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A MEMORY AND META LEARNING BASED SOLUTION IN
GRAPH CONTINUAL LEARNING

SUMMARY

Deep learning models have proven to perform successfully at different tasks such as
classification and regression. Continual learning (CL) aims for a model to learn various
tasks sequentially. However, when the models are expected to adapt to incoming
tasks without maintaining their performance on previous tasks, they tend to forget
the previous tasks. This phenomenon is called catastrophic forgetting and catastrophic
forgetting is the main challenge in the CL area. Catastrophic forgetting refers to the
scenario where a model tends to forget the previous tasks it had been trained on and
adjusts its parameters to perform the task it is actively being trained on. Since it is
inefficient to train multiple models to perform multiple tasks, CL aims to train a single
model such that it can perform on multiple tasks without losing information during the
training process. In addition to catastrophic forgetting, CL also focuses on capacity
saturation which is another challenge focusing on the effects of the model architecture
on learning.

CL is currently an emerging research field topic. However, the CL studies mainly
focus on image data and there is much to discover in CL research focusing on
graph-structured data or graph continual learning (GCL). The proposed solutions for
GCL are mainly adapted from the general CL solutions, therefore, there is much
to discover in GCL field. However, since the graph-structured data has different
properties compared to image data, the graph properties need to be considered when
GCL is studied.

In this thesis, we focus on continual learning on graphs. We devise a technique
that combines two uniquely important concepts in machine learning, namely "replay
buffer" and "meta learning", aiming to exploit the best of two worlds to successfully
achieve continual learning on graph structured data. In this method, the model weights
are initially computed by using the current task dataset. Next, the dataset of the current
task is merged with the stored samples from the earlier tasks, and the model weights
are updated using the combined dataset. This aids in preventing the model weights
converging to the optimal parameters of the current task and enables the preservation
of information from earlier tasks.

We choose to adapt our technique to graph data structure and the task of node
classification on graphs and introduce our method, MetaCLGraph. Experimental
results show that MetaCLGraph shows better performance compared to both baseline
CL methods and developed GCL techniques. The experiments were conducted on
various graph datasets including Citeseer, Corafull, Arxiv, and Reddit.
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CiZGELERDEKI SUREKLI OGRENME PROBLEMINDE
HAFIZA VE META OGRENME TEMELLI COZUM

OZET

Regresyon ve smiflandirma gibi ¢esitli islerde derin 6grenme modellerinin bagarili
sekilde performans gosterdigi ispatlanmistir. Ancak yeni bir ig geldiginde daha
onceden o6grendikleri islerde gosterdikleri performansi koruyarak bu isi 6grenmeleri
beklenirken bu modeller 6nceden Ogrenilen isleri unutma egilimindedirler. Bu
fenomene yikict unutma denir ve bu fenomen siirekli 68renme alanindaki ana
zorluktur.

Yikici unutma durumu asagidaki senaryoda aciklanmaktadir. Bir derin 68renme
modeli bir takim iglerde egitilmis ve iyi performans gostermektedir. Siradaki is icin
egitilirken onceden 6grendigi isleri "unutur" ve bu islerde performans kaybi yasanir.
Onceki islerde performans kaybr yasanirken model bu esnada kendi parametrelerini
aktif olarak 6grendigi iste performans gosterecek sekilde ayarlar. Siirekli 6grenmede
amagc bu senaryonun gerceklesmesini 6nleyerek bir modeli birden fazla iste performans
gosterecek sekilde egitmektir. Birden fazla is i¢in birden fazla model egitmek olduk¢a
verimsizdir ¢iinkii hem derin 6grenme modellerinin egitimi uzun vakit alir hem de bu
modelleri barindirmak ¢ok ciddi cihaz hafizasi gerektirir. Dolayisiyla siirekli 6grenme
bu sorunlar1 ¢ozmek iizere gelistirilmis bir konsepttir. Yikici unutmanin yani sira
kapasite doyumunda siirekli 6grenmede odaklanilan bagka bir zorluktur. Kapasite
doyumunda derin 6grenme modellerinin mimarisi incelenir ve model mimarisinin
birden fazla ig 6grenimindeki etkisi arastirilir. Kapasitesi belli olan bir modelin
performansi gelen is sayisi arttikca sabitlenecek ve model parametreleri doymus
olacaktir. Bu durum saglamlik esneklik ikilemine yol agmaktadir, bir model yeterince
esnek olursa gelen her isi 68renebilir ancak saglam olmadig: icin 6nceden G8renilen
islerle alakali bilgilerini yitirerek siirekli 6grenmeyi yerine getiremeyecektir.

Siirekli 6grenme arastirmalarinda genel olarak {i¢ cesit yaklagim 6n plana ¢ikmak-
tadir. Bunlar parametre izolasyon temelli metotlar, arabellek temelli metotlar ve
regiilarizasyon temelli metotlardir. Parametre izolasyonu temelli metotlarda islerde
0zel olarak on plana ¢ikan parametreler belirlenerek bu parametrelerin bir sonraki
islerde giincellenmesi 6nlenir, bu sayede 6grenilen bilgilerin kaybolmamasi amaglanir.
Regiilarizasyon temelli metotlarda yitim fonksiyonuna eklenen bir terim ile modelin
unutmasinin oniine ge¢ilmesi hedeflenirken arabellek temelli metotlarda ama¢ modele
ek olarak bir arabellek tanimlanarak bu arabellegin modelin egitiminde rol oynayarak
modelin dnceki isleri unutmasinin dniine gecmesini saglamaktir.

Siirekli 6grenmede amag¢ Onceki islere iligkin bilgiyi korumak oldugu icin amag
bir manada model parametrelerinin o isler i¢in optimal olan parametrelerinden
uzaklagtirmadan yeni bir isi 0gretmektir. Bu noktada da meta 6grenme konsepti
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stirekli 6grenme ile kesigsmektedir. Meta 0grenmede ama¢ modelin gelen isleri
genellestirmesini saglamaktir, modele gelen isi nasil 6grenecegi ogretilir. Boylelikle
model gelen isleri uygun sekilde genellestirerek hepsinde performans gosterebilecek
sekilde parametrelerini uyarlar. Meta O0grenmenin bu yOnii siirekli 6grenme ile
benzerlikler tasidigi i¢in siirekli 6grenmeye katki saglayabilir.

