN | iy y
\4
: Frozen Weights — > : Active Connection
: Active Weights e » : Inactive Connection

Figure 2.2 : A progressive Neural Network trained for 7 sequential tasks. For each
task, different classification layer o is learned.
where yellow box refers to task specific classification layer, o. Recursive connections
are shown with orange lines. Lernable weights for lateral connections are referred with
o’s. In this model, input of a hidden layer & consists of two parts. First branch comes
from the previous layer of the same subnetwork, the second branch comes from the
last prior task. When the input is passed to /!, output of this layer is given to the next

subnetwork only.
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Figure 2.3 : Recursive Progressive Neural Networks where t = 3. Recursive
connections are shown with orange lines.
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In an R-PNN, output of a layer is calculated as:
hy = facr (0 Wil i + o W) (2.4)

where 7 is current task and o, and o, are learnable parameters that weigh inputs
from previous layer and previous task. f,. 1s point-wise non-linearity. Figure 2.4

illustrates the forward propagation rule of a layer.

1
hi_1
3
e [Ty m f
MLP |\
U~
3 +
hi 1 >w-7
| || | Frozen | |Learnable
Matrix Multiplication Addition

Figure 2.4 : Propagation rule of dense layers.

2.2.3 Stacking Feature Maps Progressively

Equation 2.3 exploits learnt weight spaces. On a convolutional layer, another approach,
treating feature maps as a channel of the input that comes from previous layers in
the current subnetwork is investigated. This is achieved by concatenating feature
maps that comes from all the subnetworks. Figure 2.5 shows how feature maps are
stacked progressively for task number ¢+ = 3. In contrast to prior work, before feeding
to a non-linear transformation as shown in 2.5, lateral activations are summed after
weighing, instead of concatenation. Therefore, number of parameters are decreased
compared to the [1]. The propagation rule of fully connected networks becomes:
-1

H, = o (Wi, + Ul (Vi Y. Wixl ) 2.5)
j=0

11
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Figure 2.5 : Stacking feature maps of anterior subnetworks.

where i and k indicate layer and task indices, respectively. With this rule, previous
layers and previous tasks are transformed onto different spaces. In this case, number

of parameters decreases when compared to [1].

2.2.4 Feature Space Diversification

Visual tasks share low-level features and tasks interfere. Since task-specific weight
matrices are initialized, features may overlap without regularization. However, the
goal is to build new features on previously extracted ones. In order to decrease feature
redundancy and to obtain non-overlapping activation maps on same column of the
model, we utilized an additional loss term. Besides lateral connections and sparse
activations, following term is added to loss function:

L k=1

Ly=-Y Y Wi -wj|? (2.6)

L
Another way of obtaining sparsity is projecting current tasks’ weight matrice onto
previously learnt ones. This is shown in Equation 2.7.

K 1—1 )
Ly=Y Y Ww/ 2.7
k=0j=0

2.3 Sparse Representations

Representations are activities of units in a network and define quality of a neural

network. Useful representations are expressive representations and their quality can be

12



measured by comparing number of parameters that are learned and number of regions

that representations can distinguish [22].

Figure 2.6 shows distributed and sparse representations with colormaps. Sparse
representation allows only limited number/ratio of neurons/connections to be active at
a time. The activation limitation on neurons/weights can be set manually or a sparsity
ratio can be defined for optimization. Sparse representations have been used widely in
biologically inspired neural networks to imitate encoded information representation of
human brain and in continual learning problems to mitigate catastrophic interference

[12,23,24].

There are several ways to obtain sparsity in a neural networks. In this thesis, we
consider two approaches. First, we apply binary masks to activations and weights,

then we apply Group LASSO regularization to the loss term.

2.3.1 Applying binary masks

Binary masks have a wide variety of applications within machine learning [25]. In this
thesis, binary masks are used for obtaining sparse activations or sparse weight matrices.
Shape of a binary mask is same as the weight matrix it is responsible for. During
forward pass, weights or activations are ranked with the help of Softmax function.
With normalized tensors, pre-determined k& most strong connections or active neurons
are picked. With indices of selected connections or neurons, binary masks m’s are
created. Activation maps and weights are masked to obtain sparse representations. In
this way, only top-k connections are allowed to be active at a time. Similarly, in the case
of sparse activations, only top-k neurons are allowed to propagate information. This
procedure is applied both in training and testing time. Using binary masks are similar
to employing Dropout [26]. However, dropout sets neurons to zero in a stochastic way

while this procedure employs ranking.

