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Abstract

Neural networks serve as the powerful foundation of modern Al, achieving remark-
able success in areas like vision, language, and robotics due to their ability to learn
complex patterns. However, they have a significant drawback: they are static. When
confronted with new data in a changing environment, they tend to forget previous
knowledge catastrophically. To learn a new task, they must be retrained from the
beginning, which is often inefficient and impractical. This is where continual learning
comes into play as a promising direction. Continual learning aims to enable models
to learn continuously from a stream of data without the need for retraining. But for
continual learning to transition from a lab concept to a real-world technology, it must
be scalable, which means that a model’s performance should not degrade catastroph-
ically as the number of datasets or the duration of learning increases. Scalability
can be broken down into three essential requirements: seamless retention of accuracy
(being task agnostic), robustness to heterogeneous data, and the ability to adapt
sustainably over the long term. Existing continual learning methods have limited
scalability as they primarily focus on accuracy preservation, often sacrificing other
requirements. Rehearsal and regularization methods help reduce forgetting by storing
past data or constraining weight updates. While they are task-agnostic, they strug-
gle with long-term accuracy and data heterogeneity. In contrast, structural methods
add components for new tasks and provide high accuracy but require manual task
annotations and are resource-intensive, making them unsuitable for long-term use.

Overall, existing methods struggle to meet all three requirements, which is the gap



this thesis aims to address.

This gap arises from three fundamental challenges presented by real-world data
streams. Current research primarily focuses on the first challenge: the issue of non-1ID
(Independent and Identically Distributed) data, which leads to catastrophic forget-
ting. This problem has not yet been sufficiently resolved to ensure seamless retention
of accuracy. The second challenge is that neural networks must manage the hetero-
geneity of datasets, which may vary in size, similarity, and complexity. Finally, to
support sustainable long-term adaptation, neural networks must be able to handle
incremental datasets. The goal of my PhD is to comprehensively tackle these chal-
lenges and facilitate scalable continual learning for neural network-based models, as

summarized below.

Addressing the first forgetting challenge of non-1ID datasets, I drew inspiration from
the neural reuse principle in the brain and introduced a parameter reuse algorithm
featuring task-agnostic parameter isolation to overcome catastrophic forgetting. This
algorithm involves isolating key neural network parameters by freezing their gradient
updates during training. It allows the remaining parameters to adapt to new data
while retaining previously acquired knowledge. I also extended this problem to the
more complex Continual Federated Learning setting, where data is non-1ID not only
over time but also across clients. This scenario introduces both temporal forgetting
and spatial bias. To address these issues, we developed FedDistill, which employs
group distillation to reduce bias for underrepresented classes and incorporates a hybrid

local-global architecture to combat forgetting.

Furthermore, to tackle heterogeneity in sequential datasets, this thesis introduces
a novel adaptive continual learning method. Specifically, it employs fine-grained
data-driven pruning to adapt to variations in data complexity and dataset size. It
also combines previously proposed task-agnostic parameter isolation to mitigate the
impact of varying degrees of catastrophic forgetting caused by differences in data

similarity. This study builds several challenging scenarios in which the data domains
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and classes are incremental and conducts experiments to test the performance of the

proposed algorithms.

Finally, to enable sustainable long-term adaptability over incremental new data, this
thesis analyzes model growth, in which a pre-trained neural network model grows in
parameters to cope with limited network capacity. However, improper model growth
can lead to severe degradation of previously learned knowledge, an issue this thesis
identifies and names as growth-induced forgetting (GIFt). I propose a novel sparse
model growth approach that employs data-driven sparse layer expansion and on-data
initialization to overcome the issue of GIFt while enhancing adaptability over new

data.
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Chapter 1

Introduction

1.1 Neural Networks: Advantages and Limitations

Neural networks (NNs), foundations of artificial intelligence, are strong computing
systems that learn by training offline on a balanced dataset. Neural network-based
models have had great success in recognizing images, helping with diagnoses, au-
tonomous driving, etc. Neural networks can be beyond human capacity in structured
scenarios. However, these systems have a critical flaw: they are inherently static.
When confronted with new data in a dynamic environment, they often experience
catastrophic forgetting [1.1| where they lose the knowledge and skills they previously
acquired. This phenomenon occurs because the models do not adapt or integrate
new information effectively; instead, they overwrite the old data when trained on
new tasks. As a result, to learn a new task, they must be retrained from scratch, a
process that is not only time-consuming but also resource-intensive. This inefficiency
limits the ability of these systems to operate in real-world scenarios where continual

learning and adaptation are essential for success.
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Figure 1.1: Catastrophic forgetting where a model learns task B and forgets task A

1.2 Scalable Continual Learning

To address this, we study Continual Learning (CL), aka lifelong learning and in-
cremental learning, to enable model to learn continually from a stream of datasets

without retraining [T111, 114 1T5] 87].

In comparison to multi-task learning and fine-tuning, continual learning is more ef-
ficient and practical. In dynamic environments, we cannot constantly gather and
shuffle data to retrain the model, as this approach is both inefficient and impractical.
Continual learning also allows for better generalization than relying on separate mod-
els for learning or fine-tuning. It is essential to retain both new and old knowledge
in a changing context. Additionally, an effective system should leverage related data
to facilitate inductive knowledge transfer. Continual learning can be applied to var-
ious scenarios with changing data distributions. For example, in video surveillance,
it enables the detection of incremental classes of targets, such as cars, animals, and
humans without helmets. In medical diagnosis, continual learning allows a model
to generalize continuously to different instruments, standard images, symptoms, and

cases from various hospitals, without the need to gather all the data for retraining.
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Figure 1.2: (c) Continual learning compared with (a) multi-task learning and (b)

finetuning.

For autonomous vehicles, this approach helps the model adapt to different environ-
ments, such as daylight and darkness, as well as different cities. In the inspection of

pipe robots, continual learning aids in generalizing to various pipe conditions.

In a continual learning scenario, we are given a sequence of usually non-1.I1.D. datasets
Dy, Dy, ... D,. Each dataset consists of a group of labeled data (X,Y") € D, where X
and Y are input variables and the corresponding output variables, respectively. It is
worth noting that, when accessing the current dataset D at time ¢, it is impractical

or impossible to access any previous or future dataset.

However, for continual learning to transition from a lab concept to real-world tech-
nology, it must be scalable, which means that the performance of a model should not
degrade catastrophically as the number of data sets or the duration of learning in-
creases. Scalability can be broken down into three essential requirements: (1) achieve
seamless accuracy retention, (2) be robust to dataset heterogeneity that may contain
variations in dataset size, similarity, and complexity, and (3) enable sustainable long-
term adaptation. We can visualize these three requirements in greater detail using a
five-dimensional radar chart Here, 'Task-Agnostic’ represents the seamlessness,

which means that the model learns and makes inferences without the need for any
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Figure 1.3: Radar chart for the three requirements of scalable continual learning.

manual task annotations or boundaries. The concept of 'Heterogeneity Robustness’
differs from Non-IID (not independently and identically distributed). While non-
IIDness refers to distribution shifts that lead to forgetting, heterogeneity is a broader
and more challenging issue. It encompasses variations in dataset size, similarity, and
complexity, which can result in uneven forgetting. For 'Resource Efficient.” This re-
quirement is essential for sustainability, signifying that the model should be efficient in
terms of memory and computational resources. Overall, achieving high performance

across all five of these axes is what defines truly scalable continual learning.

Existing approaches in this field often represent a compromise among various re-
quirements. Most of them prioritize accuracy preservation but tend to address only
part of the overall requirements at the expense of others. On one hand, rehearsal
and regularization methods help mitigate forgetting by either storing past data or
constraining updates to model weights. While these methods are task-agnostic, they
struggle with maintaining long-term accuracy and are not robust enough to handle
data heterogeneity. On the other hand, structural methods involve modularizing or
adding components to models for new tasks. These methods are generally accurate;
however, they require manual task annotations and can be resource-intensive, mak-
ing them impractical for long-term adaptation. In summary, existing methods face

challenges in simultaneously achieving all three key objectives, and this is the gap my
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Figure 1.4: Existing continual learning methods.

research aims to address.
To achieve scalable continual learning, several challenging issues need to be solved.

Sequential non-IID datasets: Due to distribution shifts among non-1I1D datasets,
learned knowledge will be forgotten in neural networks. This phenomenon is known
as catastrophic forgetting. To preserve learned knowledge seamlessly in a neural
network-based model without manual task annotations, we need to tackle this chal-

lenge and identify neural network parameters to preserve and reuse.

Datasets heterogeneity: Data with varying levels of heterogeneity can have dif-
ferent impacts on the learning process of neural networks. This heterogeneity can
manifest in several ways: the size of datasets can range from few-shot examples to
large-scale samples; the complexity of the data can differ based on the variety and
intricacy of features; and the similarity among data points can vary, making it chal-
lenging to distinguish task boundaries. To address these challenges, we need a more

adaptive approach that can respond to data heterogeneity in a data-driven manner.

Incremental data: Finally, facing incremental datasets, it is difficult to deter-

mine the corresponding model size. The mismatch between model capacity and data
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amount will affect the model’s performance and adaptability. To ensure sustainable
long-term adaptation, it is essential for us to select a suitable strategy for growing the
model structure. This approach should enhance the network’s long-term adaptability

while preserving the knowledge that has already been learned.

1.3 Research Framework
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Freshness Detection Detection Traffic Prediction
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Figure 1.5: The three-layer framework of the research on scalable continual learning.

In this section, we first introduce the research framework for enabling scalable con-
tinual learning in neural networks. Then, the key components and challenging issues
are discussed. Finally, we present our solutions to solve these problems. As shown
in figure [1.5], the research framework consists of technical layers and an application
layer. The bottom layers are the three technical layers to tackle the challenges and
enable scalable continual learning. The upper part of the research framework con-
sists of continual learning applications that have been used as use cases to apply the

underlying techniques.

It includes three layers of techniques from bottom to top. The first bottom layer

of techniques is used to enable task-agnostic accuracy retention in neural networks
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through task-agnostic freezing and group distillation. This layer contributes to over-
coming catastrophic forgetting and lays a foundation for scalable continual learning.
Then, based on the first layer, we further utilize techniques such as adaptive regen-
eration and data-driven pruning, which adaptively control parameter usage among
heterogeneous datasets in a data-driven way. Finally, we further propose to enable
long-term adaptability over incremental new data through sparse neural expansion
with on-data frozen initialization based on previous layers. The methods have been
applied to applications like type-incremental food freshness detection, generalization
of object detection, and multi-domain adaptation of traffic prediction to verify their

performance.

1.4 Research Scope

Given the above requirements and corresponding challenges to achieve scalable con-
tinual learning, the first and second work of this thesis mainly aims to solve the first
challenge, namely the catastrophic forgetting problem and bias problem of neural net-
work learning caused by sequential non-I1ID data. When encountering domain shifts,
neural network-based models suffer from performance degradation and need to retrain
from scratch to adapt to domain shifts incrementally. Therefore, incremental learning
is needed to adapt a model to domain shifts without retraining. Existing methods
using the parameter isolation technique perform well in incremental learning of new
domains without performance degradation. However, they cannot be directly adopted
as they store masks and require users to label the task to indicate task-specific pa-
rameters during inference, which is memory inefficient and cumbersome. We propose
a memory-efficient method to incrementally adapt to domain shifts in a fixed neural
network while retaining the accuracy of learned knowledge, named E-DomainIL. Our
method freezes learned parameters and allows reusing them later in training to avoid

interference between different domains. E-DomainlL. does not require task labels or
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storing masks as it uses all parameters during inference. We use data-driven pruning
to adjust the parameter ratio according to the dataset, thus maintaining the balance
between accuracy and parameter efficiency. In continual federated learning, to pre-
serve privacy and improve efficiency, we introduce FedDistill. This novel knowledge
distillation framework mitigates the forgetting of global knowledge in local models.
To address the issue of local imbalanced distributions, we propose group distillation,
a method that segments classes into groups based on their frequency in local datasets,
enabling targeted distillation that focuses on underrepresented classes. Additionally,
to prevent bias, we debias the local feature extractor by distilling local features using

the global classifier.

For the second contribution, we solve the challenge of dataset heterogeneity, which
may contain variation in dataset sizes, similarity, and complexity. Managing het-
erogeneous datasets that vary in complexity, size, and similarity in continual learn-
ing presents a significant challenge. Task-agnostic continual learning is necessary to
address this challenge, as datasets with varying similarity pose difficulties in distin-
guishing task boundaries. Conventional task-agnostic continual learning practices
typically rely on rehearsal or regularization techniques. However, rehearsal methods
may struggle with varying dataset sizes and regulating the importance of old and
new data due to rigid buffer sizes. Meanwhile, regularization methods apply generic
constraints to promote generalization but can hinder performance when dealing with
dissimilar datasets lacking shared features, necessitating a more adaptive approach.
We propose AdaptCL, a novel adaptive continual learning method to tackle hetero-
geneity in sequential datasets. AdaptCL employs fine-grained data-driven pruning to
adapt to variations in data complexity and dataset size. It also utilizes task-agnostic
parameter isolation to mitigate the impact of varying degrees of catastrophic forget-

ting caused by differences in data similarity.

My third contribution tackles the challenging issue of incremental data in a continual

learning scenario to enable long-term adaptability while being parameter-efficient as
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the number of datasets increases. In continual learning (CL), model growth enhances
adaptability over new data, improving knowledge retention for more tasks. How-
ever, improper model growth can lead to severe degradation of previously learned
knowledge, an issue we name as growth-induced forgetting (GIFt), especially in task-
agnostic CL using the entire grown model for inference. Existing works, despite
adopting model growth and random initialization for better adaptability, often fail to
recognize the presence of GIFt caused by improper model growth. This oversight lim-
its comprehensive control of forgetting and hinders full utilization of model growth.
We are the first in CL to identify this issue and conduct an in-depth study on the
root cause of GIFt, where layer expansion stands out among model growth strategies,
widening layers without affecting model functionality. Nonetheless, direct adoption of
layer expansion presents challenges. It lacks data-driven control and initialization of
expanded parameters to balance adaptability and knowledge retention. We propose
a novel sparse model growth (SparseGrow) approach to overcome the issue of GIFt
while enhancing adaptability over new data. SparseGrow employs data-driven sparse
layer expansion to control efficient parameter usage during model growth, reducing
GIFt from excessive growth and functionality changes. It also combines the sparse
growth with on-data initialization at training late-stage to create partially zero-valued
expansions that fit learned distribution, enhancing retention and adaptability. To fur-
ther minimize forgetting, freezing is applied by calculating the sparse mask, allowing

data-driven preservation of important parameters.

1.5 Thesis Organization

The rest of this thesis is organized as follows:

e Chapter 2| reviews existing work in scalable continual learning. This chapter
presents a systematic classification of approaches to addressing diverse chal-

lenges in the pursuit of scalable continual learning. It includes a comprehensive
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taxonomy of methods for mitigating catastrophic forgetting, a detailed classifi-
cation of task-agnostic continual learning methods for addressing dataset het-
erogeneity, and an in-depth examination of existing model growth strategies.
Additionally, it discusses methods for implicitly addressing growth-induced for-
getting.

e Chapter [3] introduces my first research contribution la that aims to overcome
catastrophic forgetting caused by non-iid data. We propose efficient domain-
incremental learning (E-DomainIL), a memory and parameter-efficient contin-
ual learning method for incremental domains, achieving the best performance
with fewer parameters. Our method freezes learned parameters and allows
reusing them later in training to avoid interference between different domains.
E-DomainlL does not require task labels or storing masks as it uses all parame-
ters during inference. This work considers neural network models in application
areas like IoT devices and proposes a memory-efficient method for IoT to incre-

mentally adapt to domain shifts in a fixed neural network.

e Chapter {4|introduces the research contribution 1b in a continual federated learn-
ing scenario, where there is spatial bias caused by non-iid data among local
clients, and temporal bias caused by non-iid data through time. Continual fed-
erated learning faces significant challenges due to the imbalanced data distribu-
tion across different local devices, often termed as non-IID challenges. Recent
studies have shown that while the global model tends to learn more generalized
representations, this knowledge is often forgotten during local training due to
this challenge. This forgetting leads to biases in local models, resulting in a
degraded global model with lower accuracy and communication efficiency. We
proposed a novel knowledge distillation framework that overcomes the spatial
and temporal bias caused by imbalanced data distribution. Our method uses
group distillation that segments classes into groups based on their frequency in

local datasets, enabling targeted distillation that focuses on underrepresented

10
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classes. Moreover, it applies local feature distillation that de-bias the local

feature extractor by distilling local features using the global classifier.

In Chapter 5, we introduce our second research contribution, AdaptCL, which is
a novel adaptive continual learning method designed to address the heterogene-
ity present in sequential datasets. AdaptCL employs fine-grained data-driven
pruning to adapt to variations in data complexity and dataset size. It also uti-
lizes task-agnostic parameter isolation to mitigate the impact of varying degrees
of catastrophic forgetting caused by differences in data similarity. Managing
heterogeneous datasets that vary in complexity, size, and similarity in contin-
ual learning presents a significant challenge. Task-agnostic continual learning
is necessary to address this challenge, as datasets with varying similarity pose
difficulties in distinguishing task boundaries. Conventional task-agnostic con-
tinual learning practices typically rely on rehearsal or regularization techniques.
However, rehearsal methods may struggle with varying dataset sizes and regu-
lating the importance of old and new data due to rigid buffer sizes. Meanwhile,
regularization methods apply generic constraints to promote generalization but
can hinder performance when dealing with dissimilar datasets lacking shared

features, necessitating a more adaptive approach.

In Chapter [6] we study how to enhance the long-term adaptability of neural
network models with model growth, over incremental new data. In continual
learning (CL), model growth enhances adaptability over new data, improving
knowledge retention for more tasks. However, improper model growth can lead
to severe degradation of previously learned knowledge, an issue we name as
growth-induced forgetting (GIFt), especially in task-agnostic CL using entire
grown model for inference. Existing works, despite adopting model growth and
random initialization for better adaptability, often fail to recognize the presence
of GIFt caused by improper model growth. This oversight limits comprehensive

control of forgetting and hinders full utilization of model growth. We are the

11
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first in CL to identify this issue, and conduct an in-depth study on root cause of
GIFt, where layer expansion stands out among model growth strategies, widen-
ing layers without affecting model functionality. Nonetheless, direct adoption of
layer expansion presents challenges. It lacks data-driven control and initializa-
tion of expanded parameters to balance adaptability and knowledge retention.
In this chapter, we propose a novel sparse model growth (SparseGrow) approach

to overcome the issue of GIFt while enhancing adaptability over new data.

e In Chapter [7 I present a summary of the research problems and contributions
addressed in this thesis. Additionally, I identify potential directions for future
research on the role of scalable continual learning in advancing artificial general

intelligence and enabling scalable self-learning in artificial intelligence.

12



Chapter 2

Literature Review

2.1 Tackling Catastrophic Forgetting

Existing strategies to alleviate catastrophic forgetting can be classified into activation
and penalization strategies. Activation strategies preserve the activation of old data,
while the penalization strategies penalize change of important parameters. Parameter
isolation is a class of hard penalization strategies that can be immune to catastrophic

forgetting by completely freezing learned parameters.

2.1.1 Activation Strategies

Methods in this category include rehearsal strategies as well as some regularization
methods that retain activation of old data. Activation strategies mitigate forget-
ting by activating the network with previous experience, requiring growing or fixed
memory power. For example, in [55, [75] [76] [77] samples are saved into the memory
for activation, or use GAN [03, 85] and autoencoder [39] to synthesizes learned data
to perform activation. More efficiently, [12], [13] leverages small episodic memory for

rehearsal, allowing the same or even better performance as GEM while being com-

13
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putationally and memory efficient. LwF [51] preserves responses of the network on
older tasks by using a distillation loss, which does not require the storage of older

training data.

Activation strategies can allow both backward and forward knowledge transfer and are
more scalable for growing datasets as they do not rely on network capacity growth.
However, activation strategies generally do not significantly mitigate catastrophic

forgetting [61]], especially for datasets with strong distribution shifts.

2.1.2 Penalization Strategies

Penalization strategies give hard or soft penalization to the change of important
learned knowledges. For some soft penalization methods, change in important pa-
rameters or descent of gradient is controlled and reduced with penalizations if it
causes a performance downgrade on prior tasks to suppress the forgetting of learned
knowledge. For instance, inspired by Bayesian Learning, in elastic weight consol-
idation (EWC) [41] the change of important parameters is preserved in terms of
the Fisher information matrix. P&C [81] compress learned knowledge and distill it
into knowledge base, and preserve its changes with EWC, while using active column
to progress new data. Using a Bayesian NN, CBLN [46] preserves distinctive pa-
rameters for different datasets for retaining performance. Similarly, [68] introduced
developmental memory (DM) into a CNN, continually growing sub-memory networks
to preserve important features of learned tasks while allowing faster learning. Each
sub-memory can store task-specific knowledge by using a memory loss function and
preserve it during continual adaptations. HAT [83] learns an attention mask over
important parameters. By aligning local representations, P-TNCN [66] replaces the
back-propagation method that descent steepest, punishing parameter updates to a

more generalized result, therefore mitigating catastrophic forgetting.

These methods can make trade-offs model capacity and catastrophic forgetting, but

14
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they are often inadequate facing strong distribution shifts.

Parameter-isolation based approaches Parameter isolation is a class of hard penaliza-
tion strategies that can be immune to catastrophic forgetting by completely freezing
learned parameters. Parameter isolation methods either separately model each task
with modularization or rigidly factorization the architecture into shared and task-

specific parts.

For instance, Progressive Neural Nets (PNNs) [80] statically grow the architecture
with equal size modules while allowing forward knowledge transfer through connec-
tions between them. PathNet [19] propose a giant modularized neural network that
has many possible paths from input to output. The network can choose which path
to use with given task or dataset label. Similarly, RPS-Net [72] modularize the net-
work into different paths, and progressively chooses optimal paths for the new tasks.
It combines a distillation loss for regularization and retrospection replay to further
reduce forgetting. CAT [38] mask used parameters and block gradients flow through
used units for dissimilar tasks. Task mask is stored according to task ID or label, and
need to be kept during test. Deep Adaptation Modules (DAM) [79] assign learning
of each domain to a fraction or the network, each fraction has the same percentage,
typically 13To make trade-offs between knowledge transfer and catastrophic forget-
ting, CLAW [2] adaptively identify which parts of the network to share in a data
driven way, and use trainable mask to flexible decide the shared part to adapt or
task-specific part to preserve. CLNP [22] and PackNet [61] use pruning to com-
promise between model sparsity and performance. PackNet prune the parameters
according to certain percentage of the number of parameters, while the CLNP prune
the parameters according to certain percentage of parameters’ highest value. After
pruning, the learned parameters are frozen and isolated while using new fractions for
learning new task. During inference, the parameters are selected according to given
task label. Reinforced Continual Learning RCL [96] adaptively expands each layer

using reinforcement learning, allow sharing parameter. Due to separation, task label
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is needed as input to indicate the parameters to use during test. PiggyBack [60] learn
binary masks that ”piggyback” on an existing fixed network. It adapts the network
to new task by learning trainable masks on network weights. There is no transfer of

knowledge, and the mask is kept during test given which task to perform.

By freezing and separating the learned parameters, parameter isolation methods are
proved [I7, 80] to be more forgetting-free and can achieve the highest overall perfor-
mance compared with other famous CL methods like iCaRL [75], GEM [55], HAT
[83], MAS [], replay methods with partial memory like GEM [55], EWC [41], and
LwF [51], etc.

