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Abstract

The continual learning (CL) of novel concepts from new environ-
ments represents a popular and important topic aiming to manage
catastrophic forgetting. Research studies have developed dynamic
expansion models to deal with network forgetting in CL. Existing
CL models usually explore the full capacity of activating param-
eters and representations while ignoring the previously learned
representations when learning new tasks. In this paper, we propose
a novel dynamic expansion model that incrementally accumulates
and incorporates all previously learned representations into defin-
ing new experts to add to a mixture of experts in a recursive manner,
aiming to reuse previously learned parameters and features to pro-
mote future task learning. We define a graph structure having each
expert as a component node. We then propose a novel expandable
expert graph attention mechanism that dynamically optimizes the
graph when learning new tasks, maximizing the positive knowledge
transfer. In addition, we propose a novel expert cooperation mech-
anism to promote the cooperation between all previous experts
and with the currently updated expert. Furthermore, we propose a
novel memory optimization approach, which encourages each ex-
pert to capture and learn completely different information, further
improving performance. We provide the results of a series of exper-
iments demonstrating that the proposed approach outperforms the
state-of-the-art performance in CL.
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1 Introduction

Continual Learning, often referred to as Lifelong Learning, repre-
sents a rather complex, yet pragmatic learning framework where
new data instances are continuously introduced into the training
of a deep learning system, requiring the model to assimilate and
acquire new knowledge while retaining previously learned informa-
tion, [44]. This research area, increasingly becomes critical, because
it facilitates the integration of various algorithms into real-time
applications, such as autonomous driving and robot navigation.
However, training deep learning models within the context of con-
tinual learning can lead to considerable performance decline on
earlier tasks, a phenomenon known as catastrophic forgetting [44].

To tackle network forgetting in continual learning, recent re-
search has introduced various methodologies, which can be broadly
categorized into : rehearsal-based methods that actively retain past
samples within memory buffers [4, 12], regularization-based meth-
ods that incorporate additional regularization terms in the loss
function to mitigate the learning of new tasks [30, 40], and dynamic
expansion frameworks that progressively introduce new process-
ing units or layers in order to assimilate new information [13, 26].
Among these approaches, the utilization of a memory buffer system
stands out as a straightforward yet effective solution for addressing
model forgetting in continual learning. Nonetheless, a significant
drawback of such systems is their limitation in accommodating an
increasing number of tasks due to the finite memory capacity. To
overcome this challenge, recent studies have proposed the dynamic
creation of new sub-networks and parameters to facilitate the learn-
ing of new tasks [13, 26], thereby ensuring optimal performance
across all previously learned tasks.

Most current dynamic expansion models [13, 18] primarily focus
on activating certain primary parameters when learning a new task,
while overlooking two critical aspects : (1) These approaches fail
to leverage the full potential of all previously acquired parameters
when addressing the learning of a new task; (2) They are not suit-
able for an online batch-to-batch learning framework. To tackle the
first challenge, we introduce an innovative dynamic expansion
framework that facilitates the accumulation of knowledge, while
reusing the entire prior representations and parameters to improve
new task learning. Specifically, we structure each expert within
the proposed framework using two components: a transfer module
and a linear classifier. The transfer module is designed to convert
a general, semantically rich representation by using a pre-trained
Vision Transformer [17] into a task-specific representation. The
linear classifier, on the other hand, learns a predictive pattern based
on the transferred features. In contrast to existing dynamic expan-
sion models [13, 26], which continuously generate and learn new
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sub-models without considering the comprehensive information
from previously learned parameters, we propose a novel Dynamic
Recursive Expansion (DRE) approach that systematically integrates
all previously learned representations into the expert construction
process, in a recursive fashion, thereby enhancing future task learn-
ing. Furthermore, we propose a novel Expandable Expert Graph
Attention (EEGA) mechanism that formulates each expert as a node
within a graph structure and regulates all previously learned rep-
resentations throughout the optimization process. The proposed
approach evolves and identifies an optimal knowledge relation-
ship matrix to manage the information flow from all previously
learned experts during the learning of a new task, thereby maxi-
mizing the benefits of positive knowledge transfer. To ensure better
cooperation between all previously learned experts and the cur-
rently updating expert, we introduce a new Expert Cooperation
Mechanism (ECM) that dynamically adjusts the significance of
both previously learned and currently learned experts during the
optimization process.