Figure 2.7 depicts the employed architecture for three tasks. For each activation tensor,
corresponding binary masks are created using softmax ranking and activations are
sparsified. After masking each activation tensor, maps are weighted with learnable
parameter a’s. Each element of lateral connections are weighed with same o value.

After that, maps are summed.

13
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Figure 2.7 : Employed Continual Learning Architecture for three tasks with sparse
activations. After calculating logit, learnable o parameters, activations
are sparsified by using binary masks. Binary masks obtained by ranking
weights are denotes as m.

In this case, output of layer k of task ¢ is calculated as in 2.8. ijl refers to weight

matrix of layer / of previous task j.
t

W = faer (), 0 Wi k') (2.8)
J

Here, t refers to the total number of tasks, which means architecture has K
sub-networks. Each subnetwork has L pre-defined number of layers. Wil represent
weight matrix of layer [ of task i. For each new task i, new set of parameters W;
and W;i are initialized where Wil represent weight matrix of layer / of task i and Wi
is decision weight. We calculate logits as in (2.3), here f,; was ReLu. If we are

employing sparse activations, we mask zf and obtain sparse matrices. If we sparsify
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weights, then this step is done before calculating logits. After that we calculate output
y and loss L depending on which term we use. When training for current task is done,
we freeze and store all parameters W; and Wi, hence they are not affected by the newly
learned features in the forward pass. Hence, on each training procedure, only related

parameters get update.

2.3.2 Employing Sparse Group LASSO regularization

There are two traditional weight regularization methods for preventing overfitting and
obtaining better generalization in parametric machine learning models. One of them is

using /> norm and its applied by adding the following term to loss function:
Riy(w) £ (|w]3) (2.9)

[, regularization is also called "weight decay" since parameter magnituted are
constrained and decreased through iterations. /> norm constitutes the rigde regression

algoritm.

The second most popular approach to regularize neural network parameters is using /;

norm. This approach stems from lasso algorithm and defined as:
R, (w) = (|wh) (2.10)

Both /1 and [, weight decay regularizations are used to achieve generalization and
can lead to sparsified neural network connections. However, employing /; and /; do
not result in compact networks, since removing a neuron completely from a network
requires all connections going out from that neuron to be zeroed out. A way for
obtaining compact sparse networks is applying group LASSO which enables to safely
remove a neuron. Therefore, Group-level sparsity is employed in this study to sparsify
PNNs as applied in [2]. Purpose of this type of regularization is to eliminate all
outgoing connections group from a neuron. There are three defined groups on group

level sparsity:

e Input group Gj,: An element of this group g; € G;, represents set of outgoing

connections of neuron i.

e Hidden group G;: An element of this group represents all outgoing connections

from a hidden neuron.
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Figure 2.8 : Group representations in a network for group LASSO regularization.
Grey, blue and red areas represent input, hidden and bias neuron groups,
respectively. Here, the last node, y is output. Extracted from [2].

e Bias group G,: An element of bias group is a scalar value being the bias of the

corresponding neuron.

Figure 2.8 represents three different group types with different color coded nodes. Grey

group represents the input group, red group is bias group and blue group is bias.

Defining all groups in a network as G = G;, U G, U Gy, sparse group regularization,

Ly, ,,1s shown in (2.11) as follows.

Ly, = (Y Visllsgll2) @2.11)

geG

where |g| is norm of a group and it ensures all groups gets weighted uniformly. Sparse

group LASSO regularization, Lggy,, is defined as:
LsgL = Li,, 4+ Ly (2.12)

Effect of this term is shown in Figure 2.9. In this figure, active and inactive connections
of a small weight matrix is shown for three different losses. Grey boxes refers to
inactive connections. The first row demonstrates the effect of LASSO regularization.
Second row shows Group Lasso, while the last row shows the Sparse Group-Lasso.
While all cases obtain sparsity, Group wise removal of neurons are not achieved by

Lasso and the third row reaches the highest sparsity.