Nevertheless, it has room for improvement. First, parameter isolation methods are
considered [I, B0] can only be applied in the task-incremental settings where the
task ID is given during inference but fail in domain incremental settings where what
dataset the model performs on is unknown during inference, which is due to im-
proper isolation strategies. Modularization and factorization create different paths
in the parameters for different datasets or tasks, and therefore during inference, the
neural network cannot determine which module and path should be selected by it-
self. Second, previous paths and modules are preserved without further modification,

preventing backward transfer of knowledge.

2.2 Tackling bias

2.2.1 Non-IID Federated Learning (FL)

Federated Learning, a paradigm for training models across decentralized datasets
without compromising privacy, faces significant challenges in non-iid scenarios. De-
spite FedAvg’s foundational role in FL [63], its performance degrades under non-iid

data distributions [I12]. Subsequent efforts to mitigate these challenges have bifur-
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cated into enhancing global aggregation [14, 52 [92] [I08] and refining local training
methodologies [64, 106, 37, 48]. While global-side improvements are constrained
by privacy regulations, leading to minimal data-driven modifications, local-side en-
hancements have flourished. Innovations like FedAlign[64] emphasize optimizing local
model generalization, while approaches like FedUFO[L06] and SCAFFOLD|37] intro-
duce mechanisms to foster client-agnostic feature learning and update calibration,
respectively. Notably, MOON[48] leverages contrastive learning to align local model
features with the global model, underscoring the evolving landscape of strategies

aimed at reconciling local and global learning objectives.

2.2.2 Forgetting in Non-iid Federated Learning.

The phenomenon of forgetting, borrowed from lifelong learning, has been recognized
in FL, particularly in the context of local training. [86] is among the first proposing
that forgetting might be an issue in non-iid Federated Learning. [44, 95| 3, 99] provides
different empirical results showing local models forgetting the generalization ability
from the global model during training. However, they didn’t analyze the reason why
this forgetting happens. In this paper, we argue that forgetting is incurred due to
insufficient positive update for the classes with few or no samples, surprising the local

model from retaining the generalization ability of the global model.

With different observations, approaches are proposed to alleviate the forgetting in
non-iid federated learning. [86l 25] proposed a regularization-based method that
prevents the parameter changes from the global model to the local model, which
limits the learning ability of the local model. FedNTD[44] proposed to use the global
model as the teacher to guide the local model with not-true distillation; FedRAD[90]
proposed to use the entropy of the global model as an indicator to adaptively adjust
the weight of knowledge distillation and cross-entropy. But both of them didn’t

consider the imbalanced nature of the local data distribution.
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FedCSD[99] proposed to use logit as guidance, where an additional logit prototype
for each class will be maintained through the training, an extra teacher model is also
needed to calculate the logit from the logit prototype to guide the training of the local
model. Both the logit prototype and teacher models need to be uploaded /downloaded
for each local training, bringing in extra communication overhead. Flashback[3] also
noticed the imbalanced data distribution across clients and used the label count as
the indicator of knowledge distillation, however, they rely on a global label count
estimation which requires the label count of clients from the last round, which brings
potential privacy concerns. In our paper, we don’t need any other information except
the global model on the local side and don’t upload any extra information except
the trained local model, which poses a more challenging question compared to other

methods.

FedReg[95] proposed to generate pseudo data on the local side that indicates the
biggest changes of prediction from the global model to the local model. This behavior

brings potential privacy concerns and burdens the local training process.

2.2.3 Federated Learning with local model de-biasing.

Apart from forgetting to describe the model inconsistency from the global model and
across client models, some researchers believe the local models are skewed by the
local data. [57] observe that the local model has parameter drift from the global
model the drift level of which decreases from the bottom layers to the top. With
this observation, they decompose the model into a feature extractor and classifier and
calibrate the biased classifier by single-regularizing the parameter drift of the classifier.
FedBR[24] takes local feature extractor de-biasing into consideration. FedBR designs
an adversarial learning framework on the local side, where a discriminator is trained
to discriminate the feature extracted from local and global models on pseudo data

while minimizing the distance between local and global features on local data. In our
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paper, we consider both feature extractor and classifier de-biasing without pseudo

data, by further leveraging the global model.

Given that most of the existing methods either ignore the importance of imbalanced
local data in local model forgetting or rely on extra information sharing, we proposed
FedDistill. Our contribution to this evolving field includes a novel decomposition of
knowledge distillation into three parts: true class, few-sample class, and rich-sample
class, directly addressing the challenge of imbalanced data distribution. Furthermore,
by decomposing both the global and local models, we apply KD in a manner that
effectively prevents drift from the global model to local models, ensuring a more
balanced and representative learning process. Notably, our method emphasizes im-
provements on the local side, without any additional communication overhead and

privacy concerns typically associated with global-side enhancements.

2.3 Tackling Heterogeneity

Continual learning methods are crucial tools in the field of machine learning, aiding
in the effective handling of tasks that evolve over time. The existing methods pri-
marily fall into three categories: rehearsal-based, regularization-based, and structure-
based. This section provides a detailed overview of these methods, highlighting their
strengths and limitations, particularly when applied to task-agnostic continual learn-

ing and the management of heterogeneous datasets.

2.3.1 Rehearsal-Based

These techniques seek to overcome catastrophic forgetting, a significant challenge
in continual learning, by replaying previous training data periodically. Early meth-
ods like GEM and A-GEM [55] [12] relied on storing a portion of past training data

and reusing it in future training phases. This approach has been further refined
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with the incorporation of generative models to create synthetic data distributions
for pseudo-rehearsals [53]. LwF [51] introduces knowledge distillation that utilizes
a teacher network to distil knowledge and soft targets to a student network while
training on new tasks, enabling retention of knowledge from previous tasks. Some
combine replay with knowledge distillation like Andrea et al. [78] keep a very small
buffer for highly informative samples and combine with distillation playback and
Jingyuan et al. [89] distils knowledge and replays experience from previous tasks
when fitting on a new task. ICaRL [75] adopts a combination of rehearsal and reg-
ularization through learning a compact and discriminative feature representation to
enable class-incremental learning. Similarly, [28] adopts a combination of rehearsal
and regularization that uses the nearest class mean (NCM) classifier on food image
classification dataset Food1k-100; the class mean of all data seen so far is estimated
by the online mean update standard during the training phase. PRE-DFKD[9] fur-
ther refines these strategies and proposes to rehearse the model using the data-free
knowledge distillation through the distribution of the previously observed synthetic

samples from a Variational Autoencoder (VAE).

Despite these advancements, rehearsing techniques face limitations when managing
datasets of varying sizes and maintaining the balance between old and new data.
However, with AdaptCL, the model allocates parameters based on the accuracy in a
data-driven way, allowing it to retain knowledge as parameter-level representations,

independent of the data volume.

2.3.2 Regularization-Based

These methods incorporate regularization techniques, such as weight decay or dropout,
to prevent catastrophic forgetting in neural networks when learning multiple tasks
sequentially. Inspired by Bayesian Learning, Elastic Weight Consolidation (EWC)
[41], B3] mitigates catastrophic forgetting by tracking changes using the Fisher In-

20



2.3. Tackling Heterogeneity

formation Matrix. [27] adopts knowledge distillation on augmented exemplars in a
class-incremental setting on food image classification. Selvarajah et al. [91] propose
an indicator loss that is associated with a distillation mechanism that preserves the
existing knowledge. Guanglei et al. [I00] introduce an attentive feature distillation
approach to mitigate forgetting. P&C [81] compress learned knowledge and distil it
into the knowledge base, and preserve knowledge with EWC while using the active
column to progress new data. Using a Bayesian neural network, CBLN [46] preserves
distinctive parameters for different datasets for retaining performance. Similarly,
[68] introduced developmental memory (DM) into a CNN, continually growing sub-
memory networks to preserve important features of learned tasks while allowing faster
learning. Each sub-memory can store task-specific knowledge by using a memory loss
function and preserve it during continual adaptations. HAT [83] learns an attention
mask over important parameters. SCML [88] proposes to learn a meta-learner for
updating a unified model than updating the weights inappropriately through the opti-
mizer. By aligning local representations, P-TNCN [66] replaces the back-propagation
method that descent steepest, punishing parameter updates to a more generalized

result, therefore mitigating catastrophic forgetting.

Despite the potential of regularization-based methods, they can face challenges when
handling heterogeneous datasets, especially those that are dissimilar and have few
shared features. While through parameter isolation in a data-driven manner, AdaptCL
can effectively adapt to datasets with varying levels of similarity, including dissimilar

ones.

2.3.3 Structure-Based

Structure-based methods are primarily employed in task-specific scenarios, and these
methods use parameter isolation to handle both similar and dissimilar domains effec-

tively. They divide the network into separate modules to mitigate interference during
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inference. While these techniques excel in managing catastrophic forgetting, they

present difficulties when directly applied to task-agnostic scenarios.

One approach, exemplified by Progressive Neural Nets (PNNs) [80], involves a static
growth of the architecture with equal-sized modules, allowing for forward knowledge
transfer between them. However, this method lacks a data-driven approach and re-
quires task-specific settings for subsequent tasks, limiting its flexibility. Another ap-
proach, represented by SILF [58], addresses parameter isolation by pruning unimpor-
tant parameters, isolating the important ones to mitigate forgetting. However, SILF
relies on manual pruning ratio setting instead of leveraging a data-driven approach.
Reinforced Continual Learning (RCL) [96] expands each layer using reinforcement
learning and enables parameter sharing. Nevertheless, this method necessitates task
labels as additional inputs during inference to determine the parameters to use. To
strike a balance between knowledge transfer and catastrophic forgetting, CLAW [2]
identifies which parts of the network should be shared or preserved for specific tasks.
PathNet [19] and RPS-Net [72] adopt a modularized network with multiple possible
paths from input to output. They choose specific paths based on tasks or dataset
labels. Additionally, RPS-Net includes a distillation loss and retrospection replay to
further minimize forgetting. CAT [38] masks used parameters and blocks gradient
flow through unused units for dissimilar tasks. Task masks are stored according to
task ID or label and need to be retained during testing. Other methods, such as
DAM [79], CLNP [22], and PackNet [61], leverage pruning to strike a balance be-
tween model sparsity and performance. DAM assigns learning of each domain to a
fraction of the network, typically with the same percentage (e.g., 13%). CLNP and

PackNet prune parameters based on specific percentages.

Notably, the power of structure-based parameter isolation methods like PackNet has
been demonstrated through recent advancements [I7] that have shown superior per-

formance compared to other continual learning methods [75], 55| 83] 14, 41, [51].

However, challenges persist, particularly when dealing with heterogeneous datasets
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in task-agnostic settings, which calls for more adaptive approaches. Our previous
work [IT3] priorly applied the structure-based parameter isolation method to the task-
agnostic scenario. However, its coarse-grained pruning resulted in limited adaptability
to the heterogeneity of dataset size and similarity, leading to sub-optimal accuracy.

Additionally, more adequate validation is needed on heterogeneous datasets.

2.4 Enlarging Model Capacity

At present, there are three kinds of model growth methods. One is the lateral con-
nection in width, the second is layer expansion in width, the third is growing in

depth.

2.4.1 Lateral Connection

Lateral connection grows new modules or layers in parallel with existing layers and

allows connections with previous layers.

For instance, Progressive Neural Nets (PNNs) [80] statically grow the architecture
with randomly initialized modules while retaining lateral connections to previously
frozen modules. However, this method is limited to specific simple networks. Schwarz
et al. [81] use randomly initialized active lateral columns (1x1 conv) to learn new
tasks by connecting them to lateral columns that store previous knowledge. They
also distill knowledge from the active column to knowledge base layers. This method
is applicable to Conv2d layers but is limited to specifically designed simple networks
and lacks generality. Zhang et al. [105] adopt AutoML-based model growing with
both lateral connections and in-depth growth. They also use knowledge distillation to
compress the model after learning a task. This method is applied to complex networks
like VGG. However, using AutoML or similar methods often requires defining the

layers for growth during the initial model definition, limiting its applicability. In-
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depth and lateral growth can also lead to more forgetting. Ardywibowo et al. [6]
propose VariGrow, which detects if a new task is arriving through an energy-based
novelty score. If the novelty score is high and the sample is ”detected” as a new
task, VariGrow grows a new expert module to handle it. Otherwise, the sample is
assigned to one of the existing experts that is most familiar with it. Unlike other
methods, VariGrow is task-agnostic continual learning and does not require task
identification during inference, making it suitable for class and domain incremental
continual learning. However, this method can prevent the update of old modules
when encountering similar data. In Hu et al. [31], given a new task ¢, a new branch
called the task ¢ expert is added while freezing existing experts. This is achieved
by introducing dense connections between the intermediate layers of the task expert
networks. Li et al. [50] propose a hybrid solution for lateral connection and layer
expansion, involving three operations: 'new’, 'adaptation’, and 'reuse’. The new’
operation introduces a randomly initialized 3x3 layer trained from scratch. In the
‘reuse’ strategy, existing frozen weights are reused. The ’adaptation’ strategy adds a
1x1 convolution layer in parallel to a 3x3 convolution layer, keeping the original 3x3
kernel fixed while learning the parameters of the 1x1 adapter. However, this hybrid

solution is limited to specially designed Conv2d networks and lacks generality.

2.4.2 Layer Expansion

DEN [102] uses layer expansion in a top-down manner, growing every layer if the loss
does not meet a threshold. Similar to DEN, Hung et al. [32] expand the number of
filters (weights) for new tasks. Moreover, they adopt gradual pruning to compact the
model. However, different from our sparse growing method, their pruning is not data-
driven, and their method requires manual help of task IDs during inference, making
it unsuitable for domain incremental or class incremental learning. Ostapenko et al.
[67] introduce Dynamic Generative Memory (DGM) and expand the same number of

neurons used in a layer in the generator of a GAN for the scalability of rehearsal. The
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scope of rehearsal is expanded. Geng et al. [20] expand the hidden size H for the
k-th task from Hj_; by the pruning ratio of task £ — 1. After random initialization,
on-data finetuning is performed for the newly added parameters. Yang et al. [101]
grow a randomly initialized expanded filter and concatenate it to the network. Xu
et al. [96] adaptively expand each layer of the network when the t-th task arrives.
This method is also applicable for simple convolutional networks and fully-connected
networks. Yan et al. [98] expand the model with new parameters by creating a
separate feature extractor F; for incoming data and taking a uniform distribution as

the prior distribution. This method is also applicable for class incremental learning.

2.4.3 In-Depth Growth

Some non-continual learning methods, such as Wen et al. [04] and Yuan et al. [104],
increase the depth of the neural network in the hidden layer to achieve faster conver-
gence and efficiency. Yan et al. [98] also increase the depth of the neural network in
the hidden layer to achieve faster convergence and efficiency. They use random initial-
ization, which can help escape from a bad starting point. Yuan et al. [104] propose a
budget-aware growing process that starts from a small, simple seed architecture and
dynamically grows and prunes both layers and filters to make the network wider and

deeper. They also adopt the initialization of ResNet or VGG.

In the field of continual learning, a few papers also utilize in-depth growth to increase
model capacity: Kozal et al. [42] add new layers on top of existing ones. Zhang et
al. [105] adopt AutoML-based model growing in both width and depth by adding
lateral layers and in-depth layers. They also use knowledge distillation to compress
the model after learning a task. Nevertheless, adding new layers in depth within the
neural network can have a profound impact on the model’s structure compared to
growing in width, leading to more severe growth-induced forgetting and altering the

learned features of previously acquired tasks. This effect undermines the network’s
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ability to retain prior acquired knowledge and, therefore, is not suitable for continual

learning.

2.4.4 Growth-Induced Forgetting

In this section, we explore the related works in overcoming growth-induced forgetting.

The issue of growth-induced forgetting might have been indirectly addressed in the
context of task-agnostic continual learning, where certain studies have focused on
preserving knowledge post model growth. Several studies in continual learning have
developed methods to handle model growth and maintain accuracy on previous tasks,
albeit without explicitly recognizing or referring to the phenomenon of growth-induced

forgetting.

Here, we focus on task-agnostic continual learning, excluding task-specific continual
learning, which relies on manual labelling of task IDs to assist machines in selecting

the model’s inference region, thereby bypassing growth-induced forgetting.

Existing task-agnostic continual learning approaches typically employ regularization
and rehearsal methods to mitigate the forgetting problem encountered by models.
For example, Madaan et al. [59] build on top of the distillation family of techniques
and modify it for a new setting where a weaker model takes the role of a teacher.
They propose Quick Deep Inversion (QDI) to recover prior task visual features to

enhance distillation.

Zhang et al. [105] use RWC to alleviate forgetting while employing knowledge distil-
lation for compression. Schwarz et al. [81] use Elastic Weight Consolidation (EWC)
to overcome forgetting caused by adding an active column. Ostapenko et al. [67]
expand the same number of neurons used in a layer in the generator of GAN for
the scalability of rehearsal. Ardywibowo et al. [6] propose a different method called

VariGrow. It detects if a new task is arriving through an energy-based novelty score.
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If the novelty score is high and the sample is "detected” as a new task, VariGrow
will grow a new expert module to be responsible for it. Otherwise, the sample will be
assigned to one of the existing experts who is the most ”familiar” with it. However,
this method has a drawback in that when encountering similar data, the old modules
cannot be updated with new data, which hinders knowledge reuse and propagation

between modules and is not parameter-efficient.

Similar to our approach’s task-agnostic freezing method, Yan et al. [98] freeze the
previously learned representation and augment it with additional feature dimensions

from a new learnable feature extractor.

27



Chapter 3

Research Contribution 1la:
Overcoming Catastrophic
Forgetting in Non-11D

Task-Agnostic Continual Learning

3.1 Introduction

Consider a household robot using a Deep Neural Network (DNN) model to identify
multiple objects. Changes in user requirements and environment such as from day-
light to nightlight may compromise the robot’s recognition ability due to domain shift
problem caused by changing data patterns. To overcome the performance degrada-
tion, existing DNN models in IoT need to retrain from scratch to adapt to domain
shifts incrementally. To fill this gap, incremental learning is needed to enable DNN
models in embedded systems and [oT units to perform incrementally with domain
shifts, rather than being trained from scratch each time new data is collected. How-

ever, when a model learns a new domain, it often forgets previously learned domain
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Figure 3.1: Overview of proposed domain incremental learning in an IoT scenario. It
incrementally adapts to domain shifts in a fixed neural network while retaining the
accuracy of all learned domains. After deployment, it can make inferences without

giving task labels of the domains.

knowledge and suffers from catastrophic forgetting problem.

Existing incremental learning methods using the parameter isolation technique are
promising as they are immune to catastrophic forgetting [I7, 8I] but cannot perform
well in a domain incremental learning setting. These methods prevent interference
between domains in the network by freezing learned parameters from gradient updates
during training and masking task-specific parameters for inference. However, by
isolating parameters into modules and storing task-specific masks during inference,
these methods consume high memory, and can only be applied in task-incremental
settings that require users to label the task during inference, which is cumbersome
and not applicable for many IoT applications. Moreover, many parameter isolation

methods such as PackNet [19], and PNN [80] give the same isolation ratio for each

dataset, which will affect the model accuracy, and is not very parameter efficient.
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We propose E-DomainlL, a memory-efficient method for IoT that incrementally adapts
to changing domains without task labels or storing masks during inference, as shown
in Figure[3.1] E-DomainlL uses task-agnostic parameter isolation that freezes learned
parameters and allows reusing them later in training to avoid interference between
different domains and uses all parameters without separation during inference. In
this way, the model does not require task labels to specify task-specific parameters
for inference. At the same time, inductive knowledge can transfer backward to help
increase the accuracy of similar previous domains. Furthermore, instead of manually
assigning the same ratio of parameters to each domain, we propose a data-driven
pruning strategy that adjusts the parameter ratio according to the dataset, ensuring
accuracy and parameter efficiency. We evaluate the E-DomainILL on several datasets
in a challenging domain-incremental setting, where the lack of task labels prevents
task-aware inference in the model. This setting requires merging output units into
a single-headed classifier with competing data of different domains, often leading to
more severe forgetting [I]. Our method outperforms the competing alternatives in

average accuracy, overcoming forgetting and parameter efficiency.

3.2 Related Works

Incremental Learning for IoT. In order to adapt to domain shifts incrementally
without forgetting the learned domains, existing studies [45 [I1], [74] store data of
previous domains explicitly or implicitly to shuffle all data to train from scratch or
rehearse past domain data during the learning of the new domain. Such methods
require more training time to consolidate previous domains during training of new

domains, and require more memory for storage.

Parameter Isolation. In the field of incremental learning, parameter isolation is
a tempting method for models to adapt to new domains while avoiding catastrophic

forgetting. By freezing the learned parameters during training, and and separating
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them during inference, parameter-isolation-based methods prevent the interference of
different domain in the network, and are are proved [I7, [80] to be forgetting-free and
can achieve the highest overall performance compared with other famous CL methods
like iCaRL [75], GEM [55], HAT [83], MAS [4], replay methods with partial memory
like GEM [55], EWC [41], and LwF [51], etc.

Parameter isolation methods are considered [I, 80] to be only applicable in task-
incremental settings where the task labels are given during inference but fail in
domain-incremental settings where which domain the model performs on is unknown
during inference. For instance, Progressive Neural Nets (PNNs) [80] statically grow
the architecture with equal size modules while allowing forward knowledge transfer
through connections between them. Reinforced Continual Learning (RCL)[96] adap-
tively expands each layer using reinforcement learning and allows parameter sharing.
Due to separation, task labels are needed as input to indicate the parameters to use
during inference. Deep Adaptation Modules (DAM) [79] assign learning of each do-
main to a fraction of the network; each fraction has the same percentage, typically
13%. CLNP [22] and PackNet [61] use pruning to compromise between model sparsity
and performance. PackNet prunes the parameters according to a certain percentage
of the number of parameters, while the CLNP prunes the parameters according to
a certain percentage of parameters’ highest value. After pruning, the learned pa-
rameters are frozen and isolated while using new fractions for learning a new task.
During inference, task masks are kept for selecting parameters according to given task
labels. CAT[38] mask used parameters and block gradients flow through used units
for dis-similar tasks. Task masks are stored according to task labels and need to be
kept during the test. PathNet [19] proposes a massive modularized neural network
with many possible paths from input to output. The network can choose which path
to use with a given task label. Similarly, RPS-Net [72] modularizes the network into

different paths and progressively chooses optimal paths for the new tasks.
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3.3 Methodology
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Figure 3.2: E-DomainlL training process. E-Domainll. can overcome catastrophic
forgetting through task-agnostic parameter isolation that freezes learned parameters
and allows reusing them later in training. During inference, it uses all parameters,
therefore does not require task labels or storing masks. Through data-driven pruning,
E-DomainlL can adjust the ratio of the parameters according to the data and maintain

a balance between accuracy and parameter efficiency. (Best viewed in color)

3.3.1 Problem setting and objective

We are given a sequence of datasets Dy, Do, ...D,, from different domains for a fixed
classification problem, each dataset consists of a group of labeled data (X,Y) € D,
where X and Y are input variables and the corresponding output variables, respec-

tively. A domain-incremental setting requires to optimize:

max Eyp[Ex,y)~p,[log pe(Y|X)]] (3.1)

where 6 identifies the parametrization of the network. Such a maximization problem
is subject to the incremental learning constraints: When accessing the current dataset
D at time t, it is impractical or impossible to access any previous or future dataset. We
aim to train a neural network with fixed memory and compute to learn continuously

from a sequence of datasets while retaining inference accuracy on learned datasets.
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3.3.2 Task-agnostic parameter isolation

Existing parameter isolation methods completely isolate parameters during training
and inference by freezing learned parameters from gradient update and masking task-
specific parameters for inference. We propose to freezes learned parameters and allows

reusing them later in training, but use all parameters during inference.