To tackle an online batch-to-batch learning paradigm, we present
an innovative memory-updating strategy known as the Knowledge-
Aware Memory Optimization (KAMO) approach. In contrast to
existing memory techniques [2, 12], which focus on retaining data
samples across all categories, the proposed KAMO approach is de-
signed to preserve data samples that are distinct from all previously
acquired samples. This memory-updating strategy enables each ex-
pert to assimilate diverse information throughout the optimization
process. Specifically, the proposed KAMO approach assesses the
selection score of an incoming sample by measuring the distance be-
tween representations derived from the currently updating expert
and each previously learned expert. A data sample that yields a high
selection score will be retained in the memory buffer due to its nov-
elty for the learning system, thereby motivating the current expert
to acquire sufficiently distinct knowledge. Additionally, to integrate
the KAMO framework into a more practical continual learning
context where task information is unavailable during the inference
phase, we introduce a Knowledge Compression (KC) approach. This
method learns a probabilistic generative model to compress and
retain the acquired knowledge within a low-dimensional latent
space, facilitating expert selection during the inference phase.

We assess the efficacy of the proposed Knowledge-Aware Mem-
ory Optimization (KAMO) framework through experiments con-
ducted across various benchmarks. The empirical findings indicate
that the KAMO framework mitigates catastrophic forgetting well
while outperforming current state-of-the-art methodologies in con-
tinual learning. Our contributions can be summarized as follows:
(1) We introduce an innovative KAMO framework that dynamically
integrates all previously acquired representations into the construc-
tion process of a new expert in a recursive fashion, leveraging past
information to enhance future task learning; (2) We propose a new
EEGA mechanism to maximize the benefit of the positive knowl-
edge transfer by optimizing a graph relation matrix to regulate
all previously learned representations during new task learning;
(3) We present a novel ECM approach to promote the new task
learning by optimizing a better cooperation mechanism among all
previously learned experts together with the currently updating
expert; (4) We propose a new memory optimization strategy that
encourages each expert to acquire sufficiently distinct information,
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fostering the knowledge diversity among experts; (5) We propose
to learn a compact probabilistic representation for each expert, fa-
cilitating the selection of an appropriate expert for processing a
given sample without requiring prior task information.

2 Related Work

Rehearsal-based methods represent a widely adopted strategy for
mitigating network forgetting in continual learning, which involves
the management of a memory buffer that consistently retains es-
sential examples [5, 8, 21, 22, 27, 45, 49, 51, 57]. During the learn-
ing of new tasks, samples from this memory buffer are leveraged
to update the model, thereby preventing catastrophic forgetting.
Consequently, sample selection is pivotal within rehearsal-based
techniques [22]. Furthermore, these methods can be integrated
with regularization-based strategies to enhance the model’s overall
performance [2, 12, 14-16, 28, 39, 40, 43, 53, 63]. Beyond merely
storing authentic training samples, rehearsal-based methods can
also be executed through the training of deep generative mod-
els, such as Variational Autoencoders (VAEs) [33] or Generative
Adversarial Networks (GANs) [19]. Generative models develop ca-
pabilities of producing high-fidelity past examples during new task
learning, effectively addressing the issue of network forgetting
[1, 31, 47, 54, 70].

Knowledge distillation (KD) techniques is based on a teacher model
to enhance the performance of a student model during the optimiza-
tion process, [20, 24]. This approach has demonstrated significant
improvements in model efficacy within deep learning frameworks.
Given its capabilities, KD has been investigated as a solution to
mitigate network forgetting in continual learning scenarios. The
core concept of applying KD in continual learning is to reduce the
divergence between the outputs of the student and teacher mod-
els while learning new tasks, as introduced in Learning Without
Forgetting (LWF) [37]. This method involves freezing the student
module to function as a teacher after each task transition. Fur-
thermore, integrating the KD methodology with rehearsal-based
strategies into a cohesive optimization framework has been shown
to enhance model performance, as proposed in the Incremental
Classifier and Representation Learning (iCaRL) [48]. Specifically,
iCaRL introduces an innovative nearest-mean-of-exemplars classifi-
cation approach that bolsters the classifier’s resilience to variations
in data representations. The Contrastive Continual Learning [8]
involves a novel self-KD strategy aimed at preserving previously
acquired features and representations, with the goal of minimizing
network forgetting.