In addition to (2.12), we also put another constraint to loss function to motivate

diversification of task specific features and to decrease feature redundancy. This
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Figure 2.9 : Connection activities of a single weight matrix in three different
regularizations. Gray represents the dead connections. White boxes
refers to active connections. Extracted from [2].

projection term is defined as:

K t—1 ,
Ly=Y Y ww/ (2.13)
k=0j=0

The purpose of this term is to improve feature efficiency and to decrease interference
between tasks on a lateral setting. The goal is to learn non-overlapping weight matrices
with the help of (2.13). Classification loss is cross entropy loss function, defined in
(2.14):
Ey =) yilog(pi) (2.14)
i

Where y; and p; are being target and prediction vectors for an input sample x;. In this

case, we try to minimize the compound loss term, E, as follows:

E=E|+ALsgL+ L3 (2.15)
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3. EXPERIMENTAL RESULTS

All experiments are implemented using PyTorch [27], an open source deep learning
library, on Nvidia GeForce 2080Ti graphics processing unit. For all experiments
accuracy metric is calculated as follows:
Accuracy = L x 100 (3.1
S false 1 Strue
Where s,y is number of true labeled samples where 745 is number of samples that

have false labels.
On all reported results, sparsity ratios, S, on tables are calculated as in (3.2) where C,;
and C; are number of active connections and total connections, respectively.

Cac 2

t

S(%) = (1—

) x 100% (3.2)

All experiments are carried out with rectified linear units. To assess effect of sparsity
we did not employ dropout regularization. We employed ADAM optimizer which
takes a different step for each term engaged in loss function. Details of experiments

are given on Appendix A.

3.1 Sparse Progressive Neural Networks with Binary Masks

In this section, we consider MNIST [28], Fashion-MNIST (FMNIST) [3] and
KMNIST [4] datasets in a 3-task continual learning setting. Fashion MNIST is an
MNIST-like dataset that contains grayscaled images from 10 classes. KMNIST dataset
contains japanese letters of 10 different types. Both FMNIST and KMNIST are drop-in
replacements for MNIST dataset and share the same image size (28 x 28) and structure

of training and testing splits. Details on datasets are given on Appendix A.

In this section, performance of several continual learning scenario that consists
MNIST, FMNIST and KMNIST are evauated on various types of sparse PNNs.
Sparsifications are achieved using binary masks as explained in section 2. For all

sparsity scenarios we picked s to be 0.8 meaning that 20% of all neurons/connections
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are active at a time. We averaged results of various priors for an order of task. To
calculate MNIST dataset’s second task performance, we averaged results of prior

KMNIST and prior FMNIST.

In the first setting, each task-specific subnetwork is a multi layer perceptron with two
fully connected layers. This architecture is shown in Figure 2.7. First, the setting is
implemented with all fully active layers without employing sparsity and each lateral
connection from a prior task weighted equally. The results are illustrated on table
3.1. Sub-indices of the first column indicates the order of the task and the reported
results are averaged for tasks other than aforementioned one. Rows 1 and 2 show
accuracies on datasets with corresponding task orders. The last two rows report results
on sparsified PNN with sparsity ratio s = 0.8. In experiments, sparsification is achieved
with activations, the top 0.2 of neurons are allowed to be active at a time. It is observed
that, averaging auxiliary inputs harms the performance and model fails on transferring

knowledge.

The second setting is similar to the first one, where coefficient o’s are learnable
parameters. All neurons and weights are fully activated. Each auxiliary input is
weighed with corresponding ;. Results are shown in Table 3.2. the last two rows
reports the results where MSE regularization term applied to weights in order to
achieve feature diversity with various learning rates, A’s. The last row results in 2.6 %

of improvement in total.

Table 3.1 : Continual Learning Architecture performance without learnable a’s. First
and second rows are results with fully active neurons. Last two rows
reports results with sparsity ratio s is 0.8, where top 20% of activations are
fired. Lateral connections still fail forward transfer.