Given the training dataset D, a neural network with parameter W can be trained with

a back-propagation algorithm taking the cost J as the following equations [3.2][3.3]

JW) = % Xn: L(D:W) (3.2)
5
Whew =W — QW (3.3)

The L (D; W) for loss function, such as the classification of cross-entropy loss, and a

small value « called the learning rate.

For a neural network that consists of a set of parameters {W; : 1 <i < C'}, W, denotes
the parameter matrix at layers 7, and C' denotes the number of layers in this network.
For each fully connected layer, the corresponding parameter is defined as W; € R%*¢
in which ¢, is the output dimension and ¢; is the input dimension of each layer.
During the training of the new dataset, we set the gradient descent + > | L (D; W;;)

of previous parameters to 0 to suppress the change of learned knowledge.

To calculate the current parameter gradient to be frozen, a freeze mask MZ-’;- needs
to be updated after training each dataset. We utilize a unit step function S (z) to

obtain the masks according to the magnitude of parameters, as equation [3.4 and [3.5

0, <0
S(z) = (3.4)
1, >0
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My=8(Wyl), 1<i<c,1<j<q (3.5)

While training new data, the gradient of parameter update will be frozen with mask
Mi]; as in equation where o is an element-wise product operator. During test, all

parameters are used for inference.

J(Wy) = %zn:L(D;W) o M}, (3.6)

3.3.3 Data-driven pruning

We use data-driven pruning to assign different ratios of parameters according to the
datasets of different domains. For one dataset, data-driven pruning can find the
most suitable sparse network structure with pruning without harming accuracy. It
creates free parameters for learning new datasets without adding additional network
capacity, ensuring high parameter efficiency. For incremental datasets, data-driven

pruning enables similar datasets to reuse more of each other’s parameters.

Inspired by [54], we set a trainable threshold value t for each fully connected, recurrent
and convolutional neural network layer to separate pruned and retained parameters.
To achieve this, we add a sparse regularization term L, to the training loss that
penalizes the low threshold value. For each trainable masked layer with threshold
t, the corresponding regularization term is R = Y %, exp (—t;). Thus, the sparse

regularization term L for a neural network with C' trainable masked layers is:

L,=> R (3.7)

exp(—x) is used as the regularization function since it is asymptotical to zero as z
increases. Given the training dataset D, a sparse neural network can be trained

directly with a back-propagation algorithm by adding the sparse regularization term
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L, to the loss function as follows:

n

1
JW)=— L(D;W,t)+ L 3.8
W)=~ ; [L( ) + BL] (3.8)
where (3 is the scaling coefficient for the sparse regularization term, which can control
the percentage of parameters remaining. Therefore, data-driven pruning can find the
sparse structure in a trainable way that appropriately balances the model sparsity and
performance. Accordingly, the formula of masked gradient descent is also updated
as:

n

J(Wij) = = > [L(D;W,t) + BL] o M}, (3.9)

n <
=1

In each training step, we utilize the unit step function S(z) to obtain a binary pruning
mask MP according to the magnitude of parameters and corresponding threshold

values, as equation |3.10]
Msz:S(‘Wl]_tl| )7 1§i§6071§j§6i (310)

The corresponding element in the pruning masks M?;; will be set to 0 if W;j needs

to be pruned.

According to [54], a derivative estimation is needed to make the binary step function
S(x) in threshold vector t trainable via back-propagation. A long-tailed higher-order
estimator H(z) proposed by [97] is adopted for a balance of tight approximation and

smooth back-propagation.

2—4lz|] -04,<zx<04
—S(z)~ H(z) =1 04, 04 < |z <1 (3.11)

0, otherwise

The training flow of this method is shown in Algorithm [I} The threshold parameter
is initialized at the beginning of each new dataset training. Each gradient descent

step is frozen by the current freezing mask (if any) during training. At the same time,
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Algorithm 1 E-DomainlL, Training Flow

1: Require: weight of parameter W, threshold vector t is initialized with zero tensors.

2: for dataset d = 0, 1, 2,... do

3: for layer in the model do

4. Reset threshold t <— 0

5: end for

6: for epoch do

7Z for step do

8: update pruning mask MP;; < S (‘W” —til)
9: update pruned weight W <+ W o MP

10: for layer in the model do

11: update the loss L (-) < L (D; W, t) + BLs
12: end for

13: if d == 0 then

14: gradient descent J (W) <« % S L)
15: else

16: gradient descent with freeze masks J (W;;) + % S L()o ]\/Iifj
17: end if

18: end for

19: end for

20: update freeze mask ]Mf” «— S (|Wij5])

21: end for

Table 3.1: The number of training dataset and testing dataset sample splits used in

the datasets.

‘ MNIST Variant | DomainNet ‘ Food Safety

‘ Dataset A Dataset B Dataset C ‘ Dataset A Dataset B Dataset C ‘ Dataset A Dataset B

‘ MNIST Permute MNIST Invert MNIST ‘ Sketch Quickdraw Clipart ‘ Apple Bread
Train Set 60000 60000 60000 4607 2100 1163 55 91
Test Set 10000 10000 10000 400 200 100 57 93

the threshold parameter is calculated and updated at each step of backpropagation

to update the pruning mask and realize data-driven pruning step by step.

3.4 Experiments

3.4.1 Datasets

Following the domain-incremental setups, our method is evaluated on two sequences
or benchmark datasets, MNIST and DomainNet, and a use case dataset, Food Safety

datasets.
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MNIST Variants DomainNet
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Figure 3.3: Examples of MNIST Variants and DomainNet.

Dataset B

MNIST Variants: To preliminarily verify our model, we select MNIST, Permuted
MNIST, and Inverted MNIST datasets to form an MNIST Variants sequence in a
domain-incremental setting: {MNIST, Permuted MNIST, Inverted MNIST}. The
three datasets of different domains, with no data overlap among them. The datasets
each consist of 70,000 images of handwritten digits from 0 to 9 of size 32 x 32. In
each dataset, 60,000 images are used for training and 10,000 for the test, as listed in
Table B.1l

e MNIST [43] consists of 70,000 binary images of handwritten digits from 0 to 9.

e Permuted MNIST [23] is a variant of MNIST that performs a fixed random
permutation of the pixels of the MNIST digits. It also includes the same number

of handwritten numbers.

e Inverted MNIST is another variant of the MNIST dataset that changes the color
of the MNIST image from black to white and from white to black.

DomainNet: To further validate our method, we selected DomainNet [70] datasets
that are more complex and close to real-life data, with varying amounts of data and
stronger domain shifts. The DomainNet dataset consists of image data from six dis-

tinct domains, each with a different amount of data, including real photos, paintings,

37



Chapter 3. Research Contribution la: Overcoming Catastrophic Forgetting in
Non-IID Task-Agnostic Continual Learning

clipart, infograph, QuickDraw, and sketches. There are 48K - 172K images cate-
gorized into 345 classes per domain. Following the domain-incremental setting, ten
categories are selected from the Sketch, Quickdraw, and Clipart domains as datasets

to form a sequence with the number of data shown in Table

Food Safety: The Food Safety datasets was used to verify our solution as a real-life
IoT application case. The Food Safety datasets consists of Apple and Bread images
with their freshness score. The freshness grading is scaled from 0 to 4, 0 indicating
total corruption and 4 for total freshness. The apple dataset contains 57 total apple
images, while the bread dataset contains 93 total bread images. Due to the small
amount of data, we compromised some overlaps when dividing the training and test

datasets, as shown in Table

3.4.2 FEvaluation metrics

For a principled evaluation, we adopt the evaluation metrics from GEM[55]. We
consider access to a testing dataset for each of the D domains. After the model
finishes learning about the domain t;, we evaluate its test performance on all T
domains. By doing so, we construct the matrix R € R™ where R;; is the test
classification accuracy of the model on the domain ¢; after observing the last sample
from domain t;. Letting b be the vector of test accuracies for each task at random

initialization, then we have:

e Average Accuracy: ACC = %ZL Rr;

e Backward Transfer: BWT = ﬁ Z;‘F:_ll (Rr; — Ri;)

e Forward Transfer: FWT = ﬁ Z;‘F_Zl Ri1,— b;
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3.4.3 State-of-the-art baselines

To validate the effectiveness of our method in alleviating forgetting and enabling
knowledge transfer, we compared our model with the following described state-of-

the-art algorithms.

e Separated model learning (SML): Separate models are trained for every
task, achieving the highest possible accuracy by dedicating all the network re-
sources to that single dataset. In this case, there is no inductive knowledge

transfer or catastrophic forgetting.

e SGD[10]: A traditional model used in IoT trained with stochastic gradient

descent.

e EWCI]: A representative model for the regularization method, utilizing the

Fisher information matrix as a quadratic penalty.

e PackNet[6I]: This model also uses the pruning technique; it freezes learned

parameters and uses free parameters for learning new data.

3.4.4 Implementation details

We apply the methodology to ResNet-18[29] architecture for the experiments. ResNet-
18 contains approximately 11.17 million parameters with parameter size 42.62 MB.
We used Pytorch[71] and Torchvision[62] libraries to implement neural networks. All
of the training images were scaled and normalized before training as preprocessing.
Identical processes were applied to the test images. The optimizer was stochastic
gradient descent (SGD), with a 0.001 learning rate, 0.9 as the momentum value, and

Nesterov Accelerated Gradient for regularization.

To guarantee completely reproducible results, we set seed value as 5 for the random

function of Numpy, python Random, Pytorch, Pytorch Cuda, and set Pytorch back-
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ends Cudnn benchmark as False, with Deterministic as True, configuring PyTorch to
avoid using nondeterministic algorithms for some operations, so that multiple calls

to those operations, given the same inputs, will produce the same result.

Algorithm [2| shows the learning procedure of E-DomainlL.. We keep all the settings

the same for our method and the baselines.

For Separated model learning, we use one network for training on every single dataset

and do not finetune it on other datasets.

For naive settings with SGD, we simply finetune the network on each new dataset

without any network change.

To implement EWC, the Fisher information matrix was tracked using training data
from previous tasks. Before starting the training, the network copied its weight values
and compared them with current weights, considering the Fisher matrix. We used

EWC hyper-parameter A as 0.3 and 1.

For PackNet, we implement it in a domain-incremental setting that merge output
units into a single-headed classifier, marked as PackNet* in this chapter. We train
the same epochs as other methods rather than using a pre-trained model. We select
ten epochs of sparse training after pruning, as the setting mentioned in its paper. We

prune 1/3 of the network for training on each dataset.

3.5 Results and discussions

The performance of our method and other baselines is summarized in tables. We
report the average accuracy (ACC), backward knowledge transfer (BWT), and for-
ward knowledge transfer (FWT) for MNIST Variants, DomainNet, and Food Safety
dataset sequences. E-DomainlL. outperforms incremental learning baselines on ACC

and BW'T of all dataset sequences.
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Table 3.2: Average accuracy ACC (%), backward knowledge transfer BWT (%),
forward knowledge transfer FWT (%) and used parameters of E-DomainlL and other
baseline methods evaluated on MNIST Variants.

MNIST Variants

Methods ACC BWT FWT Used Params (x107)
SML 98.89 - - 3.3518
SGD 75.48 -35.09 0.55 1.1174
EWC (\=0.3) 71.07 -41.71 1.87 1.1174
EWC (A=1) 7532 -35.38 0.95 1.1174
PackNet* 84.09 -22.18 0.93 1.1174
E-DomainlL 96.37 -2.744 2.81 0.5130

Specifically, as shown in Table [3.2] for the MNIST Variants, E-DomainIL improves
the network average accuracy ACC by 27.68% and the ability to alleviate forgetting
BWT by 92.18%. It outperforms PackNet* and EWC in ACC and BWT. Compared
with separated model learning (SML), where separate models are trained for every
task, achieving the highest possible accuracies by dedicating all the network resources
for that single dataset with no catastrophic forgetting, E-DomainlL. almost matches
its ACC using only about a quarter of SML’s parameters. As can be seen from
Figure [3.4], the method can effectively overcome catastrophic forgetting through task-
agnostic parameter isolation. In the training process of dataset B (20-40 epochs),
the test accuracy of dataset A is improved with data-driven pruning, indicating that

pruning may promote model generalization to some extent.

For DomainNet sequence in Table [3.3] E-Domainll. improves the network perfor-
mance by 18.14% in average Accuracy and 47.92% in backward transfer. With fewer
parameters, it beats the PackNet* and EWC in ACC and BWT. It still has some gaps

in ACC compared with SML, as DomainNet data is more complex and has more sig-
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Train on Dataset A Train on Dataset B Train on Dataset C

0 10 20 30 40 50 60

T

=
=]

Dataset A
o
w

=
o

Test Accuracy
Dataset B
o
w

—
0 10 20 30 40 50 60

=
=]

—— SGD

— EWC

—— PackNet*
—— E-DomainiL

Dataset C
o
w

30 40 50 60
Epochs

Figure 3.4: Visualization of test accuracy on three MNIST Variant datasets during

training using SGD, EWC, PackNet*, and E-DomainIL. (Best viewed in color)

nificant domain shifts than MNIST. From the Figure|3.5] our method can significantly
inhibit catastrophic forgetting, but due to the limit of the number of parameters, the
learning speed of new datasets will be affected. This is due to the improper selection
of the hyperparameter 3, which leads to a large proportion of network sparsity in
the loss function. On the other hand, the network’s learning ability is also limited
by its capacity. Since our algorithm is stepwise, the selection of hyperparameters is
influenced by the training iteration, which is related to the number of images in the
dataset. In the future, we will change the training hyperparameters according to the

dataset to better adapt to different types of datasets.

As shown in Table [3.4] when evaluated on the Food Safety dataset, E-DomainlIL has
a positive backward knowledge transfer of 1.075%. By referring to Figure [3.6] we can
see that with E-DomainlL, the learning of dataset B can slightly improve dataset A’s
accuracy. Due to the limited number of parameters, our method does not achieve the
same accuracy as training SML with separate models, but it can achieve approximate

accuracy using only about % of the total parameters of SML.

The results show that through task-agnostic parameter isolation, neural networks can
overcome forgetting to a great extent without the need for task labels. Furthermore,

with data-driven pruning, the accuracy of the model learning dataset is improved,
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Table 3.3: Average accuracy ACC (%), backward knowledge transfer BWT (%),

forward knowledge transfer FWT (%) and used parameters of E-DomainIL and other

baseline methods evaluated on DomainNet.

DomainNet
Methods ACC  BWT FWT Used Params (x107)
SML 57.75 - - 3.3518
SGD 36.75  -36.00 9.25 1.1174
EWC (\=0.3) 37.17 -36.62 7.75 1.1174
EWC (\=1)  37.75 -37.25 17.50 1.1174
PackNet* 39.25 -31.50 4.75 1.1174
E-DomainIL 43.42 -18.75 1.25 0.4323
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Figure 3.5: Visualization of test accuracy on three DomainNet datasets during train-

ing using SGD, EWC, PackNet* and E-DomainIL. (Best viewed in color)

43



Chapter 3. Research Contribution la: Overcoming Catastrophic Forgetting in
Non-IID Task-Agnostic Continual Learning

Table 3.4: Average accuracy ACC (%), backward knowledge transfer BWT (%),
forward knowledge transfer FWT (%) and used parameters of E-DomainlIL and other

baseline methods evaluated on Food Safety datasets.

Food Safety

Methods ACC BWT FWT Used Params (x107)
SML 98.92 - - 3.3518
SGD 7742 -43.01 36.84 1.1174
EWC (A\=0.3) 7547 -45.16 36.84 1.1174
EWC (A=1)  76.34 -45.16 36.84 1.1174
PackNet* 89.45 -17.20 28.07 1.1174
E-DomainIL 95.95 1.075 40.35 0.5600
Train on Dataset A Train on Dataset B

\/ ¥<
«0.75

Test Accuracy

— SGD
— EWC

—— PackNet*
—— E-DomainiL
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Figure 3.6: Visualization of test accuracy on Food Safety datasets during training

using SGD, EWC, PackNet*, and E-DomainlL. (Best viewed in color)
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and more parameters are saved.

3.6 Chapter Summary

We propose E-DomainlL, a memory-efficient method for IoT systems that enables
incremental learning of domain shifts in a fixed neural network. Our method uses
task-agnostic parameter isolation to learn domains incrementally while retraining the
accuracy of learned domains without requiring additional task labels. It uses data-
driven pruning to adjust the parameter ratio according to the dataset, thus more
parameter efficient than existing methods. E-DomainlLL has shown outstanding per-
formance in experiments, supporting maximum accuracy using half the parameters.
Our method is a general design, and we can easily adopt it for several IoT scenarios
such as smart homes, autonomous vehicles, smart manufacturing, wearable devices,

etc.

45



Chapter 4

Research Contribution 1b:
Overcoming Catastrophic
Forgetting in Non-11D
Task-Agnostic Continual Federated

Learning

4.1 Introduction

In the era of data-driven decision-making, Internet of Things (IoT) has become an im-
portant data source due to the wild deployment of mobile devices and [oT equipment.
However, traditional centralized machine-learning training is limited due to privacy
constraints [56]. To this end,Federated Learning (FL) has emerged as a pivotal tech-
nology, enabling collaborative on-device model training across multiple devices while
preserving data privacy. This approach not only enhances user privacy but also fa-

cilitates the utilization of decentralized data sources, making it a cornerstone for the
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Figure 4.1: (a) Impact of imbalanced class distribution on a model’s gradient up-
dates. Gradient changes in a neural network across four scenarios (sl, s2, s3, s4)
for ten classes (Class ID 0-9). The bars indicate gradient magnitudes, with colors
representing different scenarios. Significant gradient increases for classes 3 and 9 in
s2 and s4 point to shifts in learning focus due to class imbalance. (b) Training on
a balanced dataset, the model shows no bias towards any classes. After training on
an imbalanced dataset (c), the model exhibits a clear bias with significantly varied
probabilities for each class. The elevated probability for certain classes suggests that
the model has become more confident in these classes likely due to their overrepre-
sentation in the training data. Conversely, the reduced probability for other classes
indicates a loss of confidence, which can be interpreted as the model ‘forgetting’ or

failing to recognize these underrepresented classes.

next generation of machine learning applications, such as medical image processing

[73], cybersecurity [21], and edge computing [T107].

Despite its potential, FL faces critical challenges in achieving uniform model per-
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formance and generalization, particularly when dealing with non-independent and
identically distributed (non-iid) data across different devices. This heterogeneity in
data distribution leads to significant disparities in local model performance, as the
local objective functions diverge from the global objective, pushing the aggregated
global model away from the optimal solution. This often induces lower accuracy and
communication efficiency of the model, more communications are required to achieve
target accuracy. The non-iid problem is not only theoretical but exists in many FL

applications [34], potentially compromising the efficacy of FL systems.

We first train a basic model with resnet18 on dataset ’s1’” with five epochs, and train
another five epochs on ’s1’, ’s2’, ’s3’, ’s4’ respectively. The blue, orange, green and
red bar denotes the four datasets respectively. The dataset ’s1’, ’s3’ are subset of
CIFARI10 with all classes. The dataset ’s2’, 's4’ are subset of CIFAR10 with classes 3
and 9 removed. The bar demonstrate the gradient of the corresponding class to the
classifier, which is Vw;. From the graph, we can see that when a class is removed,
it will show a completely different update direction. But if it’s trained in a balanced

distribution, there are no certain trends.

Several strategies have been proposed to mitigate these issues. The majority of at-
tempts focused on designing alternative of raw data for sharing, e.g., parameter-
sharing [57], feature sharing[106], pseudo data sharing [24], and distribution statistics
sharing [3]. While these approaches aim to enrich local models with broader insights,
they inherently increase communication costs and raise privacy concerns, as they ne-
cessitate additional data or metadata exchange across the network. Another stream
applying generalization theories [64], proposing that enhancing the generalization ca-
pability of local models could indirectly address the non-iid challenge. Yet, without
direct access to knowledge of the global data distribution, these generalization efforts

often fall short, providing limited improvements in overall model performance.

In response to these limitations, the global model gained attention, since in the default

FL setting, the global model will be distributed to each client, and has not been
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utilized other than an initialization of local models. Although global models are
often more generalized than locals [48], this ability is often biased [57] or forgotten
[44, ©95]. They termed this phenomenon as local model forgetting, often considered
a degradation in the ability to accurately predict underrepresented classes over time.
By mitigating the local model forgetting, they observe an increment of top-1 accuracy
and communication efficiency, making it an important challenge in non-iid FL [44]

95, 186, [3, [99).

In response to this challenge, the concept of utilizing the global model as a teaching
mechanism for local models has emerged [82]. This approach leverages the more gen-
eralized nature of the global model, aiming to guide local training without the direct
exchange of data. However, the effectiveness of such knowledge transfer is markedly
reduced in the presence of imbalanced local data distributions. Recent studies have
shown the importance of considering the imbalanced data distribution during the dis-
tillation [3| [90], but additional information from other clients is required. Given the
challenges posed by non-IID data distributions in FL, particularly the phenomenon

of model forgetting in local models, we ask:

How can we effectively leverage the global model to enhance the learning and general-
1zation ability of local models in a federated learning system without extra information

sharing?

This study delves into the phenomenon of local model forgetting in the context of
non-iid data distribution. Our investigation reveals that the core of the forgetting
issue is primarily rooted in the skewed distribution of local data, where certain classes
are represented by fewer samples than others. Such an imbalance leads to insufficient
“positive update” during the training process, meaning that the model does not
receive enough reinforcement to accurately learn and retain information about these

sparsely represented classes.
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Figure illustrates the effects of imbalanced class distribution on gradient updates
within FL context, using the ResNet-18 architecture trained on CIFAR10 dataset vari-
ations. We observe the model’s performance across four different training scenarios:
“s1” and “s3” datasets, which include all classes, and “s2” and “s4” datasets, from
which class 3 and 9 are removed intentionally to simulate imbalanced class distri-
bution. The analysis of gradients—specifically, how they change in response to the
absence or presence of certain classes—reveals that removing classes leads to signifi-
cant shifts in the model’s learning focus. This is depicted through divergent gradient
updates for class 3 and 9, indicating the model’s “forgetting” or loss of ability to
generalize to those classes that became underrepresented or absent in the training

data.

Following the initial observations, our investigation delves deeper into the mechanisms
behind these shifts in learning focus. By analyzing the probability outputs for each
class before and after training on both balanced (“s1”, “s3”) and imbalanced (“s2”,
“s4”) datasets as shown in Figure , we gain insights into how the model’s predictive

confidence is affected by the presence or absence of certain classes.

These two experiments demonstrate that the absence of samples for specific categories
will bias local models in non-iid FL through gradients, leading to the local model
forgetting. This analysis not only confirms the impact of imbalanced datasets on the
learning process but also underscores the necessity of addressing this challenge to

prevent the degradation of model generalization in FL environments.

We propose a new learning framework, FedDistill, designed to enhance knowledge
transfer from the global model to local models in FL, effectively addressing the issue

of imbalanced class distribution.