Siirekli 6grenme an itibariyle yiikseliste olan bir arastirma konusudur ¢iinkii derin
0grenme modellerinin birden fazla iste performans gostermeleri sorunsuz sekilde
giindelik uygulamalara uyarlanmak istenmektedir. Ancak siirekli 6grenme ¢alismalari
genel olarak gorsel veri iizerinden ilerlemektedir. Dolayisiyla ¢izge verisi iizerine
odaklanan siirekli 6grenme ya da siirekli ¢izge 68renmesi Onii oldukca agik bir
arastirma alanidir. Bununla beraber ¢izge verisinin gorsel veriye gore farkl 6zellikleri
oldugundan bu 6zellikler de degerlendirmeye alinmalidir.

Cizge verisi Oklid disi geometriye sahip bir veridir. ~ Dolayisiyla diizlemsel
olarak degerlendirilemez. Cizge verisinde dii§iimler ve bu diigiimleri birbirine
baglayan kenarlar bulunmaktadir. Cizge verisinin derin 6grenme modelleri tarafindan
Ogrenilmesi sirasinda diigiim ozellikleri dikkate alinir. Buna ek olarak diigiimleri
birbirine baglayan kenarlar da degerlendirmeye alimir. Cizge verisinde diigiimler
birbirleri ile olan iligkilerine gore kenarlarla baglandigi icin derin 6grenme modelinin
bu iligkileri kesfetmesi gerekmektedir. Aksi takdirde c¢izge verisi ve o veriyi olusturan
diigiimlerin iligkisi anlasilamaz, bu da ¢izge verisinin 6&renilememesine yol acar.

Cizge verisinde siirekli 6grenme ya da siirekli ¢izge 68renmesi kesfedilecek pek ¢ok
yonii olan bir aragtirma alanidir. Cizge verisinin yaygin hale gelmesiyle beraber cizge
verisi lizerinde makine 6grenmesinin yayginlagmasina ek olarak ¢izge verisinin siirekli
giincellenen bir veri tipi olmas: siirekli ¢izge 6grenmesini yiikseliste olan bir aragtirma
alanm1 haline getirmistir. Alint1 aglar1 veya sosyal aglar g6z oniine alindiginda siirekli
cizge 0grenmesinin 6nemi goriilecektir. Bu gibi aglar cizge olarak ifade edilmektedir
ve bu aglarda giiniimiizde siklikla yeni siniflar olugsmaktadir. Dolayisiyla cizge verisi
tizerinde egitilen modellerin ortaya ¢ikan yeni siniflar1 68renmesi gerekmektedir. Aksi
takdirde bu modellerin tekrar egitilmesi gerekmektedir.

Bu teze konu olan caligmada siirekli ¢cizge 6grenmesi alanina odaklanilmistir ve "tekrar
arabellegi" ile "meta 6grenme" konseptleri kullanilarak siirekli ¢izge Ogrenmesini
yerine getiren bir model egitilmistir. Bu konseptlerin kullanilma amaci siirekli
cizge Ogrenmesini yerine getirebilmek icin hafiza temelli ve parametre temelli iki
konseptin en i1yi yanlarinin birlestirilmesidir. S6z konusu modelin egitimi agagidaki
sekildedir. Oncelikle aktif is verisi iizerinde model parametreleri hesaplanir. Ardindan,
onceki islerden arabellekte depolanan oOrneklerle aktif isin verisi birlestirilir ve
model parametreleri bu birlesik veri kullanilarak giincellenir. Bu sayede model
parameterelerinin aktif is icin optimal olan parametrelere yakinsamasi Onlenirken ayni
zamanda Onceki islerin 6grenimi sirasinda edinilen bilgilerin korunmasi saglanir.

Yukarida aciklanan sekilde egitilen bu modelin yapilan deneylerde temel olarak
alman siirekli 6grenme modelleri ve siirekli ¢izge Ogrenmesi modellerine gore
daha iyi performans gosterdigi deneysel olarak gosterilmistir. Deneylerde Citeseer,
Corafull, Arxiv ve Reddit gibi yaygin ¢izge verileri kullanilmistir. Bu deneylere
ek olarak hesaplama bedeli deneyi ile arabellek ve meta 68renmeye odaklanan
ablasyon deneyleri de yapilarak kullanilan konseptlerin modelin egitiminde olan
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etkileri gosterilmistir. Bu deneyler sonucunda hem meta 6grenmenin hem tekrar
arabelleginin modelin performansina yaptig1 katkilar goriilmiistiir. Buna ek olarak
tekrar arabelleginde tutulan Ornek sayisinin etkileri de arastirilmis ve siirekli
ogrenmeye olan etkileri de goriilmiistiir.
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1. INTRODUCTION

Deep learning models have been applied in many real world applications such as
classification [4,5], object detection [6,7], and time series forecasting [8,9]. Their
performances on these applications have been outstanding. In addition to these
applications, the models can learn from different data types such as graph structured
data. However, these models are challenged when they are expected to perform
previously learned tasks while learning a current one. This is called continual learning

(CL) and has become a hot topic with the recent developments in deep learning.

CL research focuses on training a model such that it can perform multiple tasks
without forgetting the previously learned ones. However, the main challenge in CL
is the catastrophic forgetting [10] which proposes that the trained models tend to lose
previously learned information to learn the current task. This requires training different
models for different tasks which is unfeasible in terms of both computation wise and
memory wise. The CL research focuses on overcoming this problem and in this thesis,

we addressed continual learning on graph structured data.

In the modern world, a large amount of data is generated every day, and graph
structured data is not an exception. Social networks can be an example for the
changing graph structured data where the interactions are continuous and new users are
emerging every day. Drug design is an example where new molecules and properties
of molecules may encountered [11] and the drug design process must be updated
accordingly. Therefore, continual learning on graph structured data, or graph continual
learning (GCL), is required so that the models can be adapted to expanding graphs or

emerging new categories within the graphs [12].

GCL research has gained significant interest with the increase in data amount.
Although the benchmarks from CL research have been inherited [13]-[15], these
benchmarks must be adapted to GCL by taking the graph specific properties. In

addition to the previously constructed CL benchmarks, some studies [11,16] have



addressed GCL. There is much to discover in the GCL field as it progresses with the
CL field.

As mentioned earlier, the CL field focuses on learning incoming tasks without
forgetting the previous ones. Many approaches such as replay buffer [17] and
regularization [18] are employed in CL, and meta learning is an approach that can
also benefit the CL. Since meta learning aims at a model to generalize the incoming
tasks [3], meta learning guides the model parameters so that the model parameters
would not fit the optimal parameters for any specific task. Therefore, meta learning
can be applied in the CL field. Besides its usage in the CL field, meta learning can also

be applied to different data types such as text data [19,20] and graph data [21,22].