MLP MNIST FMNIST KMNIST

T; 95.5 84.2 82.1
T 94.5 84.2 83
T; 95 84.2 84
1, 94.5 82.5 81.5

In Table 3.2, performances of sparsified PNNs are reported with learnable lateral
weighing parameters a’s. When second rows of Table 3.1 and 3.2 are compared,
there are minor improvements for each task. Overall, this table illustrates that, using

learnable a’s yields improvements on accuracies and and employing diversification
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Table 3.2 : Continual Learning Architecture performance with learnable a’s. First
and second rows reports results with fully active neurons and connections.
In last two rows, mean squared error is used to regularize weights to
utilize diverse features. It is shown that using learnable o’s improve
accuracies and combining sparsity with regularization improves forward

transfer.
MLP MNIST FMNIST KMNIST
T 95.5 84.2 82.1
T 96.5 86 87.1
T, MSE, lr =0.6 96.5 85 86
T, MSE, lr =0.1 97.5 87.5 87.2

Table 3.3 : Performance of sparsified network with sparse activation where s is 0.8
with learnable parameters o’s. Performance of this architecture on
MNIST, FMNIST and KMNIST datasets with various regularization
terms and learning rates are reported. Employing projection loss results in
9%1.4 accuracy improvement.

MLP MNIST FMNIST KMNIST
T 95 85.2 81.9
Ip) 96.5 87 88
T, ,Ei+AL,, A=0.001 975 85.9 88
T, E1+ALy, A =0.1 97.5 86.5 817.5
T, E1+ ALz, A =0.1 97.5 87 88.4

regularization improves forward transfer. This shows that some prior tasks contributes

more on forward transfer than others.

In order to understand the effect of sparsity on this architecture, various s values
are investigated and other regularizations are discarded. Figure 3.1 and 3.2 show
performance of PNN model without employing any additional regularizations on
sparse PNN for task order 2 and 3, respectively. Sparsifying connections still produces
fair results and performance gap between s = 0.1 and s = 0.6 increases when the order

is three.

Accuracies of activation sparsification of PNNs are shown in Table 3.3. The first row
shows the plain task accuracies of MNIST, FMNIST, and KMNIST with activation
sparsification. Second row illustrates that employing lateral connections achieves
forward transfer and prior tasks improve accuracies by %9.4 on three employed tasks.
The fourth row shows that employing mean squared error regularization on weights

decreases the performance of FMNIST dataset. Using projection loss neither decreases
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Figure 3.1 : Sparsity ratio versus accuracy curves for architecture in Figure 2.7 with
sparse weights for the task orders 2.
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Figure 3.2 : Sparsity ratio versus accuracy curves for architecture in Figure 2.7 with
sparse weights for the task orders 2. Loss is not combined with
additional terms. Sparse weights produce fair results. Performance gap
between 0.1 and 0.6 is increased when task order is 3.
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or increases accuracy on FMNIST or KMNIST datasets and performance increase is
only observed on MNIST as shown on the last row. However, on average, projection
loss is superior to mean squared loss by %0.47 accuracy. On average, employing mean
squared error do not improve 7> accuracy. On the other hand, projection regularization

results in 1.4 % accuracy improvement.

Table 3.4 : Sparse weights (where s is 0.8), with activation normalization and
learnable parameters a’s. Order of the task denoted as the subscript of 7.
Accuracies of this architecture trained with additional loss function, mean

squared error and dot product are reported on this table with various
learning rates.

MLP MNIST FMNIST KMNIST
T 94 83.1 74
b) 95 85 79
T3 96 84.9 79
L, L2=W1.W2 955 84.9 80.5
T3, L2=W1.W2 955 85 80.5
T, L2 =MSE 95.5 85.3 79

Another scenario is sparsifying the connections. In Table 3.4, connections are
sparsified, in which only top-k percent of connections are active at a time. Sparsifying
weights harms the performance more than sparsifying activations, hence it is more
challenging to transfer knowledge forward. Best performance is obtained with Eq.
2.7 as shown in Line 5. As illustrated on the last row, employing mean squared error

improves only the performance of MNIST.

Table 3.5 : Sparse Convolutional PNN where s is 0.8 . Both FMNIST and KMNIST
task shows improvements for order three.