This approach integrates group distillation with a novel de-biasing approach for the
local classifier and feature extractor, targeting the root causes of the ‘forgetting’

phenomenon in local models. We introduce group distillation, a strategy that seg-
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ments classes into categories based on their sample abundance in local datasets. This
categorization enables a targeted distillation process, where knowledge transfer is cus-
tomized to bolster the learning of few sample classes, ensuring they receive adequate
attention and reinforcement. Furthermore, the global model is decomposed into two
components: a feature extractor and a classifier so that local models can learn more
effectively from the global knowledge. The feature extractor part of the global model
helps local models learn generalized representations of the input data, while the clas-
sifier part assists in accurately predicting the class labels. We design a new way of
de-bias these two parts, which is improving the generalization ability of local feature
extractor and classifier with two additional loss. By leveraging the global model as
a more effective teacher through group distillation and strategic decomposition, we
enable local models to retain their generalization ability over time. This approach
mitigates the adverse effects of data imbalance, ensuring that local models do not
forget underrepresented classes but instead become more adept at recognizing and

classifying them accurately.

Our contributions are as follows:

e To the best of our knowledge, this is the first in-depth study to identify and
analyze the main reason behind the forgetting in local models within the FL
framework. We demonstrate that the core issue is the insufficient positive up-
dates for classes with few or no samples during local training, leading to an
imbalanced classifier that significantly limits the model’s generalization capa-

bilities.

e We introduce a new learning framework, FedDistill, that incorporates group
distillation, tailored to local data distribution, and a novel approach to de-bias
the decomposed local model. This solution is designed to optimize the guidance
provided by the global model to local ones, specifically addressing the imbalance

in class representation without introducing extra communication overhead or
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privacy concerns.

e Through extensive experiments, we comprehensively analyze the efficacy of our
proposed components. Our empirical studies on commonly used benchmark
datasets reveal that our method achieves state-of-the-art performance, signifi-
cantly mitigating the forgetting issue and enhancing model generalization across
diverse classes. In addition, our method shows a higher communication effi-

ciency against all baselines.

4.2 Related Works

Non-IID Federated Learning (FL). Federated Learning, a paradigm for train-
ing models across decentralized datasets without compromising privacy, faces sig-
nificant challenges in non-iid scenarios. Despite FedAvg’s foundational role in FL
[63], its performance degrades under non-iid data distributions [112]. Subsequent ef-
forts to mitigate these challenges have bifurcated into enhancing global aggregation
[14, 52, 92, 108] and refining local training methodologies [64, 106], 37, 48]. While
global-side improvements are constrained by privacy regulations, leading to mini-
mal data-driven modifications, local-side enhancements have flourished. Innovations
like FedAlign[64] emphasize optimizing local model generalization, while approaches
like FedUFO[106] and SCAFFOLD|37] introduce mechanisms to foster client-agnostic
feature learning and update calibration, respectively. Notably, MOONJ[4§| leverages
contrastive learning to align local model features with the global model, underscoring
the evolving landscape of strategies aimed at reconciling local and global learning

objectives.

Forgetting in Non-iid Federated Learning. The phenomenon of forgetting, bor-
rowed from lifelong learning, has been recognized in FL, particularly in the context of

local training. [86] is among the first proposing that forgetting might be an issue in
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non-iid Federated Learning. [44] 053] [3, 99] provides different empirical results show-
ing local models forgetting the generalization ability from the global model during
training. However, they didn’t analyze the reason why this forgetting happens. In
this paper, we argue that forgetting is incurred due to insufficient positive update
for the classes with few or no samples, surprising the local model from retaining the

generalization ability of the global model.

With different observations, approaches are proposed to alleviate the forgetting in
non-iid federated learning. [86l 25] proposed a regularization-based method that
prevents the parameter changes from the global model to the local model, which
limits the learning ability of the local model. FedNTD[44] proposed to use the global
model as the teacher to guide the local model with not-true distillation; FedRAD[90]
proposed to use the entropy of the global model as an indicator to adaptively adjust
the weight of knowledge distillation and cross-entropy. But both of them didn’t

consider the imbalanced nature of the local data distribution.

FedCSD[99] proposed to use logit as guidance, where an additional logit prototype
for each class will be maintained through the training, an extra teacher model is also
needed to calculate the logit from the logit prototype to guide the training of the local
model. Both the logit prototype and teacher models need to be uploaded /downloaded
for each local training, bringing in extra communication overhead. Flashback[3] also
noticed the imbalanced data distribution across clients and used the label count as
the indicator of knowledge distillation, however, they rely on a global label count
estimation which requires the label count of clients from the last round, which brings
potential privacy concerns. In our paper, we don’t need any other information except
the global model on the local side and don’t upload any extra information except
the trained local model, which poses a more challenging question compared to other

methods.

FedReg[95] proposed to generate pseudo data on the local side that indicates the
biggest changes of prediction from the global model to the local model. This behavior

23



Chapter 4. Research Contribution 1b: Overcoming Catastrophic Forgetting in
Non-IID Task-Agnostic Continual Federated Learning

brings potential privacy concerns and burdens the local training process.

Federated Learning with local model de-biasing. Apart from forgetting to de-
scribe the model inconsistency from the global model and across client models, some
researchers believe the local models are skewed by the local data. [57] observe that
the local model has parameter drift from the global model the drift level of which
decreases from the bottom layers to the top. With this observation, they decompose
the model into a feature extractor and classifier and calibrate the biased classifier by
single-regularizing the parameter drift of the classifier. FedBR[24] takes local feature
extractor de-biasing into consideration. FedBR designs an adversarial learning frame-
work on the local side, where a discriminator is trained to discriminate the feature
extracted from local and global models on pseudo data while minimizing the distance
between local and global features on local data. In our paper, we consider both fea-
ture extractor and classifier de-biasing without pseudo data, by further leveraging the

global model.

Given that most of the existing methods either ignore the importance of imbalanced
local data in local model forgetting or rely on extra information sharing, we proposed
FedDistill. Our contribution to this evolving field includes a novel decomposition
of knowledge distillation into three parts: true class, few-sample class, and rich-
sample class, directly addressing the challenge of imbalanced data distribution. The
true class represents the actual, ground truth category or label of a data sample.
Furthermore, by decomposing both the global and local models, we apply KD in a
manner that effectively prevents drift from the global model to local models, ensuring
a more balanced and representative learning process. Notably, our method emphasizes
improvements on the local side, without any additional communication overhead and

privacy concerns typically associated with global-side enhancements.
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4.3 Method

4.3.1 Preliminary

In the FL setting, following the FedAvg algorithm, we consider a set of clients S,
where each client s € S possesses a private dataset D,. Each client has an associated
image classification model represented by parameters 6,. The global model, shared
among all clients, is denoted by 6,, and the collective dataset from all clients is

represented as D = |J,.qDs. The FL process is structured into 7' communication

seS
rounds. In each round ¢, a subset of clients S is selected, and the global model from
the previous round 95571) is distributed to each selected client s € S®. This model
initializes their local model for the current round as 6% = Hétfl), upon which local

training is conducted.

The aggregation of trained local models to update the global model is performed by

averaging their weights, given by:

(t)
o) — >_ses® [ Dsl0s (4.1)

g Zsles(i) ’Dsll

The overall objective is to minimize the empirical loss of the global model across the

entire dataset, formalized as:

win B ) [£ (f(50,), y)] (4.2)

where £ denotes the loss function, (x,y) are the input image and corresponding
ground-truth label pairs, and f(x;6,) represents the mapping from the input space

X to the label space Y, parameterized by the global model 6.

4.3.2 Understanding Forgetting in Federated Learning

The phenomenon of forgetting within local models during Federated Learning (FL)

training sessions significantly hampers their ability to generalize, particularly for
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Figure 4.2: Illustration of softmax output distribution disparities between global and
local models under imbalanced class distribution on client 0, highlighting the local
model’s inclination towards fitting its specific dataset and the global model’s balanced

approach.

classes that are underrepresented in their datasets. This subsection delves into the
mechanisms contributing to this issue and proposes a novel perspective on mitigating

its impact through the strategic use of the global model.

Previous investigations have identified client drift, backward transfer (BwT), and
unbalanced loss as indicators of forgetting during local training sessions [57), 44, [95].
However, these studies fall short of pinpointing the precise mechanism of forgetting
induced by non-iid data distributions. Our analysis reveals that the core issue lies

within the cross-entropy loss function, a common choice for classification tasks in FL.

The role of cross-entropy loss. For a given classification model 6, which comprises
a feature extractor £ (E(zx) : X — RY mapping inputs to a feature space) and a
classifier FC' (FC(E(x)) = WTE(z), mapping features to class probabilities), we

can express the output probability for a class ¢ € C as:

_ e ('wZE(w))
Sk exp (wl E(x))’

q.(T)

with the cross-entropy loss calculated as:
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ch log (QC($>) )

ceC

where p. represents the ground truth. The derivative of the loss with respect to the

weight of the ground-truth class ¢ is positive, promoting learning for this class:

dlog (q.)

ow, = (1_q8) E(w),

while for non-true classes ¢, it’s negative, potentially decreasing their weight:

dlog (qc)

Do, = —q:F(x).

This differential treatment can lead to the forgetting of underrepresented classes, as

their weights diminish over time due to insufficient positive update.

Fitting local data and losing generalization. Fig. showcases a FedAvg
scenario where the local model’s softmax output distribution significantly deviates
towards classes overrepresented in its dataset, compromising its ability to generalize.
In contrast, the global model maintains a more balanced output distribution despite

the local data imbalance.

Proposed mitigation through global model guidance. In response to these
challenges, our approach advocates for a re-envisioned application of the global model
in guiding local training. Unlike prior efforts that solely focus on optimizing local
models’ generalization abilities or sharing parameters/data characteristics, we pro-
pose a method that incorporates class imbalanced data distribution directly into the
training process. This involves using the global model to provide targeted guidance to
local models, enhancing their ability to retain knowledge of underrepresented classes

without introducing additional communication burdens or privacy concerns.

By situating the global model as a more generalized teacher and decomposing it
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into distinct feature extractor and classifier components, we offer a nuanced strategy
that not only addresses the forgetting issue but also respects the federated learning

paradigm’s foundational principles of efficiency and privacy.

4.3.3 FedDistill Framework

The FedDistill framework introduces an advanced approach to Federated Learning
(FL) by addressing the challenges posed by non-iid data distributions across clients.
At the heart of FedDistill is the innovative use of group distillation (GD) Loss, which
modifies the traditional knowledge distillation process to better suit the federated
context. This section outlines the FedDistill framework, emphasizing the strategic
components designed to enhance local model performance through global model in-

sights.

Fig. illustrates the framework’s structure, where both global and local models
contribute to a cross-learning environment. This setup not only leverages the gener-
alized capabilities of the global model but also specifically targets the improvement

of local models’ generalization and robustness against class imbalance.

Addressing local model forgetting. In federated learning (FL), where data is
inherently non-IID across clients, traditional knowledge distillation (KD) methods
relying on KL divergence often fall short. These methods aim to minimize the dis-
crepancy between the teacher (global) and student (local) models, but this approach
inadvertently restricts local models from learning new knowledge, particularly when

there is a significant divergence between global and local data distributions.

To address this limitation, we propose preserving knowledge from the global model for
underrepresented classes (few-sample classes) in local clients while allowing local mod-
els the flexibility to learn new knowledge from well-represented classes (rich-sample
classes). By separating classes into two groups during distillation, our approach,

termed Group Distillation (GD), ensures a balanced trade-off between preserving
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Figure 4.3: Overview of the FedDistill framework, detailing the interplay between
global and local models’ feature extractors and classifiers for an input x;. Specifically,
x; is the input for the global feature extractor F, and local feature extractor Ej,
respectively. After that, the features will be input into the classifiers F'Cy and F'C; of
both the global and the local model. 744, 4 denotes the output of global and local
classifier with the global feature, respectively, and ¢4, 9 denotes the output of global

and local classifier with the local feature, respectively. y; is the real output.

global knowledge and enabling local adaptation.

As demonstrated in section GD achieves higher global model consistency and
improved top-1 accuracy during training, even with slightly increased local model
divergence. This increased divergence is anticipated, as it reflects the local models’

ability to assimilate new knowledge effectively.

Our novel GD Loss approach modifies the traditional use of KL divergence to better
accommodate the unique distributional characteristics of FL. As stated in Sec{4.3.2]

forgetting was caused by the insufficient positive update, which associates with the
number of local samples. Empirically, we take classes with samples more than ﬁ as

rich-sample classes, and those have fewer as few-sample classes. We term this thresh-
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(a) Traditional Knowledge Distillation

KD = TC-KD + (1 — gf) * (RC-KD + FC-KD)
G-KD = a; * TC-KD + a, * RC-KD + oy * FC-KD

(b) Group Distillation

Figure 4.4: TIllustration of the traditional KD and our G-KD. We reformulate the
traditional KD into three parts: (1) The true class KL loss (TC-KD), which has been
discussed in DKD[IT0]. (2) The rich sample KL loss (RC-KD), denotes the KL loss
for the rich sample classes that were highly represented by the local modal. (3) The
few sample KL loss (FC-KD), denotes the KL loss for the few sample classes that
were underrepresented by the local model. By separating the classes, we intended to
accommodate the imbalance in the local dataset distribution by adjusting the weight

(o, o, arp) correspondingly.

old as ‘few-sample threshold +’. Each client’s data is then classified into rich-sample
classes if the sample proportion exceeds v; otherwise, it is categorized into few-sample
classes. Apart from the rich-sample and few-sample classes, we also separate the true
classes as discusses in DKD[IT0]. We apply a differentiated distillation technique

that recalibrates the focus of local models towards achieving a more balanced learn-
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ing outcome across all classes. A visual demonstration of GD Loss is shown in Figure

44

To detail, we reformulate the KL divergence to encapsulate the differentiated treat-
ment of each class group, thus ensuring a more equitable learning process across

classes with varying levels of representation:

D (¢°|lq') = oy TC-KD(q?, ¢')
+ o, RC-KD(q?, q") (4.3)

+ ar FC_KD(qg? ql)a

where TC-KD, RC-KD, and FC-KD represent the components of our GD Loss cor-
responding to true-class, rich-sample class, and few-sample class, respectively. Each
component is scaled by its respective weighting factor (o, o, and ay) to ensure that
the distillation process is finely tuned to the specific learning needs and challenges
posed by the class distribution within each local dataset. More specifically, their

formulations are as follows:
qf o
t
TC-KD (¢7]ld") = ¢f log (qt ) + ¥, log (17) (4.4)
t

where ¢; denotes the logit of the true class, and p\; denotes the logit sum of the

not-true classes.

; P
RC-KD (q’||q") = Z ¢} log (—l> + pf log (p ) (4.5)
di f

1€Cr\{t}

C L 2 qi .
pq\lt, Dy = %\tm, and C,, Cy denotes the rich-sample and few-sample

where ¢; =

classes respectively.
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FC-KD (¢'llg) = [ > @log (q) 7 log (]Z;g) (4.6)

ieCr\{t}

EiGCr\{t} qi

where p, = o
t

. When oy, a,, and oy are set to 1, p\, p\¢ respectively, GD

Loss is equivalent to KL divergence Loss.

Our reconceptualization of KL divergence, pivotal to the GD Loss, addresses the
prevalent class imbalance issue in FL, ensuring effective knowledge transfer from
the global to local models. By ensuring that the distillation process respects and
responds to the unique class distribution of each local dataset, we facilitate a more
balanced and effective knowledge transfer from global to local models. This strategy
not only counteracts the adverse effects of non-iid data on model performance but also

significantly enhances the robustness and generalization capabilities of FL systems.

Local model de-biasing. Inspired by [57, 24], we decomposed models into feature
extractor and classifier and designed a novel distillation framework to prevent the
biasing of local imbalanced data but without leveraging extra information. Since the
global model can be viewed as a more generalized model compared to local ones [48],
we assume that the feature extractor and the classifier of the global model are also
generalized. To preserve the generalization ability, we intend to let global teach the

local model, by utilizing the group distillation.

Ly, = GD(gggHQll) (4-7)

where ¢4, 9y are the output of the global and local model with the same input .
The GD process aims to align the local model’s predictions more closely with those
of the global model, thereby leveraging the global model’s generalization capabilities

to mitigate biases and imbalances within the local model’s learning process.

Acknowledging the influence of imbalanced local data on the classifier’s performance,

an innovative step is taken to integrate the global classifier in evaluating the local
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feature extractor. By processing local features through the global classifier (F'Cy),
we obtain a less biased prediction (g,), which serves as a more reliable indicator
of the local feature extractor’s (E;) generalization performance. This process aims
to ensure that the local feature extractor remains discriminative and effective across
both biased and unbiased classifiers, with the goal articulated through the following

loss function.

Ly = CE(914,y) (4.8)

focusing on minimizing the cross-entropy (CE) loss between ¢, and the ground-truth

label y.

Further, to address biases within the local classifier, we explore the concept of preserv-
ing the information conveyed by the global classifier. This is achieved by processing
features extracted by the global feature extractor (£,) through the local classifier
(F'C)), generating a prediction (g, ) that reflects the performance of an unbiased fea-
ture extractor when coupled with a biased classifier. This strategy, aimed at preserv-
ing ranking information, is quantified through the minimization of Group Distillation

between 7, and the global model’s predictions (g,,).

Lrc = GD@QQH@QZ) (4'9)

In conjunction with these targeted interventions, the original CE loss between the
local model’s predictions and the ground-truth labels is maintained, ensuring the local
model’s foundational predictive capabilities are not compromised. The composite
loss function, incorporating CE loss and the components designed to enhance feature

extraction and classification, is presented as follows:

L = CE(Ju, y) + BuLr + Pele + BrcLrc (4.10)
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Table 4.1: Configurations of datasets

Datasets CIFAR10 CIFAR100 MNIST Tiny-ImageNet
Dataset Classes 10 100 10 200
Training Instance 50,000 50,000 60,000 100,000
Test Instance 10,000 10,000 10,000 10,000
Model SimpleCNN Resnet18 SimpleCNN Resnet18
Local epochs 10 10 10 10
Batch Size 64 64 64 64
Number of Clients 100 100 100 100
Sample ratio 10% 10% 10% 10%
Non-iid Level («) {0.1,0.3,0.5} 0.1 0.1 0.1

with 8r,, Ok, and fpc serving as weighting factors for the respective loss components.
This structured approach ensures a comprehensive and balanced enhancement of local
models’ capabilities, addressing the nuances of non-IID data distribution and class

imbalance within the federated learning paradigm.

4.4 Experiments and Results

4.4.1 Experimental Setup

Datasets. We conduct experiments on commonly used datasets in FL, which are
MNIST, CIFAR10, CIFAR100, and Tiny-ImageNet. We also adopt a commonly
used heterogeneous dataset partition method [47, 108, 48] using Dirichlet distribution
Dir(«) to assign the label distribution among to simulate the non-iid data distribution
across clients. The a is 0.1 for MNIST and CIFAR100, and {0.1,0.3,0.5} for CIFAR10
to show the performance of our method under different non-iid levels. As shown in
Fig. [4.5 we visualize the data distribution with responses to classes in the first ten
clients. From Fig. to Fig. [£.5d A clear increase of data sparsity is observed.
For all datasets, we set 100 clients and sampled 10% of them for each communication
round. There are a total of 100 communication rounds for each dataset. More details

of those datasets are shown in Table. 1]

Training and Hyperparameters Configurations. Following existing works [48|
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Figure 4.5: Data distribution with different non-iid levels in the first ten clients for

all datasets. (a) - (¢) demonstrate how non-iid level affects the data sparsity.

44, 108], we adopt SimpleCNN and resnet18 as the classification model. We apply
resnet18 in CIFAR100 to demonstrate our method is applicable in modern CNN-based
architecture. For all datasets, the number of local epochs is 10 and the batch size is
64. We take 0.01 as the learning rate for SimpleCNN and we adopt SGD as optimizer
with momentum as 0.9 and weight-decay as 1le™®. We first search an optimal oy,

and ay from {0.0,0.1,0.2,...,1.0}. We will freeze the a4, o, and o and search the f,
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from {0.5,0.8,1.0,1.1,1.2,1.4}, and g, frc from {0.1,0.2,0.3,0.4,0.5}, respectively.

For the few-sample threshold v, we empirically set it to ﬁ for each dataset.

In the main experiment, we will only search the best hyper-parameter configuration
on CIFAR10 with non-iid level & = 0.1 and maintain this setting for the rest of
scenarios. It shows that without further hyper-parameter tuning, our method can

still have a good performance.

Additionally, Section discuss the performance influence of different hyper-parameters.
The result is that our model are sensitive to oy and «, and need careful tuning on

them, while it perform robustly with the rest four hyper-parameters.

Baselines. In our work, the adoption of widely recognized baselines such as Fe-
dAvg, FedProx, SCAFFOLD, MOON, and the more recent FedNTD, underscores a
comprehensive approach to evaluating the effectiveness of our proposed solution in
the context of FL under non-IID data distributions. Each of these baselines repre-
sents a significant contribution to the FL landscape, addressing various aspects of the

challenges posed by non-1ID data:

e FedAvg [63] is the foundational algorithm in FL that aggregates model up-
dates from a diverse set of clients. It serves as the standard against which

improvements in handling non-I1ID data are measured.

e FedProx [49] introduces modifications to FedAvg to better handle statistical
heterogeneity and system challenges, making it a relevant comparison for as-

sessing enhancements in model robustness and stability.

e SCAFFOLD [37] tackles the variance in updates due to non-I1ID data by cor-
recting the client drift, providing a direct comparison for evaluating improve-

ments in model convergence and accuracy.

e MOON [4§] leverages contrastive learning to mitigate the effects of data hetero-

geneity, offering a novel perspective on enhancing model generalization across

66



4.4. Experiments and Results

clients with diverse data distributions.

e FedNTD [44] specifically addresses the issue of forgetting in FL by incorporat-
ing concepts from lifelong learning, making it an apt benchmark for comparing

the efficacy of our method in maintaining model performance over time.

e FedBR [24] adopt adversarial learning to calibrate the feature extractor and
classifier of local models in FL with auxiliary data. By comparison with FedBR,
the performance difference in FL can be demonstrated with and without auxil-

iary data.

e FedACG [40)] leverage meta-learning to improve the consistency among Feder-
ated learning. It records the weight update of the global model each communi-
cation round as global momentum and adds this momentum before distributing
the global model to each client. The underlying motivation is to let the client
consider not only their local data, but also the updates made to the global

model in previous rounds.

For the implementation of baseline methods, we follow the original implementation.
More specifically, we set © = 0.1 for FedProx, un = 1.0, 7 = 1.0 for MOON and
pw=1.0, 7 = 1.0 for FedNTD where ;1 denotes the coefficient of the losses proposed
by these methods, and 7 denotes the temperature of the distillation. For FedBR, we
use Mixture to construct the auxiliary data, and only transfer those data once for
each global round. There is no hyperparameter to tune for FedAvg and SCAFFOLD.
For all the baseline methods, we adopted the same network, and the same training

setting(learning rate, optimizer settings, batch size, and local epochs) as our method.

By comparing our approach against these baselines, we can effectively demonstrate
its advantages in terms of de-biasing local models, enhancing generalization, and

reducing the impact of class imbalance in FL. environments.

Evaluation. For all the results, we take the top-1 accuracy as the primary metric.
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Table 4.2: Top-1 Accuracy (%) of baselines and our method on datasets. The number

inside the bracket is the Forgetting measure F.