In this thesis, we propose a GCL approach, MetaCLGraph, which merges meta
learning and replay buffer with learnable learning rates on continual learning on graph
structured data. Our experiments indicate that the proposed MetaCLGraph method
outperforms both the classical CL methods and the GCL methods. We also investigated

our model by investigating the effects of replay buffer and meta learning.



2. BACKGROUND AND LITERATURE REVIEW

2.1 Graph Neural Networks

Working with graph structured data is different than working with visual data. First
of all, graph structured data consists of vertices (or nodes) and edges. An example for
graph is provided in Figure 2.1. The edges connect the vertices while nodes represent
the items. Each node can obtain attributes associated with it so that it provides more
information about the item. In addition, graph-structure data is non-Euclidean so it
does not have any specific hierarchy and order [23]. Therefore, graph-structure data
does not have any certain geometry and hence, this difference requires a different type

of neural network so that the graph structured data can be studied properly.

Figure 2.1 : An example graph - Self drawn.



GNNs are constructed to process the graph-structured data and their inference
problems [24]. GNNs use the graph structure and node features to learn representations
of nodes or the entire graph [2]. The relations inside the graph and the properties of
the graph members are discovered with the utilization of GNN. Therefore, GNNs can

perform different tasks on graphs such as node classification and link prediction.

To achieve graph related tasks like node classification and link prediction, GNNs
utilize embeddings and message passing so that both the graph structure and the
node properties can be learned. Embeddings and message passing are utilized so that
GNNs can perform on the graph structured data. Embeddings and message passing are

discovered in the following paragraphs.

2.1.1 Embeddings

Embeddings are utilized to represent the graph structured data in an embedding
space. They are the low-dimensional vector representations of nodes or graphs.
Representation of a node embedding is shown in Figure 2.2. To obtain embeddings,
an encoder is employed as a mapping function and each node is mapped into a
low-dimensional vector [1]. This process aims both to decrease the dimensionality
of the data and obtain accurate representations of the nodes so that GNNs can discover

the graph data properly.

2.1.2 Message passing

As mentioned earlier, the graph-structured data consists of nodes and edges and the
edges are the connections between the nodes. Since the connections between the
nodes may indicate a similarity between connected nodes, these connections and the
connected nodes must be evaluated. While discovering the effects of neighboring
nodes, the information withheld in the node itself must be preserved and evaluated
accordingly. Therefore, message passing becomes important for GNNs and it also
establishes the basis concept for the GNN layers. Message passing allows GNNs to
consider the underlying similarities between the nodes and discover more information

by considering neighboring information.



Figure 2.2 : The representation of a node as node embedding [1] - Self drawn.

Message passing in GNNs takes place in two steps. First, each node in the graph
constructs a message using an employed message function. The message function
constructs the message which will be sent to other nodes for their calculation.
After constructing messages for all nodes, these messages are aggregated using an
aggregation function [1]. Although there may be several aggregation functions used in
GNNg, it is important to maintain the properties of the node itself since the properties

of neighboring nodes are only used for understanding the relationship withheld.

The inner mechanism of a GNN layer is shown in Figure 2.3. Given a graph ¥ =
(V,&), where ¥ = {v,}zl‘ denotes the set of nodes and & = {e; J}léj‘zl denotes the
edges of the graph, GNNs operate in two phases to compute the output embeddings
hg). First, the embeddings are obtained by multiplying the weight matrices of each
layer w1 with the embeddings from earlier layers hgil). Next, the embeddings of
the neighboring nodes to node v are aggregated by using an aggregation function, and
the resulting neighboring embedding is further aggregated with the embedding of the
node v from the earlier layer. Separating the embedding of node v from the neighboring

embeddings allows GNNs to preserve the information from node v.



Figure 2.3 : The representation of a GNN layer showing message passing [2] - Self
drawn.

2.2 Meta Learning

Meta learning refers to processes in which a model learns how to learn. The aim is to
provide a model with the capability to generalize itself to new tasks. The meta learning
paradigm guides the model weights so that the model can find the set of parameters
that can collectively adapt to all observed tasks. MAML [3] is one of the most popular
meta learning algorithms due to its model-agnostic nature. The diagram for MAML is

given in Figure 2.4.

The MAML algorithm operates as follows.  Given the task set T = {Ti,
T,,...,T;,..., Ty} where M denotes the number of tasks, the model initially calculates
the task i’s set of parameters which is denoted as ¢;. This process is called the inner
update that is used to find the set of parameters for task i. After calculating ¢;, the
model weights 6 are updated by calculating the derivative of ¢; with respect to 6. This
allows altering the model weights in the direction of the gradient of the loss calculated
accordingly to the current task. The objective function for 6 is given below where DY

and DY represent the training and test set for task 7, respectively.



min ) L(60—aVy4L(0,9"),7)). 2.1)

task i
Meta learning ensures that the model does not converge to the optimal parameters of a
single task and preserves the adaptability of the model to incoming tasks. This allows
meta learning to be used in different fields such as reinforcement learning [3,25],

few-shot learning [26], and continual learning [27].

0

VL

VI
VL,
o0}

o h'E

Figure 2.4 : The diagram for model-agnostic meta learning [3] - Self drawn.

2.3 Continual Learning

CL is a machine learning approach where the challenge is that a constructed learning
model executes incoming tasks while maintaining its performance over the earlier
tasks. The deep learning models tend to provide poor results when they are expected
to learn from a sequence of data or tasks [28]. In CL, a model is trained in a way such

that it can be retrained for future tasks while preserving information from earlier tasks.

The main challenge of CL is called catastrophic forgetting [10]. Catastrophic
forgetting causes models to lose the previously obtained information about observed
tasks and not perform those tasks due to the newly obtained information regarding the
current task. Since the aim of CL is to obtain a model that can also perform previously
observed tasks, this issue must be resolved. To tackle this issue, two CL setups are
generally used, task incremental and class incremental [29], respectively. Although
both setups share the same goal of adapting incoming tasks without losing previous

information, the model has a task indicator for task incremental setup, different



from class incremental setup [12]. Therefore, the model does not consider every
observed task so far, instead, it performs according to the identified task by the task
indicator. However, class incremental setup requires the model to distinguish among
all classes from every observed task so far. Therefore, the class incremental setup
becomes more challenging compared to the task incremental setup. There are three
main approaches to dealing with catastrophic forgetting, namely parameter isolation

methods, regularization based methods, and replay based methods.