Dynamic Network Architectures. Rehearsal and knowledge distil-
lation (KD) methods demonstrate efficiency primarily with a limited
and static set of tasks, while they struggle when task sequences
become long. Recent research has tackled this issue by introducing
dynamic expansion models that facilitate the incremental addition
of new hidden layers and nodes within the architecture during
the continual learning [13, 26, 29, 45, 52, 60, 67, 72]. A significant
benefit for dynamic expansion models is their ability to maintain a
good performance on the previously encountered tasks by freezing
all parameters [52]. Moreover, the Vision Transformers (ViT) [17]
have shown superior performance compared to Convolution Neural
Networks (CNN) in dynamic expansion frameworks, [18, 68].
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Interactive Continual Learning (ICL) [46] is a recent continual
learning approach, which consists of a fast and a slow learning
system, respectively. The approach proposed in this paper has sev-
eral different properties from the ICL, summarized as follows: (1)
The proposed approach can dynamically create new experts to deal
with new tasks, while the ICL does not do that; (2) The ICL does not
utilize the previously learned information to promote the learning
of future tasks. In contrast, the proposed approach can fully explore
the prior knowledge to promote future task learning; (3) This paper
proposes a novel sample selection approach, called the Knowledge-
Aware Memory Optimization (KAMO), which enables the model to
be trained in an online batch-to-batch learning manner. In contrast,
the ICL proposes to optimize the memory using a CL-vMF mecha-
nism based on the von Mises-Fisher (vMF) distribution, which is
different from our approach.

Another related approach proposed by Yu et al. [69], promotes
a dynamic expansion framework to deal with continual learning.
Our approach has several different properties from [69], summa-
rized into two aspects: (1) [69] employs a CLIP model [42] as the
basic backbone, while the proposed approach uses a pre-trained
VIT as its basic backbone; (2) [69] does not utilize all previously
learned parameters and representations when learning a new task.
In contrast, this paper introduces a novel expandable expert graph
attention mechanism to fuse all prior parameters and represen-
tations to promote future task learning. This paper, in contrast
to existing methodologies [13, 29, 60], introduces an innovative
dynamic expansion framework that leverages a pre-trained ViT
as its core backbone. We also formulate a new dynamic recursive
expansion strategy aimed at harnessing and accumulating essential
data representation information to optimize the advantages derived
from positive knowledge transfer.

3 Methodology
3.1 Problem Definition

In the following, we focus on tackling network forgetting within
the framework of online continual learning, where each sample is
encountered only once throughout the entire training process. Let
DI = {xi,yi ;’il and D/ = {xi,yi :’:JI represent the training and
testing datasets, respectively, where n/ and A/ are the total number
of training and testing samples. Each training dataset D/ is par-
titioned into C subsets in accordance with the class-incremental
paradigm, denoted as {D/ (1), - -, DI (C)}. Each subset D (i) cor-
responds to a specific task, referred to as the i-th task (7;). During
the learning phase of each task (7;), we can only access the training
subset D/ (i), while all previously encountered training subsets
{DJ(1),---,DJ (i — 1)} are unavailable. The primary objective of
a continual learning model fy, trained on the i-th task (7;), is to
minimize the cross-entropy loss Lcg associated with the current
task as well as of all previously seen tasks, expressed as :

i nl
0* = argmax ) »" Lcx(yh fo(x))), (1)
0e® j:1 c=1
where O is the parameter space and 0* is the optimal parameter set

that can minimize the loss on all previously seen tasks. x. and y?.
denote the c-th labeled sample from the j-th task. However, finding
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the optimal parameter set 0* using Eq. (1) in continual learning is
intractable because we can not access and use data samples from
all previous tasks. Many continual learning studies have proposed
various approaches to solve Eq. (1) by preserving fewer past data
samples in a memory buffer [12] or preventing significant changes
on the learned parameters [56]. Once the learning for all tasks is
finished, we evaluate the models’ performance on the whole testing
dataset D

3.2 Overall Framework

Utilizing a singular model is insufficient for managing the learning
of an increasing array of tasks due to the limitations in the model
capacity. A dynamic expansion model presents a viable solution
to this challenge. Nevertheless, the dynamic generation of each
independent expert network within a framework incurs significant
computational expenses. In this study, we propose an innovative
dynamic expansion framework that leverages a pre-trained Vision
Transformer (ViT) [17] as the foundational backbone. New experts
are built upon this foundational backbone, offering robust feature
representations imbued with rich semantic information. Conse-
quently, we are able to design each expert as a compact neural
network with a reduced number of layers.