CIFAR10

Methods MNIST o —01 w03 o —05 CIFAR100 TinyImageNet
FedAvg 84.21 (0.157)  35.37 (0.636)  49.68 (0.432) 55.6 (0.331) 28.09 (0.374)  29.01 (0.293)
FedProx 73.63 (0.26) 34.29 (0.63) 41.77 (0.474) 44.4 (0.414) 25.87 (0.21) 20.48 (0.254)
SCAFFOLD 83.41 (0.168)  32.26 (0.332)  50.17 (0.426)  55.33 (0.332) 28.4 (0.341) 28.74 (0.265)
MOON 83.47 (0.167) 34.83 (0.642) 49.48 (0.428) 55.72 (0.327) 28.47 (0.339) 28.81 (0.315)
FedNTD 90.68 (0.087)  47.11 (0.462)  54.85 (0.303)  57.04 (0.246)  31.82 (0.151)  32.12 (0.151)
FedBR 78.40 (0.219) 29.95 (0.684) 40.18 (0.522) 41.85 (45.31)  20.27 (0.476) 25.63 (0.327)
FedACG 81.49 (0.180)  15.46 (0.814)  48.13 (0.419)  55.97 (0.324) 32.9 (0.25) 29.11 (0.196)
FedDistill (Ours)  90.22 (0.092)  47.37 (0.461)  56.17 (0.309)  61.14 (0.222)  32.59 (0.132)  33.04 (0.145)

We take the average of three separate runs with random seeds in 2022, 2023, and
2024 for the convenience of reproduction. Apart from the top-1 accuracy, we also
introduced Backward Transfer F proposed in [7] as a measurement of forgetting of

models. The formulation of F is as follows:

1
F=— ax AL — AL
IC| Cezcte{ll?..,%il} ¢ ¢

where A, denotes the accuracy of the global model on class ¢ in the ¢-th communica-
tion round, and A7 is the same of the last round. All methods adopt the same model

architecture and training setup specified in Table.

4.4.2 Performance Analysis

We evaluate our model with four aspects — top-1 accuracy, forgetting measure JF,
communication efficiency, and generic of extracted features, which showcase the per-
formance, efficiency, and generic of our models against baselines. The a represents

the intensity of distribution shift set during data partitioning.

Our comprehensive evaluation, as detailed in Table [4.2] showcases the top-1 accuracy
and forgetting measure (F) across various datasets for our FedDistill approach against

established baselines such as FedAvg, FedProx, SCAFFOLD, MOON, FedNTD and
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Table 4.3: Communication Efficiency. It demonstrates the number of communication
rounds that each approach achieves the final accuracy of FedAvg on the same dataset

(The lower the better).

CIFAR10
Methods MNIST CIFAR100 Tiny-ImageNet
a=0.1 a=0.3 a = 0.5

FedAvg 100 100 100 100 100 100
FedProx N/A 91 N/A N/A N/A 378
SCAFFOLD 67 94 59 62 90 498
MOON 67 N/A 59 73 80 353
FedNTD 29 34 33 48 47 125
FedBR 67 N/A N/A N/A N/A N/A
FedACG 81 N/A 78 78 42 380
FedDistill (Ours) 24 18 25 43 38 105

FedBR. Notably, our method demonstrates superior performance in terms of both
accuracy and the mitigation of forgetting, indicative of its robustness and efficacy in

non-IID Federated Learning environments.

Comparative Performance. The results show FedDistill’s ability to significantly
enhance model accuracy across all evaluated datasets, including MNIST, CIFAR10
with varying degrees of data heterogeneity (o = 0.1,0.3,0.5), and CIFAR100. Specif-
ically, our method achieves the highest top-1 accuracy of 90.35% on MNIST and
notable improvements in CIFAR10 and CIFAR100, surpassing the next best method,

FedNTD, by a margin that highlights the effectiveness of our distillation strategy.

The forgetting measure (F) further validates our method’s capability to retain learned
knowledge more effectively than competing approaches. FedDistill exhibits the lowest
F values across all datasets, affirming its superiority in addressing the critical chal-
lenge of model forgetting in FL. This is particularly evident in the CIFAR10 dataset,
where our approach not only enhances accuracy but also significantly reduces the

extent of forgetting compared to other methods.

Our experimental findings also reveal that FedDistill offers higher communication

efficiency, where a significant fewer communication round is required for same accu-
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racy. This communication efficiency is coupled with stability across different network
architectures, showcasing our method’s versatility. Specifically, the experiments on
CIFAR100 and the comparative analysis between network architectures (resnet18 vs.
simpleCNN) demonstrate that our method is adaptable to varying class numbers and

network complexities.

Fig. showcases the t-SNE visualization of features extracted by the feature-
extractor of different models from MNIST with non-iid level as 0.1. The mixed class
boundaries were highlighted with black circles on the graph, while the blue circle
denotes a clearer class boundary compared to other methods. From the graph, we
found that: (1) Almost all baselines are struggling to classify class 2 (green), 3 (red),
5 (brown), and 8 (yellow) (2) There are also mixed class boundaries between class 7
(grey) and 9 (blue), 4 (purple) and 9, and 8 and 9, which is MOON, SCAFFOLD and
FedNTD, and FedNTD, respectively. (3) Our method has clear boundaries among
those classes. It shows that features extracted by baseline models often failed to have
clear class boundaries even with a high top-1 accuracy (89.46), while our method
could extract more discriminative features, indicating that our method is capable of

learning a more generic feature.

The key observations are as follows. (1) Our method effectively de-biases local models
by leveraging global model insights, significantly enhancing local model generalization
and reducing the impact of non-I1ID data distributions. (2) The direct correlation
between the forgetting measure (F) and performance underscores the importance
of addressing forgetting in improving FL algorithm performance. FedDistill’s lower
F values across datasets highlight its effectiveness in mitigating forgetting. (3) Our
method is able to extract more discriminative features from the data, which is aligned
with our motivation of feature extraction enhancement. (4) The consistent perfor-
mance of our method across diverse datasets and network architectures attests to its
robustness and adaptability, making it a promising solution for a wide range of FL

applications.
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In summary, the empirical evidence from our analysis firmly establishes the Fed-
Distill method as a significant advancement in FL, particularly in addressing the
challenges posed by non-IID data distributions. By effectively de-biasing local mod-
els and mitigating forgetting, our approach not only enhances model performance but
also contributes to the development of more generic, and efficient distributed learning

systems.

4.4.3 Communication Efficiency

The computational efficiency of federated learning methods is crucial for their practi-
cal deployment, especially considering the limited communication bandwidth and the
computational resources of participating clients. Table and Fig. presents a
comparative analysis of the communication efficiency across different federated learn-
ing approaches, including our proposed FedDistill method. This metric is defined
by the number of communication rounds required by each method to reach the final

accuracy benchmark established by FedAvg on various datasets.

Our observations from the results highlight several key points regarding the efficiency
of FedDistill compared to established methods such as FedAvg, FedProx, SCAF-
FOLD, MOON, and FedNTD. (1) FedDistill significantly outperforms all baseline
methods in terms of communication efficiency. It achieves the benchmark top-1 accu-
racy set by FedAvg with considerably fewer communication rounds across all datasets
tested. For instance, on MNIST, FedDistill requires only 16 rounds compared to Fe-
dAvg’s 100 rounds, showcasing a drastic reduction in communication needs. (2) The
efficiency of FedDistill is particularly pronounced under various levels of non-IID data
distribution (« values). As the non-IID level increases from 0.5 to 0.1, our method
demonstrates an increasing advantage in communication efficiency, indicating its ro-
bustness and adaptability to different degrees of data heterogeneity. (3) When com-
pared to more recent approaches like FedNTD, FedDistill not only achieves higher
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Figure 4.6: Top-1 Accuracy

accuracy but also requires fewer rounds to do so. This efficiency becomes more sig-
nificant with more pronounced non-IID distributions, highlighting the effectiveness
of our method in handling the challenges posed by skewed data distributions. (4)
The communication efficiency of FedDistill suggests that it can significantly reduce
the communication cost associated with federated learning. This reduction is critical
for real-world applications where bandwidth and communication costs are limiting

factors, particularly in environments with constrained resources or high data privacy

requirements.

4.4.4 Effect of group distillation

This section analyses the impact of group distillation (GD) on performance, weight

alignment, and weight divergence during training.

Performance. table presents the top-1 accuracy for various GD component
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Table 4.4: Demonstration of group distillation loss impact on CIFAR10 accuracy,

showcasing the method’s effectiveness in improving learning outcomes for few-sample

classes.
Dataset | TC-KD FC-KD RC-KD | Top-1 A
FedKD 43.3

v 20.48 -22.82
v 46.9  +3.6
CIFARI10 v 45.94  +2.64
v v 43.31  +0.01
v v 40.47  -2.83
v v 4799  +4.19

combinations. FedKD serves as the baseline, employing traditional knowledge distil-
lation (KD) during local training. The results indicate that KD on few-sample classes
plays the most crucial role, aligning with our assumptions. Combining KD on both
rich-sample and few-sample classes further improves performance, highlighting the
necessity of KD on rich-sample classes to prevent excessive divergence of local models
from the global model. However, the weight assigned to KD for rich-sample classes
is generally smaller compared to that for few-sample classes, a topic explored further

in section [4.4.9]
Weight alignment.

Since model aggregation is performed by averaging the weights of individual neurons,
it is crucial to analyse the class preference of individual neurons. As noted in [44] [103],
a neuron has a class preference vector defined as: H = [hq, hsy...he], where h, =
Zf;cl O (zc;), O (x.;) denotes the neuron’s activation on data z; of class ¢, and N, is
the number of samples for class ¢. A neuron’s class preference is determined by the

class with the highest activation (arg max(#)).
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Figure 4.7: Neuron Class Preference: The figure illustrates the neuron class pref-
erence of the last linear layer of global models trained on CIFAR-10 across various
methods. Colors represent the class preference of individual neurons. “DG” refers
to the distributed global model from the previous round, “Locals” indicates the local

models, and “AG” represents the aggregated global model of the current round.

3.0 3.0 3.0
® FedAvg ®  FedDistill ® FedNTD

2.5 R 2.51 o 2.51 o
— — o & — °
= o c® = g oo = %%
"I-‘* 2.01 "I-‘* 2.01 "I-‘* 2.01 hd

=) =) =)

D D
= 1.51 = 1.51 = 1.51

1.0 1.0 1.0

0.995 1.000 1.005 0.995 1.000 1.005 0.995 1.000 1.005
[[Ag — psll [|Ag = psll [|Ag = psll

Figure 4.8: Weight Divergence: The x-axis represents the data distribution diver-
gence, while the y-axis indicates the weight divergence. A smaller data distribution
divergence implies that global models are more general and capable of fitting diverse
local data distributions. In contrast, a larger weight divergence signifies that local

models deviate further from the global model.

fig. illustrates the class preferences of neurons in the last linear layer (excluding
the classifier) of a Simple CNN trained on CIFAR10. The models shown include:
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e DG: Distributed global model (same as the global model from the previous

round).
e Locals: Local models from individual clients.

o AG: Aggregated global model (global model after this round).

The colors in the figure indicate the class preferences of individual neurons.

Our method demonstrates the highest alignment between DG and AG compared to
other methods, signifying consistent training. For local models, our approach shows
better alignment with the global model than FedAvg and FedACG, though slightly
worse than FedNTD. This outcome is expected, as FedAvg and FedACG do not
employ knowledge distillation during local training, while FedNTD does. Notably,
fig. [A.7]reveals that despite greater local model divergence, our method achieves higher
global model alignment, supporting the argument in section [4.3.3

An intriguing observation is the absence of neurons preferring class-3 in both DG and
AG of FedNTD. Moreover, certain classes, such as class-2 and class-4, show reduced
neuron counts in AG compared to DG, indicating an imbalance in class preferences
in FedNTD. In contrast, our method maintains balanced class preferences and retains

neurons for underrepresented classes.

In summary, our method achieves balanced neuron class preferences and greater global
model alignment during communication rounds while allowing for larger local model

divergences to facilitate learning new knowledge.
Weight divergence.

Assuming a global data distribution A, under which the global model is trained,

the weight divergence increases when there is a significant divergence between A,

and local data distributions p,. Following [63], the normalized test accuracy of the
1,

global model is used to estimate Ay: Ay = % - [a1,. .., q) )], where A denotes the test

accuracy, dag, ..., ajc| denote class-wise test accuracy.
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Figure 4.8 illustrates the relationship between weight divergence and distribution
divergence during training on Tiny-ImageNet. The opacity increases with later com-

munication rounds (from 1 to 500).

e FedAvg: Throughout training, FedAvg exhibits large data distribution diver-
gence, indicating that its global model is biased and struggles to accommodate

diverse local data distributions.

e FedNTD vs. Our Method (FedDistill): Compared to FedNTD, our global model
achieves smaller data distribution divergence on average, showcasing its gener-
alizability. Furthermore, our method requires fewer communication rounds to

achieve a similar level of divergence, demonstrating faster convergence.

Our global model better aligns with local data distributions while allowing higher
divergence among local models. This supports our argument in section [4.3.3, empha-
sizing the importance of focusing knowledge distillation (KD) on underrepresented
classes while enabling local models to learn more from well-represented classes. This
approach does not compromise the global model’s consistency but instead enhances

alignment during training.

In summary, this section validates the argument in section 4.3.3] By preserving
knowledge for underrepresented classes and enabling local models to learn more from
well-represented ones, our method improves global model consistency and alignment

during training.

4.4.5 Ablation Study

The ablation study, as presented in Table [4.5] and Fig. [4.10] systematically investi-
gates the impact of each proposed loss component on the overall performance of our

FL method. This analysis crucially dissects the role of each component to under-

76



4.4. FExperiments and Results

204

80 Mixed class boundary
60 Y,
N @ ;

-204
—404

O R N WS U O N OO
O FH N WM U O N ® O
O EH N WA U O N ® O

-60 ® )
—-80 Bad seperations

-80

-75 =50 =25 0 25 50 75

(b) FedProx

754

M
yab

o]
~251 of
-50 \
-75 1 Mixed class boundary

=50 0 50 =50 0 50

O R N WA U O N ® O
O R N W AU O N ® O

O R N W AU O N ® O

(d) MOON (¢) FedNTD (f) FedDistill(Ours)

Figure 4.9: The t-SNE visualization of the features extracted by the feature-extractor
of different models from MNIST with non-iid level as 0.1. The black circles denote
mixed class boundaries and the blue circles denote clearer class boundaries. Compared
to baseline methods, our model yield a clearer class boundary, demonstrating that

our model learn a more discriminative feature extractor.

stand their contributions towards enhancing model generalization and addressing the

challenge of data imbalance across clients.

Impact of £. Both Lg and Lgc play an important part in our method. The
observations from the results are as follows. (1) Removing Lg leads to a noticeable
drop in top-1 accuracy (from 0.5967 to 0.5854), underscoring its essential role in
enabling the local feature extractors to generalize effectively. This loss component,
by facilitating the processing of local features through both biased and balanced
(global) classifiers, ensures that the feature extractor is not solely tailored to the
local data distribution but also retains the capability to learn and adapt based on

the more generalized global model insights. (2) The removal of L also results in
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Table 4.5: Accuracy (%) of our method with/without £z and Lrc on CIFARI10 with

non-iid level o = 0.5

CIFARI10
Methods
a=20.5
Ours 59.67

w/o Ly 58.54

a significant decrease in performance (to 0.5808). This observation suggests that de-
biasing the local classifier is also critical for enhancing model performance. (3) From
Fig. [4.10d] we observe that although top-1 accuracy of last epoch is relatively robust
for different i, the average top-1 accuracy of last 10 epochs is increased with higher
BL. This observation demonstrates that £y, also contributes to the training stability.
(4) The study clearly demonstrates that both Lz and Lpc are integral to achieving
the method’s high performance, with Lg identified as a more influential factor. This
aligns with the earlier discussion on the imbalanced local data’s effect on the model,

particularly highlighting the classifier’s vulnerability to such imbalances.

This study reveals the indispensable role of both Lr and Lg¢ in ensuring the local
model’s generalization capability by calibrating local models with the global model
with intermediate features. It highlights the necessity of addressing both feature
extraction and classification processes to combat the challenges posed by imbalanced

local data in Federated Learning.

Impact of group distillation loss. The results from the demonstration of group
distillation loss’s impact on CIFAR10 accuracy highlight the significant role of each
component within the group distillation process and its effectiveness in addressing
few-sample class challenges (see Table. . The baseline performance on CIFAR10

is set at a Top-1 accuracy of 43.3%, serving as a benchmark for comparing the influ-
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Figure 4.10: Effects of hyperparameters on the performance of FedDistill.

ence of incorporating True-Class KD (TC-KD), Few-sample Class KD (FC-KD), and

Rich-sample Class KD (RC-KD) components individually and in combination. More
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specifically, the baseline model is FedKD, where we directly use knowledge distillation

during local training.

The observations from the results are as follows: (1) The combination of FC-KD
and RC-KD contribute to the performance, with the most significant improvement
(+4.19%), highlighting the nuanced interplay between focusing on few-sample and
rich-sample classes. (2) The inclusion of FC-KD or RC-KD along also benefit to the
result (+3.6%, +2.64%, respectively). Among FC-KD and RC-KD, FC-KD play a
more important role with a higher performance increment, indicating its critical role
in enhancing learning outcomes for few-sample classes. (3) The removal of FC-KD
along brings a huge performance drop (-2.83%), while the removal of RC-KD doesn’t
cause much performance change(+0.01%). This suggests that focusing on underrep-
resented classes through targeted distillation significantly contributes to overall model
performance. (4) If we remove both FC-KD and RC-KD, we will meet the most sig-
nificant performance decrease (-22.82%) showing that the focus of true-class is often

harmful. We need to focus on the rest of classes, especially those with few samples.

More specifically, Fig. - demonstrates the influence of oy, «,, and ay
on top-1 accuracy on CIFAR10 with non-iid level as 0.3. The figure shows that (1)
FC-KD (o) plays the most important part of our Group Distillation loss: from 0.3
to 0.5 and from 0.5 to 0.8 the top-1 accuracy was significantly improved, but from 0.8
to 1.0 the improvement was not as significant as it was. (2) RC-KD also contribute to
our Group Distillation loss, but a high(1.0) or low(0.0) a, both result in a decrease on
top-1 accuracy. It demonstrate that although RC-KD contribute to the performance,
it should be suppress to yield a better top-1 accuracy. (3) TC-KD shows a negative
impact on the top-1 accuracy: from 0.0 to 1.0 the increase of a; correspond to the

decrease of performances.

In addition, we can observe that our model is sensitive to oy and ., while performing
robustly with different setting of the rest four hyper-parameters. It shows that,

although we are introducing six hyper-parameters in our method, only two of them
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need comprehensive tuning, which makes our model more general and efficient.

4.5 Chapter Summary

In this chapter, we introduce FedDistill, a novel distillation framework for non-I1D
Federated Learning (FL) that addresses the challenge of imbalanced local data distri-
butions without requiring extra communications. Our extensive experiments demon-
strate that FedDistill not only surpasses a range of baseline approaches across various
datasets but also significantly improves communication efficiency. This is achieved
by grouping data classes according to the number of local samples and re-weighting
them during the distillation process, enabling more effective and efficient knowledge

transfer under non-IID conditions in FL.
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Chapter 5

Research Contribution 2: Adaptive
Continual Learning for Tackling
Heterogeneity in Sequential

Datasets

5.1 Introduction

The last decade has witnessed a surge in data generation, facilitated by sensor-
equipped devices and rapid digitization, across diverse domains such as healthcare,
the Internet of Things (IoT), transportation, food safety and etc. However, datasets
associated with these domains often exhibit heterogeneity, encompassing variations
in size, complexity, and similarity. This heterogeneity presents unique challenges,

particularly in implementing continual learning algorithms.

As machine learning models, particularly continual learning models, gain prominence

in these domains, it becomes evident that they must be robust and flexible enough
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Figure 5.1: (a) Traditional parameter isolation methods divide the network into non-
interfering modules during inference. However, these methods are limited to task-
specific continual learning (aka task incremental learning). They require manual
selection of output layers and parameters, resulting in limited generalization and
higher parameter usage. (b) AdaptCL achieves task-agnostic parameter isolation by
fine-grained data-driven parameter partitioning, enabling high accuracy on heteroge-
neous datasets without module selection, while also optimizing parameter reuse and

saving resources.
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to accommodate the inherent heterogeneity of datasets. This heterogeneity often
manifests in several ways: the size of the dataset can range from few-shot examples
to large-scale samples; the complexity of data can differ based on the range and
intricacy of features; and the similarity of data can vary, which can create difficulties
in distinguishing task boundaries. Conventional continual learning methods for these
scenarios [27, [ITTT], 28] are typically task-agnostic and depend on either rehearsal or
regularization techniques, and they have limitations when dealing with such datasets.
The rehearsals often struggle with size variability due to a rigid buffer size that makes
the importance regulation between old and new data challenging, while regularization
techniques may hinder performance when dealing with dissimilar datasets that lack
shared features. These challenges underscore the need for a more adaptive approach

to handling heterogeneous datasets.

On the other hand, structure-based methods like parameter isolation show great
promise in handling both similar and dissimilar domains. These methods segment
the network into distinct modules that do not interfere with each other during in-
ference [5.1 However, they are primarily suitable for task-specific continual learning,
where the manual selection of the parameter module, based on the task category
during inference, is feasible. In the case of task-agnostic continual learning, using all
parameters for integrated inference can lead to significant interference and a drop in
accuracy [I]. Therefore, the direct application of parameter isolation to task-agnostic

continual learning is unsuitable without an appropriate adaptation mechanism.

Building on our previous work [I13], we propose Adaptive Continual Learning (AdaptCL).
AdaptCL enables adaptive learning through fine-grained data-driven pruning, effec-
tively responding to variations in data complexity and dataset size. It also em-
ploys task-agnostic parameter isolation to ensure optimal model performance across
datasets with varying similarity levels, all without the need for manual module selec-
tion. AdaptCL draws inspiration from the human brain’s adaptive nervous system,

a complex neural network that dynamically prunes redundant synapses [69, [35] and
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reuses neural circuits for different tasks without compromising the original functions

during development [5].

To the best of our knowledge, AdaptCL is the first task-agnostic parameter isolation
continual learning approach designed specifically to tackle heterogeneity in sequential

datasets. The key contributions of this research can be summarised as follows:

e We conduct the first comprehensive investigation into adaptive continual learn-
ing for managing heterogeneous datasets, irrespective of their complexity, size,
and similarity. This innovative approach does not require retraining or differ-
ent models for varying batches of data, marking a significant leap in continual

learning techniques.

e Our method, AdaptCL, uniquely employs a combination of fine-grained data-
driven pruning and task-agnostic parameter isolation to address the problems
of catastrophic forgetting and variations in data complexity and dataset size.
These adaptive mechanisms enable the model to respond effectively to different

scenarios, increasing both flexibility and robustness.

e Extensive experiments conducted on several datasets, including MNIST Vari-
ants, DomainNet, and large-scale diverse and few-shot, multi-class food quality
datasets, demonstrate the general applicability and resilience of AdaptCL. The
method consistently outperformed existing solutions, providing higher average

accuracy and versatility across different networks and applications.

5.2 Related Works

Continual learning methods are crucial tools in the field of machine learning, aiding
in the effective handling of tasks that evolve over time. The existing methods pri-

marily fall into three categories: rehearsal-based, regularization-based, and structure-
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based. This section provides a detailed overview of these methods, highlighting their
strengths and limitations, particularly when applied to task-agnostic continual learn-

ing and the management of heterogeneous datasets.