Parameter isolation methods dedicate parameters for certain tasks so that when a
new task arrives, previously dedicated tasks are isolated from the learning process.
This allows the model to preserve the information from the previous tasks by assigning
some of its parameters to those tasks specifically. Meanwhile, unassigned parameters
can be used to learn the incoming tasks. The parameters are assigned accordingly to
their update during the training stage. For instance, [30] employs a task based hard
attention mechanism which learns a mask after each task. This mask allows model to

preserve weights so that the performance can be maintained.

Regularization based methods employ a regularization term inside the loss
function so that the model can achieve CL. Introducing a regularization term
inside the loss function can be useful to mitigate the forgetting of previous tasks
since the regularization term can be employed to maintain previously obtained
information. Regularization based methods include [18] and [17] where [18] employs
a regularization term obtained from the Fisher information matrix to approximate
the importance of each model parameter while [17] uses synapses to determine the

importance of model parameters for each task.

Replay based methods employ a replay structure to store examples from previous
tasks. The stored examples are used during the training of the incoming tasks. Since
the model tends to adapt to the current task, introducing examples from earlier tasks
during the training of the model is helpful for the model parameters so that the update
on the model would not be solely based on the current task and the information from
previous tasks can be maintained. There are two types of replays, namely rehearsal

replays and pseudo-rehearsal replays. Rehearsal replays store examples from previous



tasks to use in future tasks. Although rehearsal replays allow the models to observe
previous examples, storing examples raises issues in terms of data privacy. To address
the privacy issues, pseudo-rehearsal replays are used where example samples are
generated by using a generative model. [31] is an example for replay based methods
where a memory buffer is employed to store examples from previous tasks while [32] is
an example for pseudo-rehearsal replay where a generative adversarial network (GAN)

is used to generate items from earlier tasks.

Although the setups and methods for CL were initially developed on image data, they
can be adapted to graph-structured data as graph continual learning (GCL) started
to emerge as a research field. With the increasing real world applications including
citation networks and social networks, GCL has become an important research area.
The appearance of new items and categories requires a model to be updated so that new
items can be learned [11]. In addition, many graph data is generated continuously [12]

so it is necessary to adapt continual learning methods to graph machine learning.

The evaluation metrics of GCL methods are similar to the CL methods. The most
common metrics are namely average performance (AP) and average forgetting (AF),
[31]. While AP evaluates the overall performance of the model on all tasks, AF focuses
on the model’s ability to deal with catastrophic forgetting. The formulation of AP and
AF are given as follows where P; ; represents the accuracy at the ith task after observing

Jj tasks.

yrlpr—py
T—-1

AP — 1 Pt
T

AF = (2.2)

While adapting continual learning into graph machine learning, the properties of graph
structured data must be taken into account. For instance, the adjacency matrix needs to
be taken into account since it shows the connections among the graph data. Therefore,
the earlier CL methods are adapted while considering the properties of the graph data.
In addition to applying earlier methods, specific GCL methods can also be constructed
by using graph-specific properties. For instance, GNNs benefit from the topological

structure of graphs [11], therefore it can be used in GCL research.






3. META CONTINUAL LEARNING ON GRAPHS WITH EXPERIENCE
REPLAY

3.1 Introduction to Meta Continual Learning on Graphs with Experience Replay

Deep learning models have proven to perform successfully at numerous machine
learning tasks including classification and regression. Despite their celebrated
performances, deep learning models tend to provide poor results when they are
expected to learn from a sequence of data or tasks [28]. This process is called continual
learning, which aims to train a deep learning model such that it manages learning
different tasks in order while avoiding forgetting the tasks that it has learned previously.
In continual learning, a model is trained in a way such that it can be retrained for future
tasks while preserving information from earlier tasks. The main challenge of continual
learning is catastrophic forgetting [10,33], which causes the model to lose obtained

information from earlier tasks, leading to a performance drop in the earlier tasks.

The studies addressing the catastrophic forgetting problem in continual learning can be
divided into three groups. The first group comprises the memory based studies which
either use examples [14,31] or generate pseudo samples using the stored information
[32,34]. The second group focuses on parameter isolation from earlier tasks such
that the model can preserve its performance on earlier tasks [30,35], while the third
group is the regularization-based methods which propose an extra regularization term
to preserve information from earlier tasks while learning on a new task [18,28]. While
the main problem of continual learning is catastrophic forgetting, continual learning is

also challenging due to the differences in the problem setup.

Generally, continual learning has two different setups: class incremental and task
incremental [29]. In class incremental learning, the individual classes are presented
sequentially [36] while only the tasks are presented in task incremental learning [29].
Class incremental setup requires a deep learning model to classify across the observed

and current classes whereas the task incremental setup requires an indicator to separate
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tasks since the model predicts classes within each task in the task incremental setup.
Class incremental setup is more challenging than task incremental setup since the
model has no indicator of which task is tested [12]. In addition, class incremental
learning becomes more challenging as the number of classes increases and the data

concerning the earlier tasks is not provided.

Continual learning aims to adjust to newly incoming tasks without forgetting the older
ones. Meta learning has the potential to provide benefit to the continual learning
problem as the aim of the meta learning is to provide a model with the capability
to generalize itself to new tasks. Meta learning is used for scarce data regimes [3] and
typically refers to processes in which a model learns how to learn. For instance, meta
learning becomes an important method for few-shot learning in which deep learning
models have very few samples to train with [37,38]. The meta learning paradigm
guides the neural network model weights so that the model weights do not fit the
optimal parameters solely for a given task. As parameters that are optimal for each task
cannot be attained, the model tends to find the set of parameters that can collectively
adapt to all observed tasks. The model parameters are calculated for the current task
without any update. After that, the loss which is called the meta loss, is calculated
with the earlier calculated weights, and the model is updated with the meta loss. This
mitigates catastrophic forgetting as well as quick adaptation to new tasks. The meta

learning method can also be applied to graph structured data [21,22].