Expert Network. Let fy: X — Z be a pre-trained backbone, which
receives a data sample x over the data space X € R? and outputs a
general representation z over the feature space Z € R, where d
and d? are the dimensions of data and feature spaces, respectively.
LetE; = { fgvj, f¢j } be the j-th expert in a mixture framework, which
consists of a feature representation network fz, : Z — Z’and a
linear classifier f¢j . Z' — Y, where Z/ € R¥ and Y ¢ RK
denote the feature and prediction space, respectively. Specifically,
Jz; receives the representation from the basic backbone and returns
a feature vector that is used as an input for the linear classifier fj
which outputs a K-dimensional probability vector. The prediction
process of the j-th expert is formulated as :

y' = argmax{Fsofumas (f3, (7, (o))}, @
where y’ is the prediction and Fgggimay () is the softmax function.
During the optimization process, the parameter set 8 of the basic
backbone is frozen while we continually update the parameters
{#j,{;} using the cross-entropy loss, expressed as :

Lee(Ej, Xy) = Zi,xztll {Zil Yire
log {fy, (fy, (foxiM (@}

where yj’ . is the c-dimension of the i’-th sample from the data
batch X; at the t-th training iteration and |X;| is the batch size.
f¢j ( fgj (fa(xi7)))(c) is the c-th dimension of the prediction for the
data x;, achieved using the j-th expert (Ej).

®)

3.3 Expandable Expert Graph Attention

The feature representation network févj for the j-th expert (Ej) is
designed to transform a general representation z from the foun-
dational backbone fj into a flexible feature vector that captures
task-specific information. However, various tasks may share seman-
tic information, which can facilitate positive knowledge transfer
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Figure 1: The learning procedure for the proposed framework, consisting of three steps at the j-th task learning. In the first
step, we dynamically create a new expert Ej = {f,, fy,» 9wssq wd} at the j-th task learning. Then we expand the relation matrix

w € RUY) and the dual adaptive vector W/, which are used to regulate representations during the optimization. In the second
step, if the memory buffer is full, then we check the novelty of a new sample. If | M;| = |[M|™%*, we replace a memorized sample
using the new sample by Eq. (17). In the second step, we update the expert (E;) on memorized and new samples, together.

when acquiring new tasks. To address this, we introduce an in-
novative recursive expansion process that dynamically integrates
the entire previously acquired representation data to enhance fu-
ture task learning. Specifically, let 2! represent a feature vector
derived from the feature extraction process f7; (fg(x)) associated
with the first expert (E1). In the dynamic construction of the second
expert (E2), we preserve the first expert in a fixed state to prevent
network forgetting while merging z! with the representation 72
obtained through f;, (fg(x)), resulting in an augmented feature
vector denoted as 72 = 2! U 22, where U signifies the concatenation
of two feature vectors. This augmented representation z? is then
utilized as input for the linear classifier fy, from the second expert
(E2). Similarly, when constructing the third expert (E3), we consoli-
date all previously learned features 23, expressed as z°> = 7% U 23.
For the j-th expert Ej, the construction process of an augmented
representation results into :

~j J=1
J _ i
z _Ui=3z’ @)

which incorporates all previously learnt representations in a recur-
sive expansion manner, leading to positive knowledge transfer.

3.4 Expandable Expert Graph Attention

The feature composition from the previous section, according to
Eq. (4), relies upon the equal contribution for each extracted fea-
ture representation throughout the optimization process. However,
this fails to fully leverage the advantages of positive knowledge
transfer. To address this challenge, we introduce an innovative
expandable attention graph mechanism that modulates each previ-
ously acquired feature representation through a graph relational
mechanism. Specifically, we conceptualize each previously acquired
representation as a node within a graph structure and develop a
relational matrix to characterize the knowledge architecture. Let
w e RUS) represent a scalable relational matrix, where its entries
w(j, i) indicate the implication of the representations derived by

the i-th expert for the j-th expert. Furthermore, we can derive the
normalized relational matrix w’ for the j-th expert utilizing the
weighting function :

exp{w(j, )}
= w0
where |w(j)| denotes the number of elements for the j-the row
of w and W’ (j, i) = Fyormalized (W> w(J, i)). Then, the normalized

graph relation matrix w’ can be used to regulate all previously
learnt features :

Fnormalized (W’ W(j, l))

®)

= {3 i}, ©

and each z€ can be further decomposed, resulting in :

7= {3 W G e ™)

where {w'(c,c’) ¢ =3,--,j—1,c < jc =1,---,|w(c)|} are
the elements from a relation matrix which are frozen to preserve
the previously learned knowledge structure.