CNN MNIST FMNIST KMNIST

T 95.9 78.8 79.3
b) 97.9 83.7 87.6
T3 98.1 86.1 92.5

Later, Convolutional PNN is investigated on the same sequential scenario. Employing
Convolutional layers with addition operation did not contribute the results, therefore
results are not reported. Instead, prior feature maps are stacked and recursive layers are
employed as explained in section 2. Table 3.5, 3.6 and 3.7 reports the results for sparse

convolutional PNN with s = 0.8. Employing lateral connections improves accuracy
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Figure 3.3 : Weight plots of two layers of a PNN sparsified with Sparse Group
LASSO regularization.

by 15.2 and 25.7 % for task order 2 and 3, respectively. The biggest improvement is
observed on KMNIST with 13.2 %.
Table 3.6 : Recursive PGN with 0.8 sparsity ratio. Performance on recursive case is

slightly better when compared to conventional PGN, KMNIST’s accuracy
is improved by 1% .

CNN MNIST FMNIST KMNIST

T 95.9 78.8 79.3
T 97.8 83.9 87.7
Tz 98.1 87.2 92.4

Next, recursive connections are evaluated. Table 3.6 reports the results of a sparse
recursive PNN with convolutions. Results show that recursion improves the accuracy

for FMNIST by 0.5 and 1.1 % compared to Table 3.5 on task order 2 and 3.

Lastly, stacking activations and recursion are combined and results are reported on
Table 3.7. The third row show that stacking activations decreases the accuracy of the

third task by 11.3 %. Forward transfer is 12.4 % on the order of 3.

Next section is dedicated to Sparse Group LASSO regularization in PNNs.

3.2 Sparse PNNs with Sparse Group Lasso

Table 3.7 : Recursive PGN with stacked activations .

CNN MNIST FMNIST KMNIST

T 95.9 78.8 79.3
L) 96.5 83 83
T3 96.5 83.5 86.4
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Figure 3.4 : Average accuracy versus sparsity ratios for E| + Rggy(blue) and E(red).
Projection loss is employed in addition to Sparse group LASSO and
cross-entropy loss in red plot. Each dot represents averaged performance
through 5 permutedMNIST tasks. Increasing level of sparsity causes
performance drop (red curve). Employing projection terms prevents this
decrease up to 12% (blue curve).
In this section the performance and efficiency of PNNs on two continual learning
settings are evaluated. In the first setting, proposed approach is evaluated on 5
consecutive permuted MNIST tasks. PermutedMNIST dataset is obtained with
permuting the pixels of MNIST dataset. In the second setting, lateral connections
are evaluated on selected subtasks from CIFAR-100 with different task orders. Each
subtask of CIFAR-100 includes one superclass, i.e., 5 fine labels. The purpose of
CIFAR100 subtasks setting is to measure the effect of various task orders on forward

transfer. Figure 3.3 illustrates two layers of a PNN trained with sparse group LASSO

regularization.

3.2.1 Learning Non-overlapping Features

In the first scenario, the proposed approach is evaluated on permutedMNIST tasks
where we set t =5 and k = 1. Table 1 shows accuracy for each tasks trained
sequentially. Here the subscript j of T} indicates the order of the task. Average sparsity
ratio for second and third columns is 95%. First row reports accuracy of fully active

model only trained with cross-entropy loss. Second row is accuracy of sparse network
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Figure 3.5 : Variation of sparsity ratio with changing task order for two different fully
connected neural networks, namely, with three (blue) and four (red)
layers.

Table 3.8 : Performances of Various Loss Functions for 5 tasks (%).

Task Name T] T2 T3 T4 T5
Eq 97.74 97.71 97.76 97.64 97.88
Ei+Rsgr 96.07 79.27 96.21 82.89 82.94
Ei+Ripz 9741 9743 97.19 97.05 97.11
E 95.71 96.53 96.65 96.18 96.06

without projection loss. Performance of model trained with both sparse group LASSO
and projection term is reported in the third row. Second row shows that employing
only sparse group LASSO regularization leads to performance decrease on the model,
especially on 75 and 7. Third row reports the results with both sparse group LASSO
and projection term, combining (2.15) with sparse group LASSO prevents performance
decrease and produces results close to original cross entropy. Results are close to
non-sparse case, in the third row, for all tasks. When combined with cross entropy,
projection loss do not positively contribute on task performances. The last row shows

the effect of using projection loss with cross-entropy without employing sparsity.