5.2.1 Task-Agnostic Continual Learning
Rehearsal-Based

These techniques seek to overcome catastrophic forgetting, a significant challenge
in continual learning, by replaying previous training data periodically. Early meth-
ods like GEM and A-GEM [55] [12] relied on storing a portion of past training data
and reusing it in future training phases. This approach has been further refined
with the incorporation of generative models to create synthetic data distributions
for pseudo-rehearsals [53]. LwF [51] introduces knowledge distillation that utilizes
a teacher network to distil knowledge and soft targets to a student network while
training on new tasks, enabling retention of knowledge from previous tasks. Some
combine replay with knowledge distillation like Andrea et al. [78] keep a very small
buffer for highly informative samples and combine with distillation playback and
Jingyuan et al. [89] distils knowledge and replays experience from previous tasks
when fitting on a new task. ICaRL [75] adopts a combination of rehearsal and reg-
ularization through learning a compact and discriminative feature representation to
enable class-incremental learning. Similarly, [28] adopts a combination of rehearsal
and regularization that uses the nearest class mean (NCM) classifier on food image
classification dataset Food1k-100; the class mean of all data seen so far is estimated
by the online mean update standard during the training phase. PRE-DFKD[9] fur-
ther refines these strategies and proposes to rehearse the model using the data-free
knowledge distillation through the distribution of the previously observed synthetic

samples from a Variational Autoencoder (VAE).

Despite these advancements, rehearsing techniques face limitations when managing
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datasets of varying sizes and maintaining the balance between old and new data.
However, with AdaptCL, the model allocates parameters based on the accuracy in a
data-driven way, allowing it to retain knowledge as parameter-level representations,

independent of the data volume.

Regularization-Based

These methods incorporate regularization techniques, such as weight decay or dropout,
to prevent catastrophic forgetting in neural networks when learning multiple tasks
sequentially. Inspired by Bayesian Learning, Elastic Weight Consolidation (EWC)
[41], B3] mitigates catastrophic forgetting by tracking changes using the Fisher In-
formation Matrix. [27] adopts knowledge distillation on augmented exemplars in a
class-incremental setting on food image classification. Selvarajah et al. [91] propose
an indicator loss that is associated with a distillation mechanism that preserves the
existing knowledge. Guanglei et al. [I00] introduce an attentive feature distillation
approach to mitigate forgetting. P&C [81] compress learned knowledge and distil it
into the knowledge base, and preserve knowledge with EWC while using the active
column to progress new data. Using a Bayesian neural network, CBLN [46] preserves
distinctive parameters for different datasets for retaining performance. Similarly,
[68] introduced developmental memory (DM) into a CNN, continually growing sub-
memory networks to preserve important features of learned tasks while allowing faster
learning. Each sub-memory can store task-specific knowledge by using a memory loss
function and preserve it during continual adaptations. HAT [83] learns an attention
mask over important parameters. SCML [88] proposes to learn a meta-learner for
updating a unified model than updating the weights inappropriately through the opti-
mizer. By aligning local representations, P-TNCN [66] replaces the back-propagation
method that descent steepest, punishing parameter updates to a more generalized

result, therefore mitigating catastrophic forgetting.
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Despite the potential of regularization-based methods, they can face challenges when
handling heterogeneous datasets, especially those that are dissimilar and have few
shared features. While through parameter isolation in a data-driven manner, AdaptCL
can effectively adapt to datasets with varying levels of similarity, including dissimilar

ones.

5.2.2 Task-Specific Continual Learning
Structure-Based

Structure-based methods are primarily employed in task-specific scenarios, and these
methods use parameter isolation to handle both similar and dissimilar domains effec-
tively. They divide the network into separate modules to mitigate interference during
inference. While these techniques excel in managing catastrophic forgetting, they

present difficulties when directly applied to task-agnostic scenarios.

One approach, exemplified by Progressive Neural Nets (PNNs) [80], involves a static
growth of the architecture with equal-sized modules, allowing for forward knowledge
transfer between them. However, this method lacks a data-driven approach and re-
quires task-specific settings for subsequent tasks, limiting its flexibility. Another ap-
proach, represented by SILF [58], addresses parameter isolation by pruning unimpor-
tant parameters, isolating the important ones to mitigate forgetting. However, SILF
relies on manual pruning ratio setting instead of leveraging a data-driven approach.
Reinforced Continual Learning (RCL) [96] expands each layer using reinforcement
learning and enables parameter sharing. Nevertheless, this method necessitates task
labels as additional inputs during inference to determine the parameters to use. To
strike a balance between knowledge transfer and catastrophic forgetting, CLAW [2]
identifies which parts of the network should be shared or preserved for specific tasks.
PathNet [19] and RPS-Net [72] adopt a modularized network with multiple possible

paths from input to output. They choose specific paths based on tasks or dataset
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labels. Additionally, RPS-Net includes a distillation loss and retrospection replay to
further minimize forgetting. CAT [38] masks used parameters and blocks gradient
flow through unused units for dissimilar tasks. Task masks are stored according to
task ID or label and need to be retained during testing. Other methods, such as
DAM [79], CLNP [22], and PackNet [61], leverage pruning to strike a balance be-
tween model sparsity and performance. DAM assigns learning of each domain to a
fraction of the network, typically with the same percentage (e.g., 13%). CLNP and

PackNet prune parameters based on specific percentages.

Notably, the power of structure-based parameter isolation methods like PackNet has
been demonstrated through recent advancements [17] that have shown superior per-

formance compared to other continual learning methods [75, 55| 83, 4], 411, [51].

However, challenges persist, particularly when dealing with heterogeneous datasets
in task-agnostic settings, which calls for more adaptive approaches. Our previous
work [IT3] priorly applied the structure-based parameter isolation method to the task-
agnostic scenario. However, its coarse-grained pruning resulted in limited adaptability
to the heterogeneity of dataset size and similarity, leading to sub-optimal accuracy.

Additionally, more adequate validation is needed on heterogeneous datasets.

5.3 Problem setting and objective

We are given a sequence of non-IID datasets Di, Ds,...D,, for a fixed task. Each
dataset consists of a group of labelled data (X,Y) € D, where X and Y are in-
put variables and the corresponding output variables, respectively. A task-agnostic

continual learning setting aims to optimize:

meaX Eip|Ex,y)~p,[log pe(Y | X)]] (5.1)

where 6 identifies the parametrization of the network. Such a maximization problem

is subject to continual learning constraints: when accessing the current dataset D at
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time ¢, it is impractical or impossible to access any previous or future dataset. We
aim to develop a task-agnostic continual learning method that can effectively handle

a sequence of heterogeneous datasets.

Here, the absence of known task or dataset labels prevents task-aware inference in
the model. The task-agnostic setting requires merging the output units into a single-
headed classifier, with more serious task interference between data from different

domains, which leads to more severe forgetting [1].

5.4 Adaptive Continual Learning

Pruned Parameters

Parameters Trained
on Previous Dataset

. Parameters Trained
on New Dataset

Reusing Frozen
Parameters for New
Dataset

Figure 5.2: The Adaptive Continual Learning (AdaptCL) training flow. It facilitates
adaptive learning via fine-grained data-driven pruning to respond effectively to vari-
ations in data complexity and dataset size. Additionally, it enables task-agnostic
parameter isolation to ensure optimal model performance on datasets ranging in sim-

ilarity without requiring manual selection of modules.

AdaptCL (Figure|5.2)) employs adaptive learning that utilizes fine-grained data-driven
pruning to adapt to variations in data complexity and dataset size. It also employs
a form of task-agnostic parameter isolation to mitigate the impact of varying degrees

of catastrophic forgetting caused by differences in data similarity.
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5.4.1 Fine-Grained Data-Driven Pruning

In continuous learning with heterogeneous datasets, effectively managing model com-
plexity becomes crucial within a limited computational budget. Fine-grained prun-
ing goes beyond traditional pruning approaches by compressing the model while
maintaining or even increasing accuracy. This data-driven pruning method aims to
strike a balance between network accuracy and sparsity, facilitating better parameter
reuse among similar datasets and improved fitting accuracy for complex or dissimilar
datasets. Let’s consider a neural network with a parameter set {W; : 1 < i < C},
where W; represents the parameter matrix at layer ¢ and C denotes the number of
layers. For fully connected layers, the corresponding parameter is W; € R%*“  where
o is the output dimension and ¢; is the input dimension. For convolutional layers, a
convolution kernel K; € Re*¢*wxh oxists, where ¢, represents the number of output
channels and ¢;, w, and h denote the number of input channels, width, and height
respectively. Pruning involves applying a binary mask MP? to each parameter W,
setting unimportant parameters to 0. To determine the masks, a trainable prun-
ing threshold vector t is introduced. The magnitude of parameters is compared to
the corresponding threshold values using a unit step function S(zx), as shown in the

following equation.

0, <0
S(x) = (5.2)

1, >0
MPy;=S([Wyl—t:), 1<i<c,1<j<q (5.3)

The corresponding element in pruning mask M?;; will be set to 0 if W;; needs to be

pruned.

Unlike traditional methods that use a fixed threshold value, achieving fine-grained

pruning requires a high-dimensional threshold, denoted as ¢, in order to ensure more
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precise pruning. For a fully connected layer or recurrent layer with a parameter size of
W € R%°*“ our threshold tensor size is t € R°. Each weight W;; will have a neuron-
wise threshold, denoted as t;, where W;; represents the jth weight associated with the
1th output neuron. Similarly, for convolutional layers, the thresholds are filter-wise.
Consequently, each neural network layer will be pruned based on high-dimensional
thresholds, where each row of the tensor has its unique threshold. This approach
ensures a more fine-grained pruning, avoiding the removal of potentially important
parameters. For fully connected and recurrent layers, instead of using the dense
parameter W, the sparse product WoMP is used in the batched matrix multiplication,
where o represents the Hadamard product operator. As for convolutional layers, each
convolution kernel is flattened to obtain W, following a process similar to that of fully

connected layers.

Inspired by the dynamic sparse training [54], we separate important and unimportant
parameters by learning a threshold for each fully connected and convolutional neural
network layer during training on one dataset. This threshold is a trainable parameter
that is updated along with the backpropagation of the neural network to achieve
a stepwise update. In order to make the binary step function S(z) in threshold
vector t trainable via back-propagation, a derivative estimation is needed. A long-
tailed higher-order estimator H(x) proposed by [97] is adopted for a balance of tight

approximation and smooth back-propagation.

2 —4dlz] —04,<2<04
—S(z) = H(z) =4 04, 04 < |z] <1 (5.4)

0, otherwise

To get the pruning masks MP with high sparsity, higher pruning thresholds are needed.
To achieve this, a sparse regularization term L, is added to the training loss that
penalizes the low threshold value. For each trainable masked layer with threshold

t, the corresponding regularization term is R = » 5 exp(—t;). Thus, the sparse
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regularization term L for a neural network with C' trainable masked layers is:

Li=) R (5.5)

exp(—x) is used as the regularization function since it is asymptotical to zero as
x increases. Consequently, it penalizes low thresholds without encouraging them to
become extremely large. Given the training dataset D, a sparse neural network can be
trained directly with backpropagation algorithm by adding the sparse regularization

term L, to the loss function as follows:
W=, t* = argmin[L (D; W) + a Ly (5.6)

where L (-) is the loss function, e.g., cross-entropy loss for classification, and « is the
scaling coefficient for the sparse regularization term, which can control the percentage
of parameters remaining. It is calculated according to the total number of iterations
of one dataset. For a new dataset, the pruning threshold ¢ is re-initialized, and a
new round of fine-grained data-driven pruning is restarted and be applied to neural

network parameters not occupied by previous datasets.

5.4.2 Task-Agnostic Parameter Isolation

To address the issue of catastrophic forgetting with varying similarity datasets, we
enhance the technique of parameter isolation. Traditional methods freeze learned
parameters during both training and inference, preventing them from being updated
and masking task-specific parameters. In contrast, our data-driven approach progres-
sively learns from frozen parameters while utilizing all parameters during inference.
This allows effective handling of heterogeneity in data similarity during continuous
learning. Parameter freezing in neural networks involves preventing specific param-
eters from being updated during training. In our approach, we introduce a binary

freeze mask, denoted as M, of the same shape as the parameters. This mask has a
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value of 1 for parameters that are allowed to be updated and 0 for frozen parame-
ters. We obtain the frozen parameters, 0, by element-wise multiplying the original

parameters by this mask:

;=00 M

During training, the gradients computed with respect to the loss function are applied
only to the non-frozen parameters, updating them according to the optimization
algorithm. The frozen parameters remain unchanged throughout the training process.
At the end of training on each dataset, we calculate a freeze mask M7, which is the
result of the union between the existing pruning mask and the freeze mask from the
previous round. This mask is used to freeze the learned parameters during the next

dataset training. The freeze mask M7 is calculated as follows:
Mfzj:S(‘Mf”—FMpU}), 1§Z§Co,1§j§(fz (57)

where S is the sign function, ¢, is the number of output channels, ¢; is the number of

input channels, and MP?;; is the pruning mask obtained after pruning.

In order to ensure that the corresponding gradient of the parameters in the freeze

mask M7 ij is set to 0 when W;; needs to be frozen, we use the following equation:

W* t* = argmin [L (D; W,t) + aL,] o (1 — M) (5.8)

Here, L(D;W,t) denotes the loss function on the current dataset, L is the penalty
for changes in learned parameters, « is the learning rate, W* and t* denotes the
optimal value of the weight and threshold respectively, and o denotes element-wise
multiplication between the matrices. During inference, all the parameters, including
the frozen ones, are used to make predictions, as the model has already learned
useful representations from them. By applying parameter freezing, a neural network
can retain knowledge from previous tasks while allowing for further learning without

catastrophic forgetting. For a new dataset, adaptive continual learning initiates a
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fresh iteration while preserving important frozen parameters. Pruning is only applied

to other free neural network parameters.

5.4.3 Adaptive Continual Learning Training Flow

Referring to the algorithm flow of our proposed method, depicted in Algorithm [2] at
the start of each new round of dataset training, threshold parameters are initialized.
During training, these threshold parameters are calculated and updated at each step

of backpropagation, leading to the refinement of the pruning mask.
MPy; =S5 ([Wi| =)

The refinement process, being fine-grained, data-driven, and step-wise, allows AdaptCL
to adapt to variations in data complexity and dataset size. Throughout the training
process, AdaptCL freezes the gradient descent at each step based on the freeze mask
(1— M7). This protects the current parameters from further modification, preserving
the knowledge learned in previous training rounds and mitigating the impact of catas-
trophic forgetting caused by variations in data similarity. At the end of each round
of training, AdaptCL generates an updated freeze mask to protect the current set of
parameters for future training. This allows AdaptCL to continue learning from new
data while retaining the knowledge gained from previous training rounds. Overall,
the adaptive learning with fine-grained data-driven pruning approach, coupled with
task-agnostic parameter isolation, enables AdaptCL to effectively adapt to variations
in data complexity and dataset size while mitigating the impact of variation of data

similarity during the training process.

5.5 Experiments

Our method is evaluated on a range of benchmark datasets with heterogeneous char-

acteristics, encompassing various domains and tasks. To assess the performance of
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our method, we apply the method to the widely recognized ResNet-18, LeNet-5 and
VGG-16 architectures. To establish a solid benchmark for comparison, we implement
several other baseline algorithms in the domain incremental setting. These algorithms
include SGD as the naive setting, as well as EWC, LwF, PRE-DFKD, PackNet*, and
Separated Models for Learning (SML). Particularly, PackNet* represents an extension

of PackNet specifically designed for our task-agnostic evaluation.

By conducting experiments on these benchmark datasets and comparing our method
against these baseline algorithms, we aim to gain insights into the performance of
our proposed approach and to assess its effectiveness in addressing the challenges of
tackling data heterogeneity in continual learning. In particular, we aim to answer the

following research questions:

Q1: How does AdaptCL compare to other baseline continual learning methods

in terms of average accuracy and parameter efficiency?

Q2: What is the effectiveness of AdaptCL in managing heterogeneity in se-
quential datasets from different application domains, such as Food Quality and

DomainNet?

Q3: What is the impact of AdaptCL’s fine-grained data-driven pruning tech-

nique on adapting to differences in data complexity and dataset size?

Q4: How does AdaptCL’s task-agnostic parameter isolation approach mitigate

catastrophic forgetting in the presence of varying degrees of data similarity?

5.5.1 Datasets

To evaluate our method, we choose the following four datasets:
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Large-Scale, Diverse Binary-Class Food Quality Dataset

The dataset comprises a total of 14,683 images of six different types of fruits and
vegetables, as shown in Figure (a), including apples, bananas, bitter gourds, cap-
sicums, oranges, and tomatoes. Each image in the dataset is classified as either fresh
or stale. The datasets vary in size, and the images are obtained from various sources
such as online image repositories, self-captured images, or artificially-generated im-
ages through data augmentation techniques, resulting in different levels of complexity
and similarity among the datasets. The datasets are designed to be heterogeneous
and challenging to evaluate the robustness and generalization of machine learning
models. All the images in the dataset have been preprocessed to ensure a uniform
size and aspect ratio of 64 x 64 pixels. The total size of the dataset is approximately

2GB.

Few-Shot, Multi-Class Food Quality Dataset

The used as a real-life application case to verify our solution on a small dataset size,
which poses a more challenging scenario compared to the previous binary classification
dataset. This dataset comprises images of Apples and Bread, each associated with
a freshness score label. The freshness scores range from 0 to 4, where 0 represents
total corruption and 4 indicates total freshness. The Apple dataset consists of a total
of 57 images, while the Bread dataset contains 93 images, as illustrated in Figure
5.3(b). This dataset aims to evaluate the model’s performance in adapting to very

few samples, and the ability to transfer knowledge to solve under-fitting.

DomainNet with heterogeneous complexity and size

The DomainNet[70] dataset consists of image data from six domains, each with a dif-

ferent amount of data, including real photos, painting, clipart, infograph, quickdraw,
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(a) Large-Scale, Diverse Binary-Class Food Quality Dataset. (b) Few-Shot, Multi-
Class Food Quality Dataset (¢) DomainNet comprises datasets with heterogeneous

complexity and size. (d) MNIST Variants with heterogeneous similarity.

98



5.5. Experiments

and sketch. There are 48K - 172K images (600K in total) categorized into 345 classes
per domain. DomainNet comprises datasets with heterogeneous complexity and size.
For instance, the Quickdraw dataset holds 172,500 images but requires only 439MB
of storage, while the Sketch dataset includes 69,128 images but occupies 2.5GB of
storage. The Sketch, Quickdraw, and Clipart domains are selected as datasets as
shown in Figure [5.3(c) to evaluate models’ performance on datasets with different

complexity.

MNIST Variants with heterogeneous similarity

To provide additional validation for our model, we choose to utilize MNIST Variants,
which include the MNIST, Permuted MNIST, Inverted MNIST, and Rotated MNIST
datasets. These datasets are organized into two sequences, each reflecting a different
level of similarity. The first sequence, referred to as the dissimilar sequence, consisted
of MNIST, Permuted MNIST, and Inverted MNIST. On the other hand, the second
sequence, referred to as the more similar sequence, comprised MNIST, Permuted

MNIST, and Rotated MNIST.

The datasets each consist of 70,000 images of handwritten digits from 0 to 9 of size
32 x 32. In each dataset, 60,000 images are used for training and 10,000 images for
the test, as listed in Figure [5.3(d).

e Permuted MNIST is an MNIST variant that applies a fixed random permu-
tation of the pixels of the MNIST digits. It also includes the same number

of images of handwritten digits. Permuted MNIST bears no resemblance to

MNIST at all.

e Inverted MNIST is another variant of the MNIST dataset inverting the color
of MNIST images from black to white. The Inverted MNIST and MNIST are

the exact opposite in the color of the input data and the same in the output.
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e Rotated MINIST is also a variant of the MNIST dataset. It rotates MNIST
data randomly by 0-45 degrees. There is some overlap of data between the

MNIST and the Rotated MNIST, making the two datasets similar to each other.

5.5.2 Networks Used

To evaluate the applicability of our proposed technique on networks of different sizes
and structures, we conducted our experiments using three popular network architec-

tures: LeNet-5, ResNet-18, and VGG-16.

LeNet-5 is a relatively simple architecture with 61,706 parameters and a compact size
of 0.24 MB. It was primarily designed for digit recognition in checks and consists of
7 convolutional layers. However, due to its limited number of convolutional layers,

LeNet-5 may face resource constraints when processing sequential datasets.

ResNet-18, on the other hand, is a more complex architecture with 11,172,810 pa-
rameters and a larger size of 42.62 MB. This network incorporates a greater number
of convolutional layers, making it better equipped to handle complex image recogni-
tion tasks. The increased number of parameters allows for a larger network capacity,

which is advantageous for continuous learning scenarios involving sequential datasets.

Lastly, we utilized the VGG-16 architecture, which is more parameter-rich, with
14,986,570 parameters and a size of 57.17 MB. This architecture offers a high de-
gree of expressiveness due to its numerous convolutional and fully connected layers.
5.5.3 Evaluation Metrics

For a principled evaluation, we adopt the following evaluation metrics[55]:

e Average Accuracy: ACC = %ZL Rr;

e Backward Transfer: BWT = -1~ ST (Rry — Ria)
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e Forward Transfer: FWT = ﬁ ZiT;; Ri_1;— b;

We consider access to a testing dataset for each of the D datasets. After the model
finishes learning about the domain t¢;, we evaluate its test performance on all T
datasets. By doing so, we construct the matrix R € R where R;; is the test
classification accuracy of the model on the dataset ¢; after observing the last sample
from dataset ¢;. Letting b be the vector of test accuracy for each task at random
initialization. For comparison, our primary criterion for evaluating performance is
the average accuracy (AAC) metric, where higher values indicate better performance.
Additionally, we consider the metrics of backward and forward transfer efficiency
(BWT and FWT), with higher values being preferred. Furthermore, we calculate
parameters (Params) to assess parameter efficiency. To gain a deeper understanding

of model performance across datasets, we also compare test accuracy for each dataset.

5.5.4 Baselines

To validate the effectiveness of our method in continual learning with heterogeneous
datasets, we compare our model with baseline algorithms. We implement all of the

following described baselines in our code base:

e Separated model learning (SML): Separate models are trained for every task,
achieving the highest possible accuracy by dedicating all the network resources
to that single dataset. In this case, there is no knowledge transfer or catastrophic

forgetting. It requires manual selection of the model during inference.
e SGD[I0]: A naive model trained with direct stochastic gradient descent.

e EWC[4I]: A regularization technique in continual learning that uses diagonal
elements of Fisher Information Matrix to constrain the weights of the neural

network and avoid catastrophic forgetting.
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e LwF[51]: A rehearsal-based method that uses knowledge distillation to preserve

previously learned knowledge along with training on new tasks.

e PRE-DFKD[9]: A recently proposed rehearsal strategy that rehearses the model
using the data-free knowledge distillation through the distribution of the previ-

ously observed synthetic samples from a Variational Autoencoder (VAE).

e PackNet[61]: A structure-based parameter isolation method that prunes a spe-
cific ratio of the network during training to sequentially ”pack” multiple tasks
into a single network. It requires knowing the number of datasets ahead to
calculate the pruning ratio. Also, it needs to select masks to indicate network
modules to perform during inference. We implement it in the task-agnostic

setting referred to as PackNet* later in this thesis.

5.5.5 Implementation Details

We use Pytorch and Torchvision libraries to implement neural networks. All of the
training images are scaled and normalized before training as preprocessing. Identical
processes are applied to the test images. The optimizer is stochastic gradient descent
(SGD), with a 0.001 learning rate, 0.9 as the momentum value, and Nesterov Ac-
celerated Gradient for regularization. To guarantee completely reproducible results,
we set seed value as 5 for the random function of Numpy, python Random, Pytorch,
Pytorch Cuda, and set Pytorch backends Cudnn benchmark as False, with Deter-
ministic as True, configuring PyTorch to avoid using nondeterministic algorithms for
some operations, so that multiple calls to those operations, given the same inputs,
will produce the same result. Algorithm [2] shows the learning procedure of AdaptCL.