Graph structured data is a type of data that consists of vertices and edges. In addition,
graph structured data is non-Euclidean as it does not have a specific hierarchy and
order [23]. Hence, graph structured data does not have any certain geometry. In certain
real world applications such as citation networks or online social networks, data that
are represented by graphs dynamically change and, hence tend to expand continuously.
Due to the expansion of the data, two problems may arise: (i) new classes may emerge,
and the deep learning model cannot handle the newly arrived classes since the model
is not trained for those classes; (i) on the contrary, if the model is trained with the new
classes, they may lose the earlier information. Therefore, continual learning on graph

structured data becomes necessary.
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Algorithm 1 ER-GNN

Algorithm 2 LA-MAML  Algorithm 3 MetaCLGraph

fort=1toM do
Calculate loss with T;
fort/' =1tot—1do
Get T, from A
Calculate loss
with 7,
end for
Sum Losses from 7;

fort=1toM do

Calculate weights for
T;

Meta loss with calcu-
lated weights

Update learning rates
end for

forr=1toMdo

gaux — AU Tt
Calculate weights
with T;

Meta loss with calcu-
lated weights on ¥,

Update learning rates

Extend % with T;

& # samples
Extend % with T; end for

samples

end for

Continual learning on graphs has been studied recently [11,12,16] and it has become
an emerging field. While the studies addressing this field has similar approaches such
as memory-based [16] or regularization-based [11], they also consider the properties
of the graph structured data as their methods can be affected by different factors of
the graph structure [39] such as topology and irregularity of the graph. In addition,
newly arriving tasks alter the dynamics of the graph, interfering with the learning of the
model. Therefore, continual learning on graphs diverges and it is handled concerning
both the continual learning paradigm and the characteristics of the graph structured

data.

In our research, we fused the best of two worlds on continual learning for the graph
data type, merging meta learning and replay buffer in a single method with learnable
learning rates for the first time, to the best of our knowledge. The comparison of
our method to the algorithmic families that build on replay buffer, and meta learning
is given in Algorithms 1, 2, and 3, respectively. Our developed method fuses the
experience replay & selection method in the ER-GNN [16] with the meta learning
& learnable learning rates from the LA-MAML [27] to advance on graph continual
learning. In the graph continual learning problem, we focus on the task of node
classification for the class incremental setup, which requires the model to "remember"

earlier classes so that the model can avoid catastrophic forgetting. Our approach has

outperformed the benchmark methods on various graph datasets.
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3.2 Related Work

Continual learning mainly deals with the catastrophic forgetting problem. In order
to overcome the latter, three approaches are generally used aiming to maintain the
adaptability of the model to incoming tasks without any performance loss. The first
approach is to isolate the parameters so that the previously obtained information would
not be lost. Important parameters for the current task are determined, and those
parameters are isolated such that they would not change with the future tasks, and
the model can still perform for that specific task [30,35]. The second approach is
to use a regularization term such that the weight importance can be considered, and
the changes in the weights that are important for the past tasks are penalized [17,18].
The regularization prevents the model weights from fitting the optimal parameters
of the current task, and hence from forgetting the old tasks. The third approach is
to use an additional memory that maintains some examples from the previous tasks.
The training process for future tasks uses certain examples from earlier tasks, hence
the model would not lose previously obtained information. The usage of additional
memory allows the model to observe examples from earlier tasks while it concurrently
observes the current task. As a result, the weights would not distance themselves
from those of the earlier tasks. The additional memory is used to store information
about the earlier tasks to generate similar samples, or it can store examples from the
tasks, and those examples can be observed during future tasks. The idea of additional
memory is shown to be effective against catastrophic forgetting [16,31]. Capacity
saturation is also another challenge in continual learning [40]. The architecture of
the model defines the capacity as the components of the architecture affect learning
dramatically [41,42]. A model with fixed capacity saturates as it is kept training on
more tasks since the model loses its ability to adapt to incoming tasks. This is called the
stability-plasticity dilemma [43]. The same dilemma exists in graph continual learning
where for GNN architectures, the learning may become limited as a large number of
new classes arrives. Addressing this dilemma requires a specialized focus, and while
numerous studies addressed the effects of architecture on continual learning [44,45], a

similar study on GNNs has yet to be conducted.
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Graph Neural Networks recently have been used in continual learning on graphs [46].
Since GNNs consider both the adjacency matrix and the features as mentioned earlier,
they are capable of discovering the relationship between the nodes and the knowledge
held by the graph. Graph continual learning is a very recent topic [16] where GNNs are
employed for continual learning of graph-structured data. General continual learning
approaches, namely regularization based and replay based methods, are adapted to
graph continual learning. Inspired by the work in the continual learning field, replay
based methods are developed for graph continual learning, storing samples from earlier
tasks [16] or generating samples by using the stored representations from earlier
tasks [47]. On the other hand, regularization based methods use an additional term
in the loss function to adjust the updates in the model weights. In graph continual
learning, regularization based methods [11,48]—[50] use a regularization term to handle
the issues caused by the properties of the graph structured data such as topology and
irregularity. Since graph structured data obtains objects which are connected to each
other, the tasks obtained by dividing the graph provide several connections among
different tasks. Hence, learning different tasks can improve the performance of the
GNN for earlier tasks, as different connections can be discovered with every incoming
task, and this can be used as a remedy against catastrophic forgetting. In real-world
scenarios, graphs tend to be dynamic and the boundaries between the tasks do not
usually exist [S1]. Due to the nature of the real-world scenarios, dynamic graph
learning [52,53] can be applied to capture the dynamics of the real-world graphs.
Whereas dynamic graph learning primarily concentrates on capturing the up-to-date
graph representations [54] and it does not focus on the forgetting problem because
the observed data can still be accessed by the model. However, in graph continual
learning, the observed data is not accessible once after the model is trained on that
task, requiring the model to develop mechanisms to deal with forgetting and use the
obtained knowledge. Due to the nature of the real-world graphs, the GNN model
becomes more powerful with continual learning, as the same GNN model can be used
for different tasks. This allows us to avoid training separate models for each task, and
obtain a single model that can perform all tasks which is in line with the ultimate goal

of lifelong learning.
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The implementation of memory mechanisms proves to be really effective [55] as
memory mechanisms allow models to revisit the earlier examples during the current
task and maintain the performances from earlier tasks. Various types of memory
units are explored for continual learning problem. In one approach, the implemented
memory mechanism can store examples from earlier tasks such that when the model
is learning future tasks, it is also trained on the examples on the memory [16,31].
This allows the model not to differentiate from the learned parameters of the earlier
tasks. Another approach stores some representations from each task such that those
representations can be used to generate examples belonging to earlier tasks [14]. The
generated early-task examples are also used during the training of the current task.
Hence, the model can preserve its performance while learning the current task with this
approach. Meta learning is used in reinforcement learning and few-show learning [3] to
perform multi task learning on a large set of tasks. Since the aim of continual learning
is to adjust the model to newly coming tasks while maintaining its ability to perform in
older ones, meta learning becomes useful in continual learning. Meta learning prevents
overfitting for a specific task by using the gradients of optimal parameters for each
task [27]. This approach is effective in mitigating catastrophic learning as it prevents
the model from overfitting to a specific task and the learning process of the model

would not be stopped.