3.5 Expert Collaboration Mechanism

In order to have a better collaboration between the previously
learned experts and the currently updating expert during the train-
ing, we introduce a new expert collaboration mechanism that in-
crementally creates new trainable adaptive weight vectors wl =

{Ai) revious’ Wiurrent} for each j-th expert to regulate the connection

of the entire previously learned knowledge together with the new
information, updating during the new task learning. Specifically,
we propose to use the softmax function to normalize the adaptive

weights W/, resulting in w/ = {W%’ wgurrent}' The augmented

previous’
representation 7/ is expressed as :
5 = w) 2 Uw 3
¥=w 3 Uwiurrentz . 3)

previous
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When optimizing the j-th expert during the training, we also update
the associated adaptive parameters by :

W(J’ C) = W(J’ C) - r]rVW(j,c)'LCE(Ej)$
W =W -5, Vg Ler(E)), (O]
c=1--,|w(l,

where 1, is the learning rate. Once the j-th expert finishes its train-
ing process, we freeze all previously learned elements {w(j’) | j =
3,---, j} of the relation matrix and learned adaptive weights w/ ,
where w(j’) denotes all elements from the j’-th row of w. Then
we dynamically expand the dimension of the relation matrix, ex-
pressed as w € RU+LD), During a new task learning, we only
optimize the newly added elements w(j+1) to promote the transfer
learning. By integrating the proposed recursive expansion process,
the EEGA and the ECM into a unified optimization framework, we
create an expandable knowledge graph for each new expert, which
maximizes the benefit of the positive knowledge transfer.

3.6 Knowledge-Aware Memory Optimization

The continual learning model is restricted to observing only a lim-
ited number of samples during each training session. In order to
retain essential information, it is imperative to implement a com-
pact memory buffer capable of storing numerous historical data
samples [4, 12]. Numerous studies have explored a straightforward
yet effective sample selection technique known as reservoir sam-
pling [61], which randomly selects and retains past samples within
the memory buffer. Nevertheless, reservoir sampling does not effec-
tively identify the most critical data samples that would enhance
performance. In this paper, we present an innovative memory opti-
mization strategy termed Knowledge-Aware Memory Optimization
(KAMO), which leverages all previously acquired knowledge to
guide the memory optimization process. Specifically, we consider
that the proposed mixture framework has already acquired j ex-
perts, allowing us to construct two sets of feature vectors for a
given sample x as follows :

2/ (x) = {fy, (fe.(fo(x) le=1,---,j -1},
7 (%) = {f, (fy, (o)), -+, fy, (S, (fo ()} -

where Z/ (x) and Z/ (x) represent the compressed knowledge of x
using all previous experts {Ey,---,Ej—1} and the current expert
(Ej), respectively. In order to easily evaluate the discrepancy be-
tween Z/ (x) and Z/ (x), we allow Z/ (x) to have the same length
with Z/(x). A significant divergence between Z/(x) and Z/(x)
indicates that the data sample x possesses sufficiently distinct in-
formation relative to the entire acquired knowledge and should
therefore be incorporated into the memory buffer. To achieve this
objective, we propose assessing the discrepancy between Z/ (x) and
7/ (x) utilizing the Maximum Mean Discrepancy (MMD) criterion
[58], which can effectively measure the difference between two
empiric data distributions, making it well-suited for evaluating the
difference between Z/(x) and Z/ (x). We provide the discussion
about other distance choices in Appendix-B from SM.

Specifically, let Pz;(y) and Pz; ,y denote the distribution of
ZJ (x) and Z/ (x), respectively. Let us define {f’ € ¥ | f’: X — R}
as a function where ¥’ denotes a class of functions. The MMD

(10)
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criterion between two distributions Py; (%) and P5; (x) is expressed
as [58] :

Lvmp (Pzj (x) Pzi(x)) =

fSlelI; (Brpysi [F'@] - BBy [ @)]). (1)

where sup denotes the least upper bound of a set of numbers.
If Lyvvip (PZ/ (x)° P (x)) = 0, then we have Py; x) = Py (x)-
The function class ¥ is usually a unit ball in a Reproducing Ker-
nel Hilbert Space (RKHS) with a positive definite kernel fi (z,z’).
Eq. (11) is usually challenging to calculate and therefore we estimate
the MMD on the embedding space [36], expressed as :

II?