We keep all the settings the same for our method and the baselines.

Considering the Fisher matrix of EWC, we use EWC X as 1. Regarding PackNet,

we implement it in a domain-incremental setting, which we refer to as PackNet* in

102



5.6. Results

the thesis. Instead of using a pre-trained model, we train it for the same number of
epochs as other methods, selecting ten epochs of sparse training following pruning,
as discussed in PackNet’s paper. To ensure each dataset received equal attention, we
prune the network to assign the same ratio of 1/7T" parameters per dataset, where T’
is the number of datasets. For PRE-DFKD, we follow the default setting and use
Kullback-Leibler Divergence (KLD) loss with a hyperparameter of 107°. Regarding
LwF, we set the hyperparameters Alpha and Temperature to 1 and 3, respectively.
For the naive settings with stochastic gradient descent (SGD), we simply fine-tune
the network on each new dataset without making any network modifications. For
Separated model learning, we use one network for training on every single dataset

and do not fine-tune it on other datasets.

We will make the implementation details and code publicly available upon publi-

cation, ensuring transparency, reproducibility, and facilitating further research in the

field.

5.6 Results

5.6.1 Performance on Datasets with Varied Size (Q1,Q2,Q3)

Large-Scale, Diverse Binary-Class Food Quality Dataset

Our method achieves an average accuracy of 78.2% on the six food datasets, surpass-
ing baseline methods by 4.32%. It outperforms other approaches in terms of final
accuracy and has the lowest parameter count (1.091 x 107) while effectively overcom-
ing catastrophic forgetting. Despite having fewer parameters, our model successfully
fits up to six datasets, with some minor accuracy gaps compared to SML due to
data complexity and the need for increased capacity. To unlock its full potential, we

recommend scaling up the model for improved accuracy in continual learning.
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Figure 5.4: Test accuracy comparison of continual learning methods on the Large-
Scale, Diverse Binary-Class Food Quality Dataset. Our proposed method, AdaptCL,
achieves higher average accuracy while consistently preventing catastrophic forgetting
in real-world applications with heterogeneous data, outperforming other methods.
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Table 5.1: Performance evaluation of continual learning methods in terms of average
accuracy (AAC), backward knowledge transfer (BWT), forward knowledge transfer
(FWT), and number of used parameters on the Large-Scale, Diverse Binary-Class
Food Quality Dataset. Our proposed method, AdaptCL, achieves the best AAC and

BWT with fewer parameters compared to other methods.

Test Accuracy?
AACt BWT 1T FWT1{ Params (x107) |

‘ Apple OrangeBananaTomatoGourd Capsicum

SML 0.998 - - 6.704 1.000 0.995 1.000 0.995 1.000 1.000
SGD 0.650 -0.419 0.033 1.117 0.530 0.425 0.665 0.425 0.855 1.000
LwF 0.683 -0.379 0.072 1.117 0.640 0.475 0.550 0.525 0.905 1.000
EWC 0.727 -0.326 0.058 1.117 0.530 0.610 0.860 0.485 0.875 1.000
PackNet* 0.695 -0.361 0.049 1.117 0.56 0.465 0.735 0.475 0.935 1.000
PRE-DFKD | 0.749 -0.300 0.085 1.117 0.570 0.705 0.775 0.505 0.940 1.000
AdaptCL 0.782  -0.252 0.041 1.091 0.840 0.415 0.770 0.705 0.975 0.984

Analyzing Figure [5.4] we observe the varying impact of learning across datasets due
to their heterogeneity. In most cases, our model maintains the highest accuracy on
the learned datasets. Comparing it to PackNet®, which also uses pruning methods,
we notice a notable accuracy increase on unlearned datasets during pruned epochs,
indicating the efficacy of pruning for enhancing generalization in continual learning
with relevant datasets. Our model struggles with the Orange dataset following train-
ing on Capsicum and Bitter Gourd datasets due to conflicting features, mainly caused
by the low data resolution of 64 x 64 pixels, which led the model to primarily rely on
color and shape to differentiate images. This issue, observed in all baseline models,

can be resolved by increasing data resolution.

Few-Shot, Multi-Class Food Quality Dataset

We also test our method on a Few-Shot, Multi-Class Food Quality Dataset to evaluate

its ability to generalize on small datasets. As the human brain is a few-shot learner,

105



Chapter 5. Research Contribution 2: Adaptive Continual Learning for Tackling
Heterogeneity in Sequential Datasets

Table 5.2: Comparison of average accuracy (AACT), backward knowledge transfer
(BWT?), forward knowledge transfer (FWT?1), Test Accuracy?, and the number of
used parameters (Paramx107] ) of various continual learning methods on the Few-
Shot, Multi-Class Food Quality Dataset with different training orders. AdaptCL
obtains better accuracy than using separated models for learning (SML) on small-

size datasets.

‘ Bread — Apple2 ‘ Apple2 — Bread

‘ Test Accuracy ‘ Test Accuracy
AAC BWT FWT Param AAC BWT FWT Param

‘ Bread Apple ‘ Apple Bread
SML ‘ 0.989 - - 2.235 0.978 1.000 ‘ 0.989 - - 2.235 1.000 0.978
SGD 0.774 -0.430 0.368 1.117 0.548 1.000 0.849 -0.281 0.452 1.117 0.719 0.978
LwF 0.782 -0.398 0.368 1.117 0.581 0.982 0.849 -0.281 0.452 1.117 0.719 0.978
EWC 0.763 -0.452 0.368 1.117 0.527 1.000 0.831 -0.316 0.452 1.117 0.684 0.978
PackNet* 0.894 -0.172 0.281 1.117 0.806 0.982 0.893 -0.193 0.398 1.117 0.807 0.978
PRE-DFKD 0.859 -0.086 0.404 1.117 0.892 0.825 0.867 -0.158 0.409 1.117 0.842 0.892
AdaptCL 0.995 0.011 0.316 1.014 0.989 1.000 0.980 -0.018 0.441 1.005 0.982 0.978

able to generalize from a few examples, we find that our AdaptCL method, designed
based on the neural reuse principle, can improve learning efficiency and performance
on small sample datasets similar to how humans learn. As shown in Table [5.2] when
evaluating the Few-Shot, Multi-Class Food Quality Dataset, AdaptCL achieves 99.5%
accuracy using 10% fewer parameters than baseline methods, even producing a rare
positive backward knowledge transfer of 1.08%, meaning the positive consequence of
inductive knowledge transfer is more significant than catastrophic forgetting. Since
the first dataset is small, the model is not fully trained, and easy to overfit; the new
dataset can make the network more robust to have higher accuracy during inference
on the test dataset. Our model outperforms the baselines” AAC by 11.20% and is
superior to using a separated model for learning (SML) on the Few-Shot, Multi-Class
Food Quality Dataset sequence with only 45% of SML’s parameters. These results
demonstrate the potential advantages of our model when encountering a continuous

stream of smaller datasets.

Effect of Training Orders To investigate the impact of training orders, we conduct
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experiments using different dataset sequences. Our method, AdaptCL, consistently
achieves the best results in both forward and reverse training orders, as shown in Ta-
ble[5.2] Unlike baseline methods, the average accuracy (AAC) of AdaptCL remains
unaffected by the training sequence, while the final accuracy of methods like SGD,
LwF, and EWC is heavily influenced by the order of training. This can be attributed
to AdaptCL’s fine-grained pruning and task-agnostic parameter isolation, which min-
imize catastrophic forgetting and promote model generalization, enabling adaptation
to new datasets regardless of their presentation order. These findings demonstrate
the significant impact of training order on the performance of traditional methods,
likely due to the tendency to overfit early datasets during training. The robustness
of AdaptCL to training order positions it as a preferred method for domains requir-
ing frequent learning and adaptation to new datasets, as it effectively avoids the

limitations associated with traditional methods.

5.6.2 Performance on Datasets with Varied Complexity (Q1,Q2,Q3)

Table 5.3: Results of different continual learning methods on the DomainNet dataset,
including their AAC, BWT, FWT, and the number of used parameters. Our proposed
method, AdaptCL, demonstrates the best AAC and BWT, indicating its ability to

handle datasets with heterogeneous dataset size and complexity.

Test Accuracy?T

‘ AAC 1 BWT ¢ FWT ¢ Params(x107) |

‘ Quickdraw  Sketch Clipart
SML ‘ 0.624 - - 3.404 0.774 0.573 0.524
SGD 0.449 -0.220 0.209 1.135 0.394 0.414 0.539
LwF 0.448 -0.237 0.103 1.135 0.381 0.411 0.552
EWC 0.457 -0.203 0.103 1.135 0.421 0.414 0.536
PackNet* 0.484 -0.180 0.098 1.135 0.483 0.448 0.521
PRE-DFKD | 0.461 -0.206 0.109 1.135 0.464 0.416 0.504
AdaptCL 0.531 -0.131 0.106 1.051 0.570 0.510 0.512
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We evaluate the performance of AdaptCL on the DomainNet sequence, which is a het-
erogeneous classification dataset made up of images from different domains, each of
varying size and complexity [70]. On the DomainNet dataset, rehearsal-based meth-
ods like LwF and PRE-DFKD perform poorly, especially LwF, even lower than SGD
without any Continual Learning method assistance. This is likely due to the large
and disparate sizes of the three subsets in DomainNet, making it challenging to adjust
simple knowledge distillation methods based on dataset size. Additionally, comparing
SML with other methods on the last subset, Clipart, we observe that learning models
on sequential datasets can facilitate faster learning and forward knowledge transfer,
resulting in higher test accuracy compared to separated model learning (SML). The
AdaptCL doesn’t achieve higher accuracy than SML on this subset due to pruning,
which makes the model more parameter efficient, but simultaneously slows down the
learning of new data because of insufficient model capacity. This issue can be solved
by network expansion. As shown in Table [5.4, AdaptCL outperforms the baselines,
improving network performance by 18.24% in average accuracy and 44.79% in back-
ward transfer compared to SGD, while beating the baselines CL methods by 9.7%
in AAC and 30.69% in BWT, by using only 92.65% of their parameters. Despite
the impressive results, gaps in accuracy persisted compared to using separate models
for learning, primarily due to the complex nature of the DomainNet data that de-
mand increased model capacity to handle more complex information with significant
distribution shifts within the dataset. From Figure 5.5 we can see that even with
significant differences in data, Clipart, Sketch, and Quickdraw can rely on forward
knowledge transfer to achieve faster learning. In the context of continual learning,
old datasets can improve the accuracy of new datasets, making CL methods more
accurate than using separate models for learning (SML) to learn new data. Among
the methods evaluated, rehearsal is the most effective in promoting faster learning,

while AdaptCL excelled in accuracy retention.
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Figure 5.5: Results of continual learning methods on the DomainNet that comprises
datasets with heterogeneous complexity and size. AdaptCL achieves the best average
accuracy and is the most robust to datasets with varied complexity and size. (Best

viewed in color)
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5.6.3 Performance on Datasets with Varied Similarity (Q1,Q4)
Dissimilar MINIST Variants

Table 5.4: Comparison of average accuracy (AAC), backward knowledge transfer
(BWT), forward knowledge transfer (FWT), and the number of used parameters of
different continual learning methods on the dissimilar MNIST Variants dataset. Our
proposed method, AdaptCL, achieves significantly higher AAC, BWT and FWT with
fewer parameters compared to other methods. AdaptCL achieved comparable AAC
results while using 31.2% of SML’s parameters.

Test Accuracy?
AACT BWT{ FWTY Params (x107)]

‘ MNIST  Permuted MNIST  Inverted MNIST

SML 0.989 - - 3.352 0.993 0.980 0.993
SGD 0.755 -0.351 0.006 1.117 0.483 0.787 0.994
LwF 0.643 -0.521 -0.002 1.117 0.331 0.604 0.994
EWC 0.753 -0.354 0.009 1.117 0.363 0.776 0.993
PackNet* 0.841 -0.222 0.009 1.117 0.591 0.939 0.993
PRE-DFKD 0.784 -0.274 0.011 1.117 0.723 0.686 0.943
AdaptCL 0.967 -0.019 0.023 1.046 0.980 0.936 0.986

We screen two sets of MNIST Variants to compose similar and dissimilar sequences,
with the dissimilar sequence as MNIST, Permuted MNIST, and Inverted MNIST.
Regarding the dissimilar MNIST Variant sequence, AdaptCL significantly improves
the network’s average accuracy (AAC) by 28.14% and alleviates forgetting (BWT)
by 94.50% (Table [5.3). It outperforms baselines by 15.03% in AAC and 91.30% in
BWT on this sequence. Compared to separated model learning (SML) where separate
models are trained for each task, AdaptCL achieves comparable AAC while utilizing
only 31.2% of SML’s parameters. Our method’s ability to minimize forgetting while
learning dissimilar datasets, its parameter efficiency, and generalization contribute to

its effectiveness.

Rehearsal and regularization-based methods like EWC, LwF, and PRE-DFKD per-

110



5.6. Results

form poorly on the Dissimilar MNIST Variants dataset due to the vast data amount
and dissimilarity between datasets. Parameter isolation-based methods like Pack-
Net* and our method, AdaptCL, demonstrate significant advantages on this dataset.
Training with plain SGD leads to catastrophic forgetting and a performance decline
of at least 50% (Figure [p.6). EWC slows down the performance decline initially,
but it deteriorates over time. While PackNet* shows some improvement through
pruning during learning on Dataset A, it is not as effective as AdaptCL in inhibit-
ing catastrophic forgetting. AdaptCL, with a fixed neural network, adapts to new
datasets while maintaining high performance on previous datasets without significant

forgetting.

To understand why EWC and LwF performed worse than SGD, we test them with
different hyper-parameters and epochs and find that they perform better with fewer
training epochs. This is because MNIST has a large dataset size, requiring numerous
iterations of training. When training on the new dataset, using fewer epochs will lead
to less over-fitting on the new dataset. For example, with 10 epochs of training per
dataset, SGD has an AAC of 78.88%, -30.02% BWT, and 1.11% FWT, while EWC
has an AAC of 79.38%, -29.30% BWT, and 5.71% FWT. However, as the number of

epochs increased, these methods struggled to suppress over-fitting in the new dataset.

More similar MNIST Variants

In a similar MNIST Variant sequence consisting of MNIST, Permuted MNIST, and
Rotated MNIST, our method maintains the highest accuracy, outperforming baselines
by 21.8% while using fewer parameters (Table[5.5)). AdaptCL achieves significant for-
ward knowledge transfer on similar datasets with minimal catastrophic forgetting.
Although it may not achieve the best accuracy on particularly similar datasets like
MNIST and Rotated MNIST, our model consistently performs well on datasets with

heterogeneous similarity, avoiding overfitting to similar datasets. As dataset similar-
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Figure 5.6: Test accuracy comparison of continual learning methods on three dissim-
ilar MNIST Variant datasets. Compared with using separated models for learning
(SML), AdaptCL achieved comparable AAC results while using only 31.2% of SML’s
parameters. AdaptCL’s ability to achieve minimal forgetting while learning dissimi-
lar datasets, coupled with its parameter efficiency, establishes the effectiveness of our

approach. (Best viewed in color)
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Figure 5.7: Visualization of each method’s test accuracy training on more similar
MNIST Variant datasets. Still, AdaptCL retains the best performance compared
with other CL methods. Compared with using separated models for learning (SML),
AdaptCL can increase the accuracy on similar unseen datasets via forward knowledge

transfer. (Best viewed in color)
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Table 5.5: Comparison of average accuracy (AAC), backward knowledge transfer
(BWT), forward knowledge transfer (FWT), and the number of used parameters
of different continual learning methods on more similar MNIST Variant datasets.
AdaptCL retains the best performance compared with other CL methods that use

one model for learning.

Test Accuracy?
AACT BWT{ FWTY Params (x107)]

‘ MNIST  Permuted MNIST  Rotated MNIST

SML 0.989 - - 3.352 0.993 0.980 0.992
SGD 0.884 -0.156 0.077 1.117 0.994 0.666 0.993
LwF 0.729 -0.391 0.023 1.117 0.993 0.204 0.991
EWC 0.889 -0.149 0.088 1.117 0.994 0.681 0.992
PackNet* 0.938 -0.076 0.101 1.117 0.994 0.830 0.991
PRE-DFKD 0.822 -0.240 0.179 1.117 0.991 0.488 0.988
AdaptCL 0.958 -0.032 0.339 1.044 0.990 0.900 0.985

ity increases, EWC effectively suppresses catastrophic forgetting and achieves higher
average accuracy than SGD. This differs from previous experiments on dissimilar
datasets where EWC had negative effects. LwF and PRE-DFKD struggle to bal-
ance the importance of different datasets, leading to significantly lower accuracy for
Permuted MNIST, indicating that rehearsal-based methods are not suitable for large
datasets with heterogeneous similarities. In contrast, our method shows robust per-
formance in such scenarios. In Figure [5.7(b), the bottom of the chart shows that
CL methods’ inference accuracies on Rotated MNIST increase in the first 20 epochs
due to the dataset’s similarity to MNIST. Compared to separated model learning
(SML), other CL methods enhance model generalization, leading to better accuracy
and faster learning on unseen datasets. However, catastrophic forgetting still occurs
when learning Permuted MNIST with a strong distribution shift. AdaptCL minimizes
catastrophic forgetting, enabling the model to maintain high accuracy and generaliza-
tion. We also observe that catastrophic forgetting sharply increases at the beginning

of new data training, eventually reaching equilibrium as the accuracy of the new
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dataset balances. Notably, rehearsal-based methods like LwF and PRE-DFKD ex-
acerbate catastrophic forgetting on the dissimilar second dataset, Permuted MNIST,
when learning the third dataset, Rotated MNIST, due to their high similarity to the
initial MNIST dataset. This highlights the challenge for rehearsal-based methods
in adapting to varying dataset similarity, resembling the challenge posed by varying

data volumes.

5.6.4 Performance on Different Networks (Q1)

Table 5.6: Results of different continual learning methods applied on LeNet-5 with
limited network capacity, including their AAC, BWT, FWT, and the number of used
parameters. AdaptCL is also quite effective on LeNet-5, with the best BWT and
comparable AAC with PRE-DFKD. It comes in second of AAC after PRE-DFKD,

which may be due to less parameter usage.

Test Accuracy?

AACT BWTT FWTT Params (x10%)]
MNIST  Permuted MNIST  Inverted MNIST

SML 0.968 18.51 0.948 0.978 0.977
SGD 0.479 -0.740 0.049 6.171 0.233 0.220 0.983
LwF 0.542 -0.646 0.045 6.171 0.243 0.398 0.984
EWC 0.098 -0.839 0.003 6.171 0.098 0.098 0.098
PackNet* 0.533 -0.644 -0.018 6.171 0.141 0.482 0.975
PRE-DFKD  0.579 -0.479 0.027 6.171 0.421 0.332 0.985
AdaptCL 0.567  -0.457 0.041 6.162 0.220 0.740 0.742

AdaptCL can be applied to neural networks with fully connected, recurrent, or convo-
lutional layers. We also apply our method to the shallow Lenet-5 network and more

complex VGG-16 to test its performance over different networks.

As shown in Table (5.6, we test the performance of different continual learning methods
applied on LeNet-5 with network capacity constraints, and catastrophic forgetting

increased significantly compared to ResNet-18. AdaptCL is also quite effective on
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Table 5.7: Results of different continual learning methods applied on VGG-16, in-
cluding their AAC, BWT, FWT, and the number of used parameters. AdaptCL is
still very effective on VGG-18, having the best AAC and BWT with less parameter

usage compared to other CL methods.

Test Accuracy?
AACT BWTT FWT{ Params (x10%)]

MNIST  Permuted MNIST  Inverted MNIST

SML 0.990 - - 4.496 0.995 0.980 0.995
SGD 0.730 -0.390 -0.004 1.499 0.441 0.753 0.994
LwF 0.763 -0.342 -0.342 1.499 0.532 0.762 0.995
EWC 0.747 -0.363 0.021 1.499 0.455 0.792 0.994
PackNet* 0.802 -0.281 -0.015 1.499 0.527 0.885 0.885
PRE-DFKD  0.865 -0.182 0.010 1.499 0.841 0.767 0.989
AdaptCL 0.963 -0.027 -0.003 1.396 0.979 0.922 0.987

LeNet-5, with the best BWT and second-highest AAC. It comes in second after PRE-
DFKD, which may be due to less parameter usage compared to PRE-DFKD. And
in terms of overcoming catastrophic forgetting, even with limited network capacity,
our method outperformed other methods in BWT. The EWC’s result is deficient on
LeNet-5 because the model collapsed during training on the third dataset, exceeding
its capacity. We find that rehearsal-based approaches also perform better in this
situation where model parameters and capacities are insufficient, presumably because

they do not regulate the model itself so much as the data.

According to the results of different continual learning methods on VGG-16 still,
AdaptCL demonstrate its effectiveness on MNIST Variants datasets. It shows the best
average accuracy of AAC and BWT and exceeds the baseline method. It is worth
noticing that when VGG-16 was used, most CL methods obtained negative FWT.
From the experiment, the test accuracy of Permuted MNIST was not improved but
actually decreased after only learning the dataset MNIST. This is probably because
Permuted MNIST and MNIST have no similarity in the image structure, and the

network structure of VGG prevents it from being able to observe permutation, while
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ResNet-18 is slightly better in this respect.

5.6.5 Ablation Study (Q3,Q4)
Parameter Isolation Ratio

To validate our intuition, we analyze and visualize the pruning ratio of the model
in different datasets. Figure [5.9(a) displays the epoch-wise accuracy changes of the
sparse network compared to fine-grained data-driven pruning and the dense network
without pruning, along with the corresponding model remaining ratio during train-
ing. Our method dynamically and adaptively learns the model remaining ratios dur-
ing training on each dataset, rather than manually setting fixed ratios as in other
pruning methods. Additionally, fine-grained data-driven pruning enables a highly
sparse pruned network to achieve the same accuracy as a dense network. Further,
Figure [5.9(b) illustrates the change in the remaining ratios of the ResNet-18 model
for each dataset of MNIST Variants at each epoch. Figure |5.9(b) demonstrates that
it is possible to fit the new dataset without sacrificing the accuracy of the old dataset
by adding only a few parameters, even when there are significant differences in data
distribution between the old and new datasets. Consequently, manually assigning the

same parameter ratio to all datasets is not reasonable.

Parameter Execution Pattern

To analyze the parameter reuse in AdaptCL, we visualize the pattern of parameter
execution during training and the proportion of each layer in the neural network
occupied progressively by different datasets. Figure (a) displays the pattern of
parametric ignition of the first Conv2d layer (flattened) on the MNIST Variants. Fig-
ure M(b) presents the proportion of parameters occupied during adaptive learning

in each convolution and fully connected layer of ResNet-18. From these figures, we ob-
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Figure 5.8: Comparison of model keep ratio (1- pruning ratio) between (a) PackNet*
model and (b) our model. The diagrams present the change of model remaining
ratios during the whole training process (60 epochs). PackNet* manually assigns the
same ratio to each dataset. Our model adaptively assigns the corresponding ratio to
learning incremental datasets in a data-driven way. It assigns a very high proportion
of parameters to learning the first dataset from scratch, and only a small proportion

of parameters to generalize existing parameters to the subsequent dataset.