Our proposed approach, namely Meta Continual Learning for Graphs with Experience
Replay (MetaCLGraph), fuses meta learning with a memory mechanism to increase the
efficiency in learning incoming tasks. Focused on the node classification problem in
the class incremental learning setting, MetaCLGraph uses a meta learning mechanism
to improve the model’s ability to store already-seen information while learning the
current task and incorporates a replay buffer as the memory mechanism that allows the
model to observe samples from earlier tasks while learning a new one. In addition,
learnable parameters are introduced to the model weights as learning rates so that the

updates of each parameter can be different.
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3.3 Method

3.3.1 Problem setup

The goal is to predict the classes of the nodes for a collection of tasks T = {Ti,
T,...,Ty}, where M is the number of tasks. The continual graph problem here entails
the model to learn those series of tasks in 7. For each task 7;, we have a training
node set D! and a test node set D'*'. Node classification aims to predict the right
class for each node, i.e., to classify each node in the test node set D?S’ into the correct
class by learning the tasks using D!". In our graph continual learning setup, we aim to
classify incoming nodes based on early observed classes which is also known as class

incremental learning [36].

3.3.2 MetaCLGraph

MetaCLGraph is our proposed solution for graph continual learning which fuses
meta learning and episodic memory through an experience replay mechanism. The
algorithm for our method is given in Algorithm 4. Although [16] and [27] both inspire
the MetaCLGraph, the transition to the latter is not straightforward, as the adaptation of
the LA-MAML to graph continual learning while using an episodic memory includes
overcoming the following obstacles such as lack of graph nodes batches and utilizing
the replay buffer efficiently. The model weights are initially calculated for the current
task and later updated using gradients calculated while using both stored examples and
current task data. This update is called the meta update and it allows instead of fitting
for just the current task 7;, to be able to learn the previous tasks along with current task
T;. The experience replay is obtained when the model is trained on a task and some
nodes are selected by using the coverage maximization function (3.3.3). The replay
buffer can also be seen as an episodic memory since the buffer stores the nodes from
the current task at the end of the training. The replay buffer is constructed in this way
so that the finished tasks can be revisited by the model using the buffer. The main
reason for using the meta learning with a buffer is to prevent the model weights from
positioning close to the optimal parameters for a certain task. Following a continual

learning paradigm, MetaCLGraph adjusts the model weights to the incoming tasks.
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Algorithm 4 MetaCLGraph-Detailed Algorithm
The model weights 6, learning rates ¢, Graph of current task %;, Buffer 2, number of
tasks M, learning rate for a:

1: fort=1toM do

2 Join buffer samples with the current task dataset: ¥4’ =%, U B

3 for epoch=1to E do

4: Inner update with the &: 0, =0 - &' - Vg L;(0,%)

5: Learning rate update: o' = o -1 - Vo L, (0,9")

6 Meta update with the &': 8 = 04y - max(0, ') - Ve, L: (0,9")
7 end for

8 Save samples to buffer 4 with coverage maximization

9: end for

Revisiting the stored sample nodes allows the model to remember the earlier tasks.
With this added reminder process, the model avoids adapting to only one task. It is
able to distance its parameters from the optimal parameters of the current task and also

stays tuned to the earlier tasks.

3.3.3 Experience replay

At the end of the training for each task, the additional memory is updated by selecting
some examples from that particular task. The additional memory allows our model to
"remember" previous tasks as the model weights are trained for the next task. As the
model also observes the selected examples, the experience replay allows our model
to preserve knowledge from earlier tasks. However, the selection process for the
experience replay is important as the representation of a given task relies on the stored

nodes.

During the sample selection, we use the coverage maximization method [16]
to determine the nodes which can represent their tasks accordingly. Coverage
maximization method is used as the selection function to maximize the coverage of
the embedding space by finding the distances of nodes to the other class. According to
the distances, the nodes are ranked and lower ranked nodes are selected. The equation

for the coverage maximization is given in the following.

JV(V,‘):{Vj‘diSt(V,'—Vj) <d,@(v,-);£@(vj)} (3.1
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where .4/(v;) is the set of nodes coming from different classes with distance d to
node v;, %' (v;) and % (v;) are the labels of the nodes v; and v;, respectively. The
distance inside the embedding space is minimized so that the classes can be represented
inside the buffer. This reinforces the model in remembering the previous classes as the

selected examples in this manner cover their embedding spaces.

The experience replay allows us to construct a merged dataset as illustrated in
Figure 3.1. When the training process for a task is finished, several nodes are selected
according to the coverage maximization function and stored inside the experience
replay. After that, when a new task arrives, the nodes stored inside the experience
replay are merged with the data of the current task, and a merged graph is stored. The
merged graph allows us to train our model accurately since the model can keep the

information learned earlier while learning the current task.

3.3.4 Meta learning

The meta learning is adapted to MetaCLGraph in two steps as follows. When learning
a task 7;, the model weights for the current task 7;, which are called fast weights 0y,
are calculated using the current task data, shown in Algorithm 4, line 4. This step
is called the inner update and allows the model to benefit from the direction of the
gradients for the current task. After the inner update, 8y, is introduced to the model,
and the meta loss is calculated when the model is fed with the merged dataset which
contains the current task data and the buffer samples from previous tasks. This is called
the meta update and the model weights 6 are updated with the gradients with respect
to the meta loss using 6y, in this step, shown in Algorithm 4, line 6. At the end of
the meta learning, the model is updated considering the gradients with respect to the

current task data and also the samples from previous tasks.

3.3.5 Learning rate updates

In addition to meta learning and experience replay setups, the MetaCLGraph assigns
learning rates to every weight, and the assigned learning rates are also updated during

the training.
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Every weight having a different importance for each task during the training as the
model learns a task helps in the preservation of the learned knowledge [27]. Using
the meta learning loss calculated for the merged dataset, the learning rates for each
parameter are also updated by using the gradients. With the updates on the learning
rates, the updates on our model weights become more foreseeable. If the model
weights require more updates in order to learn the task better, then the learning rate
update would be limited. However, if some of the model weights have reached an
optimal region, then their learning rate decreases more dramatically than the learning
rate of the other weights since the model would tend to preserve that information.
This update difference among the model weights allows our model to adjust the
parameters according to the tasks, hence the already-acquired information is not lost.
The computation of the gradients with respect to learning rates are given in Appendix

A [27].

3.4 Experiments

The continual learning experimental setups for the GNNs are investigated, and the
performance of our setup is compared with the other continual learning setups. The
pipeline provided by [12] is used for the experiments. The datasets, baselines,
experimental settings, and results are reported and described next. We provide a

reference implementation of the proposed model and the experimental pipeline.