LI%AMD(PZ(X)’PZj(X)) = ||”sz<x> THP ! (12)

where Hp,; and [ denote the mean embeddings of Pz,
and Pz;(y). In practice, when Py, ) and Pz, are formed by
using the same number of data samples, we can employ an unbiased
empirical estimate, defined as :

1 n’
Lino Pz P20) = rir = D ke, (13)

where h(cy, c2) is defined as :

her, c2) = fi(Z (0)[e1]. Z () [ez])
+ @ (9[e1]. 2/ () [e2]) = fo(Z () [e1], 2 (x) [e2])
~ i@ e Z ) [e1]). (14)

where Z/(x)[c1] and Z/ (x)[c1] denote the c;-th sample drawn
from Pz .y and Pz, ), respectively. Eq. (13) can evaluate the sta-
tistical distinction between Pz .y and Pz (). Based on the MMD
criterion, we can calculate the discrepancy score for a data sample
x by considering all previously learned experts, expressed as :

Fgis(%) = Lynp (Pzi (x) Pz (x)) (15)

where Fgis(+, ) is a distance measure function for evaluating the
similarity between two data distributions. If the score calculated
by Eq. (15) is large, it means that the data x is sufficiently different
from all previously learned information and it should be preserved
in the memory buffer, which helps the current expert in order to
enrich the known information.

Let M; be a memory buffer updated at the ¢-th training time and
| M]™% is the maximum memory size. When the memory buffer is
full |IM;| = |IM|™* we check wether we add a new data sample x
into the memory buffer at the ¢-th training iteration :

[ M|
min {Fyi (M [m])} < Fais (), (16)

where M;[m] is the m-th memorized sample from M;. If Eq. (16)
is satisfied, then we replace the memorized sample M;[m*] using
the new sample x :

Mt[m*] =X,
m* = argmax {Fgi(M:[m])}. (17)

m=1,-+ | Me|
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Figure 2: Ablation study results. (a) The different configurations for the proposed KAMO framework on the CIFAR100. (b) The

training times for various models under the CIFAR10.

3.7 Expert Learning of Compact Knowledge

In a more realistic learning environment, the task information and
labels are usually unavailable in the inference phase. It is impossible
to use any auxiliary information to select an appropriate expert for
a given sample. In this paper, we propose a new sample discrepancy
mechanism that can automatically choose the appropriate expert
for a given single sample or a batch of samples. Since the feature
extractor fgvj (fo(x)) of each expert (E;) can provide a strong and
semantically rich representation for a given sample x, we estimate
the selection score on the low-dimensional feature vectors instead
of the high-dimensional images, which reduces the computational
costs and storage space requirements. Specifically, we introduce a
probabilistic generative model py,; (7 2°) = pw, (2| z°)p(z°) with
the parameter set wj for the j-th expert (E;), which has an ob-
served variable Z over the space Z’ and a latent variable z° over the
space Z°. Optimizing the generative model p,; (Z,z°) corresponds
to maximizing the marginal sample log-likelihood, expressed as
f Pw;(Z]2°)p(2°) dz°, which is computationally intractable. To
solve this issue, we consider maximizing a lower bound to the
sample log-likelihood, given by the negative reconstruction loss
compensated by the Kullback-Leibler (KL) divergence, as in VAEs
[33]:

Ly(Ejx) = _Ez~qw]¢(zv | fz; (fo(x))) [Iogpw;i(i | z")]
+ Dkt |40 (21 f5, oG 1p@)| . (19)

where the model p,,;(z|z°) is divided into an inference model
ot (2% ] fgvj (fp(x))) and a decoder pw;_; (z| 2z%) with the parameter

sets {wJ‘i, m}i}. p(z) = N(0,]) is a prior distribution, considered as
Gaussian.

In the optimization process of the j-th expert (E;), we also update
the parameters {w;, w;.l} on the samples from the memory buffer

using Eq. (18), which encourages to learn and recognizing compact
knowledge derived from the j-th expert. In the testing phase, the
sample log-likelihood is evaluated as the expert selection score for
a given testing sample Xiest as :

s* = argmax{—Lo(E;, Xtest) } » (19)
i=1,,j

where s* is the index of the selected expert for the given testing
sample x;¢s; and we employ the classifier to make the prediction

fqﬁs* (fg’s* (fo (Xtest)))).

3.8 Framework Implementation

The overall learning process for the proposed framework is shown
in Figure 1. We provide the detailed learning process as :

Step 1 (The expert construction process). In the initial learning pro-
cedure, we build the first expert {f;. fo,. Qo> 9o }. In the follow-
ing task learning (the j-th task learning), we build a new expert
{1z, fo, 90t q wjz} with the associated adaptive weights W/. We

also expand the dimension of the relation matrix w € RUJ) while
the augmented representation is formed using Eq. (8).

Step 2 (The memory optimization). If the memory buffer is not full
IMi] < |IM¢|™%*, we continually add new data samples into the
memory buffer; otherwise, we check the sample selection criterion.
If |M;| = |[M;]™*, we add the new sample into the memory buffer
using Eq. (17).