Change of task performance with respect to sparsity ratio is plotted in figure 3.4 for
models trained with (2.15) and E + Rsgy.. Increasing sparsity decreases performance on

both cases. However, for similar sparsity ratios, S, equation 2.15 outperforms equation

26



Table 3.9 : Sparsity Ratio of task specific parameters in proposed approach for
different A values. Required number of task specific parameters decreases
in total. Non-overlapping features result in forward information transfer.

212 Tl T2 T3 T4 T5
Se-4  97.1 97 98 98.1 98.3

6e-4 983 979 985 987 98.7
35e-4 942 943 952 96 97

E + Rsgr. Equation 2.15 prevents major performance decrease caused by sparsification

and results in similar performances with non-sparse case.

Lastly, Table 3.9 reports active connection ratio of model trained with equation 2.15.
Number of task specific learned parameters decreases with increasing order of task.
Employing projection regularization decreases task specific learned parameters. Each
task requires less numbers of parameters than the previous one. Considering each
task has similar complexity, required number of connections is decreased in total.
Non-overlapping features result in forward information transfer for this scenario. Last
row of Table 2 shows performance of projection term and cross entropy. One can
observe that, employing projection term on non-sparse case do not improve forward

transfer.

Figure 4 shows sparsity ratios, S, of two architectures with different layer numbers
(3,4). Each architecture has similar number of neurons in total (See Appendix).
Average accuracies through 5 tasks is 92% for 4 layers and 94% for 3 layers. Weighing
each element of incoming activations by learnable vector a’s instead of a scalar did
not change sparsity ratios, S, and accuracies noticeably. In this scenario, we found that
with increasing number of tasks, ¢ optimization and hyperparameter tuning becomes

difficult due to increasing number of lateral connections.

3.2.2 Measuring Effect of Task Order

Second scenario is evaluation of consecutive CIFAR-100 subtasks. In this case
weighting parameters of lateral connections are vectorized, meaning that, each neuron
of a lateral connection has a weighting parameter. The purpose in this section is to
investigate the effect of prior task’s similarity to current task on the magnitude of

forward transfer. For this reason we picked several superclasses from CIFAR-100
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Table 3.10 : Selected superclasses and corresponding classes from CIFAR-100
dataset. Task reference is shown in paranthesis.

Superclass Classes
medium-sized fox, porcupine, possum
mammals (1) raccoon, skunk

hamster, mouse, rabbit
shrew, squirrel
baby, boy, girl

small mammals (2)

people (3) man, woman
household furniture bed, chair,
4) couch, table, wardrobe

bicycle, bus, motorcycle
pickup truck, train
lawn-mower, rocket
streetcar, tank, tractor
clock, computer keyboard
lamp, telephone, television
maple, oak, palm
pine, willow
bicycle, bus, motorcycle
pickup truck, train
orchids, poppies
roses, sunflowers, tulips
aquarium fish, flatfish, ray
shark, trout
beaver, dolphin
otter, seal, whale

vehicles 1 (5)
vehicles 2 (6)
Household Electricity (7)
Trees (8)

Fruit and Vegetables (9)
Flowers (10)

Fish (11)

Aquatic Mammals (12)

dataset and trained the model with different task orders. Table 3.10 shows selected
superclasses and corresponding fine labels. Classes are referred as scalars as shown
in parenthesis in Table 3.10. There are two groups of training set for CIFAR-100 on
experiments. First one is employing directly £; without any regularization. The aim is
to assess the performance of current task with various prior tasks on implemented PNN.
In Table 3.11, comparison of Training 1 and 2 demonstrates that learning "Vehicle 1"
(Task 5) after "Vehicle 2" (task 6) do not result in any performance increase. However,
comparison of Training 1 and 3 shows, learning "Vehicle 1" after "People" (Task 3)
result in performance decrease. This shows, task order does matter when employing
lateral connections for continual learning. Training with a dissimilar prior harms the
performance. Likewise, both performance of "Medium-sized Mammals" (Task 1) and

"People" varies based on prior tasks.
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Table 3.11 : Accuracy (%) Results for Various Task Orders for Subtasks of
CIFAR-100 for Progressive MLP