3.4.1 Datasets

For evaluating MetaCLGraph, four benchmark datasets were employed: Corafull [56],
Arxiv [57], Reddit [58], and Citeseer [59]. Arxiv, Corafull, and Reddit are used in [12]
to construct a benchmark for continual graph learning, and Citeseer is additionally
included for its significance in graph structured data. In this problem, we divide the
datasets into tasks containing two classes for each task. This resulted in 35 tasks from
Corafull, 3 from Citeseer, and 20 each from Arxiv and Reddit. For the Reddit dataset,
the 41 and the last class is dropped since it only has one example. Table 3.1 provides

the detailed task information, and graph structures for each dataset.
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Table 3.1 : Details of the datasets used in the experiments.

Dataset # nodes #edges | # features | # classes | # tasks
CiteSeer-CL | 3327 9228 3703 6 3
Corafull-CL | 19793 130622 8710 70 35

Arxiv-CL | 169343 | 1166243 128 40 20
Reddit-CL | 227853 | 114615892 602 40 20

To manage device memory requirements, larger graphs like Reddit are divided into

batches, while the rest are processed as single batches.

3.4.2 Baselines

The following baselines are used in order to evaluate the MetaCLGraph.

Base model is the graph neural network without using any continual learning
components. The data is simply passed to the GNN architecture and the model is
trained with the provided data. There are no further improvements on the GNN

architecture.

Elastic weight consolidation (EWC) [18] focuses on preserving crucial model
weights for each task, allowing updates on only less significant weights during the

learning of the new tasks to preserve earlier information.

Memory aware synapses (MAS) [17] is a regularization based method that evaluates
the importance of the parameters according to the sensitivity of the predictions on the
parameters. When new data arrives, the model weights are updated according to the
activations of the network so that the important model weights for the newly acquired

data can be updated.

Topology-aware weight preserving (TWP) [11] is a method introduced for graph
continual learning which integrates weight preservation considering the graph
topology. Graph structure is taken into consideration in order to prevent catastrophic
forgetting. After the loss is calculated, it is regularized by calculating the importance
score of the model weights according to the topological structure of the provided graph.

It benefits from the properties of the graph.
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ER-GNN [16] uses experience replay for this problem. After learning a task 7;, sample
nodes are saved to the buffer with a selection function and when 7;, | is being learned,
separate graphs for each learned task from k={0 to i} are constructed, and the GNN
is trained with those graphs. The overall loss is calculated with the loss for the current
task regularized by the loss calculated from the constructed separate graphs using the

experience replay.

MetaCLGraph (Ours) uses an episodic memory buffer, and combines meta learning

with experience replay.

Joint is the method where all the learned tasks are accessed during training. Therefore,

it serves as the upper bound for our setup.

EWC and MAS are the techniques focusing on parameter isolation, while ER-GNN
uses the additional memory as a replay buffer to store examples from earlier tasks,
however, lacking any meta-learning component. TWP is a regularization method
that considers the topology of the graph while updating weights. Our model,
the MetaCLGraph is compared with those baseline techniques for performance

assessment.

3.4.3 Experimental settings and performance scores

The experiments are conducted with a learning rate of 0.005, and each task is trained
for 200 epochs. The batch size is selected as 2000 for the batched datasets. Adam
optimizer [60] is selected as the optimizer. All methods use the graph convolutional
network as the backbone GNN architecture [24]. The selection algorithm relies on
coverage maximization. The hyperparameters concerning the compared methods are
obtained from the benchmark paper [12] and its repository, as the results in the
benchmark are reproducible. The buffer budget is selected as 10 for the replay based
methods, namely the ER-GNN and the MetaCLGraph. Given in the benchmark paper
[12], the buffer budget sets the number of samples selected for each class in the task,
and the entire class or task can be stored when the buffer budget is set high. Setting
the buffer budget high does not serve the purpose of continual learning since it would

become likely that an entire class or task can be observed in future tasks. To avoid
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storing an entire class or task that would defeat the purpose of continual learning,
the buffer budget is determined as 10. This is based on the observation that all of
the datasets contain more than 10 samples for each class. Hence, the buffer budget

becomes strict where storing an entire class or task is avoided.

The two evaluation measures are the Average Performance (AP) and the Average
Forgetting (AF) [31]. AP focuses on the model’s accuracy in classification of each
task. It is obtained by calculating the mean accuracies of the observed tasks so far. AF
considers whether or not the model preserves its performance on the observed tasks.

The AF is calculated as follows:
Qjj—ag,j, \V/]<k (3.2)

where a; j, and a; ; represent the performance scores obtained from the accuracy
matrix. j and k represent the numbers of tasks where k represents the current task
and j represents a certain old task when it was trained as the current task. In
summary, forgetting is determined by finding the performance difference between the
last performance and the performance obtained as the current task for each task. All

experiments are repeated 5 times on one Nvidia RTX A4000 GPU.

3.4.4 Results

The experimental results are reported in Table 3.2. The results indicate that the
proposed MetaCLGraph outperforms the compared baselines, and achieves the best
performance across all datasets in terms the AP measure, and the best performance
in terms of the AF measure excluding only the Reddit dataset. These results provide
evidence for the fact that the proposed method allows the model to learn the tasks and

stores information about the early-observed tasks.

The MetaCLGraph outperforms the regularization based methods such as MAS, TWP,
and EWC by employing its replay buffer. As mentioned earlier, regularization based
methods alter the loss such that the model can preserve the obtained information.
However, our proposed method uses the stored examples during the learning of the
future tasks as those examples are observed during their training. Therefore, the

utilization of the replay buffer allows the MetaCLGraph to outperform regularization
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based methods. Although MAS has a better AF score for the Reddit dataset, this
score is obtained since the AP score is low. Therefore, it can be deduced that the
MAS method cannot learn the tasks for the Reddit dataset, and its AF score does not
mean a better performance as the MAS method has not learned enough information
about the observed tasks for storage. On the other hand, the MetaCLGraph has the
best AP score among the baselines while its AF score is the second best. This shows
that the MetaCLGraph can learn the tasks for the Reddit dataset while preserving its

performance for the previous tasks.