Step 3 (The parameter optimization). We update the parameter set
{1z, fo,- 9wssq w;z} of the current expert (E;) using the new data

batch X; and memorized samples using Eq. (3) and Eq. (18), respec-
tively. We also update the relation matrix and the adaptive weight
using Eq. (9).
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Table 1: The average accuracy calculated by various models
on standard continual learning benchmarks, as averages of 10
runs. The results of baselines are taken from [7] and [46, 64].

Methods CIFAR10 TinyImageNet CIFAR100
ER [50] 93.61 £ 0.27 48.64 £ 046 73.37 £0.43
GEM [39] 92.16 + 0.69 - -
A-GEM [10] 89.48 + 1.45 25.33 +£0.49 48.06 + 0.57
iCaRL [438] 88.22 + 2.62 31.55 + 3.27 -

FDR [6] 93.29 £ 0.59 49.88 £ 0.71 -

GSS [3] 91.02 + 1.57 - 57.50 = 1.93
HAL [9] 84.54 + 2.36 - 42.94 + 1.80
DER [7] 93.40 £ 0.39 51.78 + 0.88 -

ICL w Pure-MM [46]  99.68 - 96.35
DualPrompt [65] 98.12 - 93.76
L2P [66] 96.78 - 93.92
DER++ [7] 93.88 +£ 0.50 51.91 +£0.68 75.64 + 0.60

DER+++refresh [64] 94.64 + 0.38 54.06 = 0.79 77.71 £+ 0.85
KAMO 99.72 £ 0.46 92.05 + 0.42 97.86 + 0.37

4 Experiment

4.1 Experiment Setting

Dataset. In the experiments, we consider several standard datasets
used to evaluate the model’s performance. Specifically, we adopt
two popular continual learning paradigms, called Class Incremental
Learning (Class-IL) [25, 59] and Task Incremental Learning (Task-
IL). The main difference between Class-IL and Task-IL is that the
task identifications are known and provided during the inference
phase for the Task-IL setting. In addition, we divide each dataset
into several non-overlapping subsets, with each subset containing
data samples from several adjacent categories. As a result, we divide
CIFAR10 [34], CIFAR100 [34], and TinyImageNet [35] into 5, 10,
and 10 tasks, resulting in the Split CIFAR10, Split CIFAR100, and
Split TinyImageNet, respectively. The number of classes for each
task for the Split CIFAR10, Split CIFAR100, and Split TinyImageNet
is 2, 10, and 20, respectively.

Baselines. We compare the proposed approach with several popular
baselines, including Experience Replay (ER) [50], Gradient Episodic
Memory (GEM) [10], Averaged GEM (A-GEM) [11], iCaRL [48],
Dark Experience Replay (DER) [7] and DER+++refresh [64], Greedy
Sample Selection (GSS) [3]. In addition, we also consider the recent
state-of-the-art such as Interactive Continual Learning with Pure-
MM (ICL w Pure-MM) as the backbone [46], and Loss DEcoupling
(LODE) [38].

The hyperparameter configuration and GPU hardware. For all ex-
periments, we employ Adam [32] as the optimization algorithm,
which is used to train various models. We consider the learning
rate of 0.0001 and the default values for the other hyperparameters
of Adam. We set the number of training epochs as 100 for each task
learning. The experiments are performed using a Tesla V100 GPU
and we adopt the operating system as Ubuntu 18.04.5.

Network architecture and training details. According to the setting
from [7], most of the methods used in the experiments, including
ER, DER and GSS, adopt the ResNet18 [23] as the backbone for the
Split CIFAR10, Split CIFAR100 and Split TinyImageNet, respectively.
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Table 2: The average accuracy calculated by various models
on complex continual learning benchmarks. The results of
baselines are taken from [41].

Methods ImageNet-R CUB200 Cars
DualPrompt [65] 71.00 79.50 40.10
RanPAC [41] 77.90 90.30 77.50
L2P [66] 72.40 65.20 38.20
CODA-Prompt [55] 75.50 79.50 43.20
ADaM [71] 72.30 87.10 41.40
KAMD 78.92 91.05 79.02

Table 3: The training time (hours) of various models.