Order T1 T2 T3 T4
Class (1) 6 5 3 1
Acc. (%) (1) | 66.4 50 294 47
Class (2) 5 6 3 1
Acc. (%) (2) | 50 66 324 45.6
Class (3) 3 5 6 1
Acc. (%) (3) | 29.2 47 628 474

On second case the goal is to see effect of task order in sparsified PNNs. We
did not report results of employing projection term here because any performance
improvement was not observed. Performance and sparsity ratios, S, of 3 trainings
with various task orders are shown on Table 3.14. It can be seen that Task 2 i.e.,
"Small mammals" has 10% performance boost when trained after "Medium-sized
Mammals" comparing to its first task performance in Training 2. However, when
trained after "People", performance increase is 2%. Training with a similar prior boosts
performance more. For all trainings "Household Furniture" (Task 4) is left to the last

task and performance of all trainings are similar.

Table 3.12 : Accuracy (%) and Sparsity Results for Various Task Orders for Subtasks
of CIFAR-100 for Progressive MLP

Order T1 T2 T3 T4

Class (Training 1) 1 2 3 4

Acc. (%) (Training 1) | 38.4  40.6 26 33
S (%) (Training 1) 99.11 99.31 98.86 98.87

Class (Training 2) 2 1 3 4
Acc. (%) (Training 2) | 30.8 32.8 254 34.8
S (%) (Training 2) 99.09 99.31 98.86 98.82

Class (Training 3) 3 1 2 4

Acc. (%) (Training 3) | 28 33.6 25 33
S (%) (Training 3) 9943 99.32 98.92 98.91

After these experiment settings, task relation on stacked convolutional progressive
neural network is investigated. Table 3.13 reports the results for first and second task
performances of 4 subtasks of CIFAR100 and corresponding sparsity ratios. First set
of results of the table reports the performance of non-sparse model. Sparsification
results in performance decrease on all cases except Medium mammals subtask. Sparse

regularization improves performance by 4%. Lateral connections of convolutional
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Table 3.13 : Accuracy (%) and Sparsity Results for Various Task Orders for Subtasks
of CIFAR-100 for Convolutional Progressive Neural Network

People Medium Mammals Household F.  Vehicles 1
1 36 63.6 60 67
2 40 64 67 65
1 34.2 67.6 54 64
2 34.6 64 61.4 62
S (%) | 81.79 75.85 74.37 71.03

Accuracies of Sparse and Distributed Networks (%)

68.2 68.2 67.6

59.8 602
50 59.6

Accuracy (%)

Aguatic Mammals Fish Flowers Fruit and Veg. Trees Household EI. Household F.Medium Mammals Vehicles 1 Vehicles 2

Figure 3.6 : Performances of Sparse and Distributed Networks for 10 different tasks.

PNN outperforms first task results. Lateral connection in Convolutional PNN with
group level sparsity improves the performance with 2.4% on average. For all

experiments, second tasks’ convergence were faster when compared to task order 1.

Lastly, PNNs with stacked feature maps are used to perform on 10 sequential
CIFAR100 subtasks. Figure 3.6 illustrates baseline performances of tasks. Average
accuracy for 10 tasks is 63.04%. When sparsity is involved average accuracy is

63.24%. Involving sparsity had a minor improvement on performance.

Lastly, Table 3.14 shows performance and sparsity ratios of two training procedure,
Training 1 and Training 2. Corresponding subtasks are given in table. Two training
procedures includes same subtasks in a reversed order. The average accuracy of the
first and second training sets are 65.06% and 63.56% ,respectively. The number of total

parameters for the subnetworks are given on Appendix. Results show that, number of
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required parameters did not constantly decreased with the increasing number of tasks.

Still, lateral connections improved the performance by 1.92% and 0.42%, respectively.

Table 3.14 : Accuracy and Sparsity Results for Various Task Orders for Subtasks of

CIFAR-100 Sparse PNN with Stacked feature maps. Training 2 follows
reversed order of Training 1 tasks.

Order T T T3 T T5 T6 T7 Tg T9 T 0
Subtask 12 11 10 9 8 7 4 1 5 6
Acc. (%) | 552 69.6 62 69 53. 656 632 692 666 772

S (%) 80.29 9529 96.6 9505 96.74 94704 94.09 95.87 97.18 97.05

8pt

Table 3.15 : Accuracy and Sparsity Results for Various Task Orders for Subtasks of

CIFAR-100 Sparse PNN with Stacked feature maps. Training 2 follows
reversed order of Training 1 tasks.