The MetaCLGraph outperforms ER-GNN which also utilizes a replay buffer. Although
they use the same selection function for the examples to be stored inside the replay
buffer, the MetaCLGraph exploits meta learning during the training process. During
training, the optimal model parameters are determined for the current task, however,
the loss is not calculated until the model observes the stored examples from the
earlier tasks. Therefore, the model does not exhibit over-fitting to the current task.
On the contrary, it finds the set of parameters that can perform for the earlier tasks
while learning the current task. The calculation of the meta loss allows the model to
adjust the parameters considering the earlier tasks and the model can generalize the
observed tasks with the meta loss. In addition to meta learning, the MetaCLGraph
method also utilizes the learnable learning rates which increases the model’s ability
to learn incoming tasks, compared to ER-GNN. For the Corafull dataset, ER-GNN
forgets the previous tasks to learn the current task properly, causing its AP score to
decrease dramatically. Meanwhile, the MetaCLGraph method preserves the obtained
information by using learnable learning rates. Hence, the MetaCLGraph method
outperforms ER-GNN with the utilization of meta learning and learnable learning

rates.

In Figures 3.2 and 3.3, the performance matrices of the benchmark methods and
MetaCLGraph are visualized. The performance scores are presented for all of the
tasks after the observation. It can be observed for each dataset that the changes in
the performance scores for MetaCLGraph are less pronounced than those for other
methods, thanks to a relatively better preservation of the learned information in the

former.
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3.4.5 Computational costs

The computational costs are also investigated and the costs are reported in Table 3.3.
The experiments are repeated 5 times on the Corafull dataset. The results show
that the computational costs of our proposed model surpass the baseline models.
Although the computational costs of our model are the highest among the baselines,
its computational costs are justifiable since its performance is beyond other methods
and the computational costs are tested on the dataset with the greatest number of
tasks among the tested datasets. Corafull dataset contains the greatest number of
tasks among the benchmark datasets, showing that the application of our model to
other datasets would not be limited since the computational cost difference among the

baselines would not be greater.

Table 3.3 : The computational cost table for various baselines and MetaCLGraph.

Method Time per experiment (s)
Base method 159.77
EWC 381.46
TWP 418.71
MAS 177.50
ER-GNN 234.87
MetaCLGraph 616.28

3.4.6 Ablation study

This section focuses on the impact of meta learning and experience replay on the
performance of MetaCLGraph in class incremental learning. MetaCLGraph variants
that either exclude meta learning or experience replay are examined to understand their
contributions to the model performance. For testing the effects of experience replay,
the buffer budget for the experience replay is changed. When the buffer budget is O,
this would be our approach without experience replay. On the other hand, our method

without meta learning would be equivalent to ER-GNN whose results were given in

Section 3.4.4.
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The results for the ablation study are given in Figure 3.4. It can be observed that
the model only using meta learning gives similar results to those of the base model.
Since this version of our proposed model does not store any information from earlier
tasks, and only relies on meta learning, it only learns the current task. Therefore, its
AP and AF scores would be similar to the base model since it adjusts its parameters
on only the current task and not the other tasks. It is also observed that the number
of stored samples increases our model’s performance significantly. The number of
samples for each class is determined as 10 in order to avoid storing an entire class
or task inside the buffer. The results show that when the capacity of the buffer is
increased, the performance is improved. However, increasing the capacity too much
may cause storing tasks, and storing the tasks would not serve the purpose of continual
learning. Although some examples were stored inside the buffer, continual learning
setup requires the continuous data flow from earlier tasks to be stopped once the
training for a task is finished since the finished tasks become unreachable after the
training. However, when the tasks start to be stored in the replay buffer, the model will
be retrained on the already visited tasks. Therefore, the continual learning setup is no
longer valid, and the model would be trained in a traditional supervised learning setup.
This is observed in average forgetting as well. Since all examples from a class may
have been stored with a high buffer budget, the model is trained on a task more than
once. Therefore, the average forgetting rate becomes greater than zero due to the fact
that it has been trained more than specified epochs and the model’s performance on
that task is improved by meta learning and additional epochs. Therefore, a limit on the
number of stored examples in the buffer is imposed so that the integrity of continual

learning can be maintained.

3.5 Broad Impact, Limitations and Future Work

Broad Impact. MetaCLGraph framework can be used in applications for expanding
networks where new members and connections are emerging and their characteristics
are discovered. The replay buffer of our model can be altered with a different type
of memory that store the class representations instead of class examples in order to

address data security concerns.
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Future Work. Our work has shown that the utilization of meta learning improves the
efficiency of using a memory mechanism such as a replay buffer. Expanding from
MetaCLGraph, a future research direction could be changing the memory mechanism
from a replay buffer to a subconscious memory that stores representations for every

observed class.

Limitations. Storing examples from earlier tasks creates a dilemma for the memory
based solutions in terms of data sharing. Our method performs storing a limited
number of examples, hence, limiting the buffer capacity and not storing the entire
incoming task or class. By limiting the number of examples stored in the replay buffer,
our method serves well for the purposes of continual learning while alleviating data
privacy and ethical concerns. Another limitation is the increase in the number of tasks
as it may limit the application of the proposed model since the overall complexity of

the model is already higher than its counterparts.
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4. CONCLUSION

In this thesis, we proposed a novel method for continual learning on graph structured
data. We built a novel method that merges replay buffer and meta learning with

learnable learning rates and performs continual learning on graph structured data.

Our proposed method utilizes the generalization of tasks from meta learning while
the previously stored examples inside the buffer are used to maintain the previously
learned information by the model. In addition, the learnable learning rates are
employed to improve the learning of the model by adjusting the updates on the model
weights. In the experiments, it is shown that our method outperforms both CL methods
adapted to the graph domain and the GCL methods in class incremental CL setup at
node classification task. In addition, we showed the effects of replay buffer and meta
learning separately on continual learning with ablation studies. In addition, we also

investigated the effect of the replay buffer capacity with different capacities.

Some future directions that can be led by the thesis are given as follows.

* We employed MetaCLGraph for the node classification task in class incremental
learning setup. The setup and the task for MetaCLGraph can be altered for future

work.

* Our proposed method showed that the utilization of meta learning allows replay
buffer to become more effective. Changing the memory mechanism could be
another future direction since storing examples from earlier tasks may cause

problems in terms of data privacy.

* The capacity of the replay buffer is also discussed in this study. Another
future direction could be the limitations caused by the memory capacity and the

architecture so that capacity saturation can be covered thoroughly.
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* We determined that increasing the replay buffer capacity may contradict the purpose
of CL as the buffer may store the entire task if the data size for a task is small.
A future direction could be investigating the effect of memory mechanisms on

learning when they are storing all of the previous task data.
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APPENDIX A : The Gradient Derivation for Learning Rates
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where U () represents the update function. The step (a) is obtained by the expansion
and differentiation of U() recursively while the step (b) is obtained under the
assumption of the initial weight in the meta update stage at the time j 9({ is constant
with respect to o/
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