Methods Split CIFAR10 Split TinyImageNet Split CIFAR100

DER [7] 2.60 20.74 5.47
DER++ [7] 3.37 24.52 6.23
GEM [39] 6.53 42.20 30.21
KAMO 5.12 31.92 10.24

Recent CL models have explored a more powerful backbone, a pre-
trained ViT [17], to address network forgetting in continual learning
[46]. For a fair comparison, this paper also compares the proposed
approach with the current state-of-the-art (ICL w Pure-MM) [46]
that employs a pre-trained ViT as one of the components in the
continual learning system. For all methods, the number of training
epochs for Split CIFAR10, Split TinyImageNet and Split CIFAR100
is of 50, 100 and 100, respectively.

4.2 Comparisons on the Standard Benchmarks

In the experiment, we compare the proposed approach with differ-
ent types of continual learning methods, including the memory-
based, regularization-based and dynamic expansion methods. Ac-
cording to the setting from [7], we set the maximum memory size
as 500 for all memory-based methods. We train various models on
the Split CIFAR10, Split CIFAR100 and Split TinyImageNet, respec-
tively, and evaluate the model’s performance using the Class-IL and
Task-IL performance criteria. The average results of various models
on the Split CIFAR10, the Split CIFAR100, and Split TinyImageNet
are reported in Tab. 1.

4.3 The Results on Complex Datasets

In this section, we evaluate the performance of various models on
datasets with complex images. Specifically, we consider employing
the ImageNet-R [65], the Caltech-UCSD Birds (CUB200) [62] and
the Car196 [7], each of them containing samples from diverse cate-
gories. The classification results of various models on the complex
datasets are reported in Table 2, which shows that the prompt-based
continual learning methods achieve good performance on complex
datasets. In addition, the proposed KAMD achieves the best perfor-
mance compared to the state-of-the-art methods, demonstrating its
effectiveness on dealing with complex data in continual learning.
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Figure 3: The forgetting curve produced by various models.

4.4 Ablation Study

In this section, we construct a series of experiments to evaluate the
performance of the proposed framework under different configura-
tions.

The effect of the proposed graph structure. In order to investigate
the effectiveness of each proposed module in continual learning,
we consider creating several baselines. The first baseline is the
proposed KAMO framework that does not use the recursive ex-
pansion process, called the KAMO-NoRecursive while the second
baseline is the proposed KAMO framework that does not use the
relation matrix to regulate all previously learned representations,
namely the KAMO-NoRelation. The third baseline is the proposed
KAMO framework that does not use the dual attention mechanism,
namely the KAMO-NoDual. We employ the same hyperparameter
configuration to train the proposed KAMO, the KAMO-Recursive,
the KAMO-NoRelation, and the KAMO-NoDual on the Split CI-
FAR10. We provide the classification results in Figure 2a, which
show that combining all proposed mechanisms into a unified frame-
work achieves the best performance.

The computational complexity. We investigate the computational
complexity of the proposed framework and other baselines. The
training times (hours) of various models on the CIFAR10 are pre-
sented in Figure 2b, where 'Refresh’ denotes DER+++Refresh. From
the results, we observe that the proposed approach enjoys faster

training compared to other baselines, including GSS and DER+++Refresh.

The reason for this result is because the proposed approach only
updates the current expert with a few parameters while freezing
all previously learned experts, which is computationally efficient.

The forgetting analysis. We also investigate the forgetting effects of
various models in continual learning. Specifically, we train various
models on the CIFAR-10 and calculate the average classification
error on all previously learned tasks after each task switch. We
provide the results in Figure 3. The empirical results show that the
proposed approach almost does not suffer from forgetting effects

as the number of tasks increases. In contrast, other baseline models
gradually suffer from the increased classification errors over time,
leading to network forgetting.

The computation costs. We investigate the model’s complexity by
evaluating the computation costs during the whole training process.
Specifically, we compare the three most popular baselines, including
DER, DER++, and DEM, and the results are reported in Tab. 3. From
the results, we can observe that the DER and DER++ [7] enjoy a fast
training procedure due to their simple network architecture and
optimization algorithm. Compared to the GEM [39], the proposed
KAMO framework requires less training time. The main reason for
these results is that the proposed KAMO framework only updates
one expert with a few parameters at each new task learning, which
avoids considerable computational costs.

5 Conclusion

This paper proposes a novel dynamic expansion framework, en-
titled the Knowledge-Aware Memory Optimization (KAMO), to
deal with network forgetting in continual learning. We introduce
an expandable expert graph attention mechanism to regulate all
previously learned information in order to promote positive knowl-
edge transfer learning when learning new information. A novel
dual attention mechanism is proposed to promote the cooperation
between all previously learned and the currently updated experts
during training, further improving the model’s performance. The
empirical results on a series of datasets show that the proposed
approach achieves state-of-the-art performance.
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