Order T1 T2 T3 T4 T5 T6 T7 Tg T9 Tl()
Subtask 6 5 1 4 7 8 9 10 11 12
Acc. (%) | 714 656 656 58.6 6338 53 70.6 624 686 56

S (%) 75.75 82.17 9243 9237 93.13 9459 9422 9253 91.8 92.76
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4. CONCLUSION

In this study, several types of Progressive Neural Networks are sparsified and
investigated to perform on a series of visual classification tasks. In the analysis,
MNIST, FMNIST, KMNIST, PermutedMNIST and CIFAR-100 datasets are used with
various types of progressive neural networks. The effect of sparse representations
are investigated to address the quadratically growing number of parameters of
conventional progressive networks. Weights and activation maps are sparsified with
binary masking and sparse group LASSO regularization. Projection and mean squared

regularizations are employed to encourage the feature diversification.

On the experiments, the contributions of lateral connections on visual classification
domain is verified. Recursive PNNs outperforms conventional lateral connections.

Treating the prior information as a channel of the input did not yield better results.

It is verified that employing group level sparsity on Progressive Neural Networks
causes performance decrease as expected. With the experiments on permutedMNIST,
it is seen that, the amount of performance decrease can be largely addressed by learning
non-overlapping weights of tasks. Minimizing projection between weight matrices and

employing lateral connections decreased the number of task specific parameters.

Lastly, the effect of various task priors are analyzed using subtasks of CIFAR100
dataset. Results show that, correlation of current task with priors affects the
performance of current task. Similar priors increase the forward transfer of lateral
connections. It is seen that, over parameterization of the prior work [1] did not enhance
the results on convolutional progressive neural network visual classification setting
with CIFAR-100 subtasks. Also, overfitting of the prior task causes high amount of
performance decrease on subsequent tasks. Therefore prior tasks needs to be carefully
trained. Again, employing lateral stacked activation maps and treating lateral features

as input channels did not yield satisfying results.
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Progressive Neural Networks are successful on forward transfer in visual classification
domains. However, the number of parameters increases with growing number of tasks.
The purpose of this thesis was to analyze Progressive Networks in visual domains, to
see whether its possible to decrease number of required task specific parameters as
the number of tasks increases with engaging sparsity and to analyze the effect of task
order. It is observed that, depending on the task priors, sparsity ratios can increase or

decrease through tasks. Task order affects the forward transfer.

Detailed analysis of recursion, task orders and scalability are left for future work.
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APPENDICES

APPENDIX A.1 : Datasets

APPENDIX A.2 : Experimental Details
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Figure A.1 : Details on Fashion MNIST Dataset. Extracted from [3].
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Figure A.2 : Details on Fashion MNIST Dataset. Extracted from [4].

APPENDIX A.1

Figure A.1 shows labels, class description and corresponding examples of
Fashion-MNIST Dataset. FMNIST dataset consists of 60,000 training and 10,000 test
images similar to MNIST.

Figure A.2 shows examples from KMNIST dataset. This dataset contains Japanese
letters and considered to be more challenging than MNIST Dataset.
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APPENDIX A.2

Experiments for Sparse Group LASSO regularizations and CIFAR100 subtasks are
repeated for 3 seeds.

Multi Layer Perceptrons that employed in binary masking consists of 2 FC layers with
128 neurons on each layer.

CNN subnetworks for all experiments consists of 2 convolutional layers and 2 fully
connected layers. Each convolutional layer has 16 filters with 3 x 3 kernel size. Stride
size is set to 1. The first and the second FC layers consists of 150 and 10 neurons,
respectively.

Multi Layer Perceptron that used for CIFAR100 subtasks experiments consists of 4 FC
layers. Number of neurons are 350, 250, 150 and 100.

Hyperparameters for projection loss and Sparse Group LASSO are sampled from
categorical disribution.

Parameters are truncated in order to achieve sparsity and convergence with Sparse
Group LASSO regularization. Without applying truncated gradients, magnitudes
oscillate between small positive and negative values.

On binary masking experiments, weight/activation magnitudes are ranked with
softmax funtion.
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