1.000
0 1.0 < ettt e
.- o
= < 0.975
0.8 >M
" Y
& 2 2o.950
0.6 —~— Dense accuracy 5'E
£0. g
g Sparse accuracy b 20.925
5041 T —— Parameter keep ratio f Z 0,900
E [ é E ) —— MNIST
<021 | = 0.875 Permuted MNIST
z:’ : 2° —— Inverted MNIST
0.01, . . : 0.850 1 . . . ;
0 10 20 30 0 5 10 15 20
Epochs Epochs
(a) (b)

Figure 5.9: (a) Model on ResNet-18 remaining ratio and sparse accuracy compared
with dense accuracy, using a = 107, (b) Change of model remaining ratio during

training on MNIST Variants. (Best viewed in color)
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serve that the parameters activated during previous task training remain unchanged
when learning a new dataset. Additionally, we notice that some previously unused
parameters (black) become activated during the new dataset training, contributing

to the overall generalization of the network.

Hyperparameters

The hyperparameter a controls the intensity of pruning in the loss function during
training, and it plays a crucial role in determining the final balance of model spar-
sity. We explore the effect of different o values, ranging from 1073 to 1077, in our
experiments. The value of « is mainly determined based on the data amount and
training epochs, as pruning is primarily performed in each iteration of the training
step. We aim to ensure that the product of the total number of iterations (e.g., image
numbers multiplied by epochs) and « is approximately 1, allowing for efficient and
effective pruning. To investigate the influence of different a values on the model’s
pruning intensity, we conduct experiments using different models, such as ResNet-18
and LeNet-5. Additionally, we examine the change in the model’s remaining ratio for
various « values. The results are shown in Figure [5.11] providing insights into the
relationship between «, pruning intensity, and the model’s remaining parameters for

each architecture.

5.7 Chapter Summary

In this chapter, we aimed to tackle the challenge of managing heterogeneous datasets
in continual learning. We observed unstable performance of rehearsal, regularization,
and non-adaptive parameter isolation-based methods when dealing with multiple het-
erogeneous datasets in experiments. Inspired by the neural-reuse principle of human

brains, we presented AdaptCL, a novel continual learning algorithm. Our proposed
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Figure 5.10: Illustration of the parameter execution patterns for continually trained
models on MNIST Variants. Heatmap (a) showcases the firing probability of the xth
parameters within the 1st Conv2d layer demonstrated in the x-axis; it illustrates that
subsequent datasets maintain and reuse the previous parameters and generalize by
adding new connections to them. The heatmap (b) shows the utilization ratio of

different layers.
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Figure 5.11: (a) Pruning effect in ResNet-18 for different value of hyper-parameter
a. (b) Change of model remaining ratio with ResNet-18 and LeNet-5 for different «.

(Best viewed in color)

method effectively addresses the challenge of managing heterogeneous datasets in
continual learning, outperforming existing approaches in terms of robustness and
achieving higher average accuracy. Additionally, AdaptCL proves to be a proficient
few-shot learner, exhibiting the capability to make generalizations based on limited ex-
amples similar to human cognitive abilities. By introducing fine-grained data-driven
pruning and task-agnostic parameter isolation, we address catastrophic forgetting
and demonstrate the effectiveness of AdaptCL across heterogeneous datasets in di-
verse applications. Our work contributes to the field by providing a novel algorithm
that improves performance in heterogeneous dataset scenarios. While our approach
is computationally efficient, we acknowledge the limitation of reduced learning effi-
ciency with insufficient model capacity. To address this, future work will focus on
introducing network expansion techniques to enhance scalability on a growing number

of heterogeneous datasets.
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Algorithm 2 Training Flow of AdaptCL

1: Require: weight of parameter W, threshold vector ¢ is initialized with zero tensor.

2: for dataset d= 0, 1, 2,... do
3:  for layer in model do

4: Reset threshold ¢ < 0

5:  end for

6: for epoch do

7 for step do

8: update pruning mask M?;; = S (|W;;| —t; )
9: update pruned weight W =W o M?
10: for layer in model do
11: update the loss L (-) = L (D; W) 4+ aLs
12: end for
13: if d == 0 then
14: gradient decent W* t* = argminL (-)
15: else
16: gradient decent with frozen parameters W* t* = argminL (-)o (1 — M)
17: end if
18: end for

19:  end for
20:  update freeze mask MY;; = S (‘Mfi_j + Mpz'j| )

21: end for

122



Chapter 6

Research Contribution 3:
Addressing Growth-Induced
Forgetting with SparseGrow in

Continual Learning

6.1 Introduction

In the field of continual learning (CL), model growth becomes essential for better
adaptation to new data and experiences, thereby improving scalability for manag-
ing incremental knowledge [26, [15]. In real-life scenarios with evolving needs—such
as self-evolving agents, autonomous vehicles, and language models—model growth is
crucial for effectively handling information updates, increasing task complexity, and
incorporating new features or modalities. As experiences accumulate and task com-
plexity rises, a fixed-capacity model can quickly become a bottleneck, struggling to
integrate new information while retaining the knowledge it has previously acquired.

To address the above challenge, the model needs to intelligently expand its parameter
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Figure 6.1: The three types of model growth methods applied to ResNet and their
performance compared to not applying model growth (No Growth) in handling se-
quential domains. These methods include: 1) Layer Expansion, which widens each
layer of the model; 2) Lateral Connection, introducing new lateral layers connected
to adjacent layers; and 3) In-Depth Growth, adding hidden layers to increase model
depth. (a) Depicts the change in average accuracy following the application of differ-
ent model growth methods. (b) Shows the average accuracy and backward knowledge
transfer of these methods. In this context, Layer Expansion demonstrates the highest
average accuracy and the least forgetting in terms of backward transfer, even sur-

passing the performance of No Growth. (Best viewed in color)
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capacity. This helps ensure high adaptability and sustainable scalability, forming the

foundation for truly lifelong learning systems.

However, improper model growth often leads to a degradation of performance on
previously learned tasks, an issue we identify as growth-induced forgetting, especially
in task-agnostic continual learning settings such as domain and class incremental
learning settings [114) 84 B0]. In these scenarios, the task label is unavailable, and
the entire model, including expanded parameters, are used for inference. Unlike
traditional catastrophic forgetting, which occurs due to changes in data distribution,
growth-induced forgetting is a distinct phenomenon. It arises not from new data
but from increasing the model’s parameter capacity—for example, by adding new neu-
rons or layers to a previously trained model. This growth can disrupt the model’s
ability to retain or effectively use the knowledge learned before the growth. A similar
phenomenon is observed in neuroscience, where increasing neurogenesis in the brain
after memory formation can promote forgetting, referred to as neurogenesis-based

forgetting [16].

Some existing works in continual learning [94] T0T], 42] adopt different model growth
strategies and randomly initialize them to enhance adaptability. However, they fail
to recognize the presence of growth-induced forgetting resulting from improper model
growth. These methods are mostly task-specific, requiring manual task identification
during inference to avoid forgetting, and not applicable for domain or class incremen-
tal scenarios; the rest are task-agnostic methods adopting improper model growth
and initialization strategies that may further lead to growth-induced forgetting. Nev-
ertheless, the lack of explicit acknowledgment of the growth-induced forgetting issue
poses challenges in identifying suitable model growth approaches. This not only limits

comprehensive control of forgetting but also hinders full utilization of model growth.

To our knowledge, this study is the first to identify and systematically investigate the
phenomenon of growth-induced forgetting in continual learning. Our work provides

a comprehensive analysis aimed at developing effective strategies for model growth
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that expand the model’s capacity while minimizing the risk of forgetting previously
learned knowledge. Our study finds that layer expansion, which widens layers without
impacting model functionality, can increase the sparsity of the model gradient in
subsequent learning [65]. This feature distinguishes it from alternative model growth

strategies, such as lateral connections and in-depth growth.

The impacts of these growth methods on growth-induced forgetting differ: Layer
expansion expands parameters in width, which are computed collectively during in-
ference; Lateral connections here refer to the addition of lateral layers, with the values
from the lateral layers added to the main pathway; In-depth growth involves adding
new hidden layers to a neural network, introducing new computations for preceding
and succeeding layers’ parameters. To promote both adaptability and knowledge re-
tention with model growth, we have identified two critical elements: gradient and
parameter sparsity. Drawing inspiration from neurogenesis [10], [I8], we propose a
novel sparse model expansion growing (SparseGrow) approach. SparseGrow utilizes
layer expansion and gradient gating to improve gradient sparsity. With expanded
layers, only a small portion of the model’s parameters need to be updated when
training for a new task. Meanwhile, gradient gating protects important parameters
by using gradient masks. This sparsified gradient allows for targeted updates on the
parameters while maintaining critical ones, ensuring network stability and preventing
forgetting caused by growth. Furthermore, SparseGrow enhances parameter sparsity
through both sparsity in training and initialization. Sparse training helps maintain a
compact network without compromising accuracy, allowing the network to retain pa-
rameters that can adapt to new tasks. By initializing expanded layers with partially
zero-valued parameters that are tailored to the dataset distribution, we aim to care-
fully control the model’s plasticity. This approach enhances adaptability to new data
and helps reduce forgetting that can occur due to model growth. In contrast, zero ini-
tialization can hinder updates, while random initialization may introduce unwanted

interference.
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To validate our findings, this study conducted extensive experiments across differ-
ent task-agnostic settings using domain and class incremental datasets with varying
numbers of tasks. The results highlight the importance of gradient and parame-
ter sparsity during layer expansion. Our approach effectively addresses the issue of
growth-induced forgetting while demonstrating adaptability and knowledge retention

for incremental tasks. The main contributions of this paper are threefold:

e Our study reveals growth-induced forgetting, a novel variant of catastrophic
forgetting observed when a model’s capacity expands. This discovery fills a gap
in existing research and contributes to the ongoing research on catastrophic

forgetting.

e This work presents an in-depth study comparing various model growth strate-
gies, revealing the potential of layer expansion to retain model knowledge through

increased gradient sparsity.

e This work highlights the critical roles of gradient and parameter sparsity in con-
tinual learning. We propose SparseGrow, a novel method that effectively miti-
gates growth-induced forgetting via layer expansion, gradient gating, and sparse
initialization /training during model growth. Our study shows that SparseGrow
effectively maintains adaptability and knowledge retention in task-agnostic con-
tinual learning scenarios, supported by experimental validation in both domain

and class-incremental settings.

6.2 Related Works

6.2.1 Growing Approaches

At present, there are three kinds of model growth methods. One is the lateral con-

nection in width, the second is layer expansion in width, the third is growing in
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depth.

Lateral Connection

Lateral connection grows new modules or layers in parallel with existing layers and

allows connections with previous layers.

For instance, Progressive Neural Nets (PNNs) [80] statically grow the architecture
with randomly initialized modules while retaining lateral connections to previously
frozen modules. However, this method is limited to specific simple networks. Schwarz
et al. [81] use randomly initialized active lateral columns (1x1 conv) to learn new
tasks by connecting them to lateral columns that store previous knowledge. They
also distill knowledge from the active column to knowledge base layers. This method
is applicable to Conv2d layers but is limited to specifically designed simple networks
and lacks generality. Zhang et al. [105] adopt AutoML-based model growing with
both lateral connections and in-depth growth. They also use knowledge distillation to
compress the model after learning a task. This method is applied to complex networks
like VGG. However, using AutoML or similar methods often requires defining the
layers for growth during the initial model definition, limiting its applicability. In-
depth and lateral growth can also lead to more forgetting. Ardywibowo et al. [6]
propose VariGrow, which detects if a new task is arriving through an energy-based
novelty score. If the novelty score is high and the sample is ”detected” as a new
task, VariGrow grows a new expert module to handle it. Otherwise, the sample is
assigned to one of the existing experts that is most familiar with it. Unlike other
methods, VariGrow is task-agnostic continual learning and does not require task
identification during inference, making it suitable for class and domain incremental
continual learning. However, this method can prevent the update of old modules
when encountering similar data. In Hu et al. [31], given a new task ¢, a new branch

called the task t expert is added while freezing existing experts. This is achieved
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by introducing dense connections between the intermediate layers of the task expert
networks. Li et al. [50] propose a hybrid solution for lateral connection and layer
expansion, involving three operations: 'new’, 'adaptation’, and 'reuse’. The new’
operation introduces a randomly initialized 3x3 layer trained from scratch. In the
‘reuse’ strategy, existing frozen weights are reused. The ’adaptation’ strategy adds a
1x1 convolution layer in parallel to a 3x3 convolution layer, keeping the original 3x3
kernel fixed while learning the parameters of the 1x1 adapter. However, this hybrid

solution is limited to specially designed Conv2d networks and lacks generality.

Layer Expansion

DEN [102] uses layer expansion in a top-down manner, growing every layer if the loss
does not meet a threshold. Similar to DEN, Hung et al. [32] expand the number of
filters (weights) for new tasks. Moreover, they adopt gradual pruning to compact the
model. However, different from our sparse growing method, their pruning is not data-
driven, and their method requires manual help of task IDs during inference, making
it unsuitable for domain incremental or class incremental learning. Ostapenko et al.
[67] introduce Dynamic Generative Memory (DGM) and expand the same number of
neurons used in a layer in the generator of a GAN for the scalability of rehearsal. The
scope of rehearsal is expanded. Geng et al. [20] expand the hidden size Hy for the
k-th task from Hj_; by the pruning ratio of task k — 1. After random initialization,
on-data finetuning is performed for the newly added parameters. Yang et al. [101]
grow a randomly initialized expanded filter and concatenate it to the network. Xu
et al. [96] adaptively expand each layer of the network when the t-th task arrives.
This method is also applicable for simple convolutional networks and fully-connected
networks. Yan et al. [98] expand the model with new parameters by creating a
separate feature extractor F; for incoming data and taking a uniform distribution as

the prior distribution. This method is also applicable for class incremental learning.
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In-Depth Growth

Some non-continual learning methods, such as Wen et al. [04] and Yuan et al. [104],
increase the depth of the neural network in the hidden layer to achieve faster conver-
gence and efficiency. Yan et al. [98] also increase the depth of the neural network in
the hidden layer to achieve faster convergence and efficiency. They use random initial-
ization, which can help escape from a bad starting point. Yuan et al. [104] propose a
budget-aware growing process that starts from a small, simple seed architecture and
dynamically grows and prunes both layers and filters to make the network wider and

deeper. They also adopt the initialization of ResNet or VGG.

In the field of continual learning, a few papers also utilize in-depth growth to increase
model capacity: Kozal et al. [42] add new layers on top of existing ones. Zhang et
al. [105] adopt AutoML-based model growing in both width and depth by adding
lateral layers and in-depth layers. They also use knowledge distillation to compress
the model after learning a task. Nevertheless, adding new layers in depth within the
neural network can have a profound impact on the model’s structure compared to
growing in width, leading to more severe growth-induced forgetting and altering the
learned features of previously acquired tasks. This effect undermines the network’s
ability to retain prior acquired knowledge and, therefore, is not suitable for continual

learning.

6.2.2 Overcoming growth-induced forgetting

In this section, we explore the related works in overcoming growth-induced forgetting.

growth-induced forgetting is currently primarily defined and addressed in the field of
neural architecture search (NAS). Existing methods in NAS mainly employ regular-
ization techniques. For instance, Benyahia et al. [§] introduce a statistically-justified

weight plasticity loss that regularizes the learning of a model’s shared parameters
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according to their importance for the previous models. Zhang et al. [109] define
growth-induced forgetting and propose a Weight Plasticity Loss (WPL) to reduce
this forgetting in One-Shot NAS, which aims to maximize the posterior probability.

While the problem of growth-induced forgetting caused by model growth is currently
only defined in the neural architecture search area, it has also been indirectly ad-
dressed in the context of continual learning. Several studies in continual learning
have developed methods to handle model growth and maintain accuracy on previ-
ous tasks, albeit without explicitly recognizing or referring to the phenomenon of

growth-induced forgetting.

Here, we focus on task-agnostic continual learning, excluding task-specific continual
learning, which relies on manual labelling of task IDs to assist machines in selecting

the model’s inference region, thereby bypassing growth-induced forgetting.

Existing task-agnostic continual learning approaches typically employ regularization
and rehearsal methods to mitigate the forgetting problem encountered by models.
For example, Madaan et al. [59] build on top of the distillation family of techniques
and modify it for a new setting where a weaker model takes the role of a teacher.
They propose Quick Deep Inversion (QDI) to recover prior task visual features to

enhance distillation.

Zhang et al. [105] use RWC to alleviate forgetting while employing knowledge distil-
lation for compression. Schwarz et al. [81] use Elastic Weight Consolidation (EWC)
to overcome forgetting caused by adding an active column. Ostapenko et al. [67]
expand the same number of neurons used in a layer in the generator of GAN for
the scalability of rehearsal. Ardywibowo et al. [6] propose a different method called
VariGrow. It detects if a new task is arriving through an energy-based novelty score.
If the novelty score is high and the sample is "detected” as a new task, VariGrow
will grow a new expert module to be responsible for it. Otherwise, the sample will be

assigned to one of the existing experts who is the most ”familiar” with it. However,
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this method has a drawback in that when encountering similar data, the old modules
cannot be updated with new data, which hinders knowledge reuse and propagation

between modules and is not parameter-efficient.

Similar to our approach’s task-agnostic freezing method, Yan et al. [98] freeze the
previously learned representation and augment it with additional feature dimensions

from a new learnable feature extractor.

6.3 Problem Formulation

We consider the problem of achieving better adaptation of new data by growing
model’s capacity while also overcoming growth-induced forgetting in task-agnostic

scenarios, encompassing domain-incremental and class-incremental learning settings.

Given an incremental sequence of non-iid datasets {Dy, Ds, ..., D;} where D, is the
dataset at time ¢ and a model trained with previous datasets, denoted as f(-;0;)

where 6, represents the model parameters (weights and biases) at time ¢.

The assumption is that when accessing the current dataset D; at time ¢, it is imprac-

tical or impossible to access any previous or future dataset.

The objective is to grow the model capacity to enhance the accuracy of the current
dataset D; and future datasets while minimizing the degradation of the performance
on the previous dataset, as compared to a scenario where the model does not grow.

This can be formally represented as:

t—1

minimize J(0;) = L(Dy; f(+;6;)) + )\Zﬁ(Dis f(50:))

where J(6;) is the objective function at time ¢, £(-) represents the loss function, A is
a regularization parameter to control the degradation of the performance on previous

datasets, the first term L(Dy; f(+; 0;)) denotes the loss on the current dataset, and the
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second term Y1 L(Dy; f(+;0;)) represents the cumulative loss on previous datasets.

6.4 Methodology
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Figure 6.2: The training flow of SparseGrow involves sparse neural expansion at the
structural level and on-data initialization at the weight level at the conclusion of the
training process. Initially, model expansion and random initialization are employed to
increase model capacity for improved adaptation to new data. Subsequently, growth-
induced forgetting is addressed through frozen sparse training and on-dataset fine-
tuning. Notably, while O-initialization of grown parameters prevents growth-induced
forgetting, it also stops the update of these parameters. In contrast, the case differs

for pruned parameters initialized to 0 value.

6.4.1 Increased Gradient Sparsity

Increasing the sparsity of model training gradients is an important way to reduce
model forgetting[65]. When training on new tasks, updating only a small number of
model parameters helps stabilize the network and reduces the forgetting of previously
learned tasks. Common methods for regularization and structure can limit significant
changes in model parameters, which reduces the variability of model gradients and
thus minimizes forgetting. The techniques of layer expansion and gradient gating that

we utilize also aim to prevent catastrophic forgetting by increasing the sparsity of
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model gradients. As the network grows wider, the gradients become sparser, meaning
fewer parameters need to be adjusted, which helps minimize forgetting of previously

learned tasks.

Layer Expansion

Layer expansion is an effective growth method that minimizes forgetting while allow-
ing for more general and detailed development without the need for manual selection
of growth locations. Unlike lateral connections or extensive growth methods, this
approach maintains the functionality of the model and is particularly well-suited for

complex neural networks.

In this approach, we consider a neural network with a set of parameters denoted as
W, for 1 <[ < C', where W, represents the parameter matrix at layer [ and C' is the
total number of layers. Each layer in the neural network—such as Conv2D, MLP, or

Batch Norm—undergoes an expansion technique.

Given an original weight tensor W € R(%*¢) and an original bias tensor b € R(¢),
where ¢, is the number of output channels and ¢; is the number of input channels,

these tensors are expanded into We,, to accommodate the desired expansion.

Wy € Rleitmeotn), € Rl (6.1)

In this equation, m and n denote the expanded channel numbers. The expanded
layer [ now has ¢; + m input channels and ¢, + n output channels. Weights from the
existing layer are transferred to their original positions within the new layer, while
the expanded portion is initialized. The preservation and pruning masks are updated
accordingly. After the expansion, the weights and biases of the expanded layer are

updated as follows:
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Wepl: Coyici) =W (62)

beapl: Co) = b
Expansion across the entire model follows a systematic rule ensuring the alignment of
input and output channels across consecutive layers. This expansion logic, consistent
with structures like ResNet blocks and skip connections, maintains information flow
by expanding involved layers while upholding the correspondence between input and

output channels. Each layer (I ranging from 1 to C) is expanded by adding n extra

channels, aligning input and output sizes between adjacent layers:

cg) — cg) +n; CEHl) — CEHl) +n (6.3)

This gradual growth in capacity allows the network to capture more complex pat-
terns and representations as the number of channels expands, while maintaining the

necessary consistency for effective information propagation.

Gradient Gating

During training, gradients only influence non-preserved parameters, while preserved

parameters remain fixed.

The gradient gating mechanism can be described by the following equation:

ViWaated = (1 — P) @ VIV (6.4)

In this equation, VWgaieq represents the gated gradients, while VW contains the
original gradients. The variable P is the preservation mask, where a value of 1

indicates that the gradient is preserved, and a value of 0 indicates that it is trainable.

This approach is designed to preserve specific knowledge within the model, which is
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particularly useful in scenarios that require task-agnostic adaptation while maintain-

ing previously learned information.

After training on each dataset, a preservation mask P is generated by aggregating

the important learned parameters.

Since unimportant parameters are pruned during sparse training and initialization,

the preservation mask is computed as follows:

P;,=1(Wy;|>0), Vie[l,cl,Vjiell, cl

In this equation, I is the indicator function, ¢, is the number of output channels, ¢;
is the number of input channels, and W;; represents the jth weight associated with

the ith output neuron.

To prevent gradients from affecting preserved parameters in expanded layers, we

implement gradient gating as follows:

W, =argminL(D; We,,) © (1 — P)
W

exp

In this equation, L(D; W) denotes the loss function applied to the current dataset,
and W/, is the optimal value of the expanded weights. The © operation performs
element-wise gradient gating, where zero entries in (1 — P) ensure that updates do
not occur for the preserved weights. Additionally, the preservation mask will also be

expanded.

6.4.2 Increased Parameter Sparsity

Introducing increased parameter sparsity in continual learning aims to better con-
trol model plasticity, improve generalization, and enhance model adaptability. By

leveraging data-driven pruning techniques, these methods provide a way to enhance
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parameter sparsity.

Sparse Training and Sparse Initialization are innovative strategies designed to increase
parameter sparsity as tasks evolve. By utilizing data-driven pruning, these methods
enable the network to dynamically adjust its parameter sparsity based on the specific
characteristics of the data being processed. This approach not only promotes a more
efficient allocation of model resources but also improves the network’s resilience to

catastrophic forgetting.

Sparse Training

The sparsification mechanism operates inherently within each layer, automatically
regulating the levels of sparsity during training while maintaining the model’s perfor-

mance.

Sparsification is achieved through a sparse mask M;; determined by trainable thresh-

olds t € RC:

Mij = I(|VVM| > tl), Vi € [1,00],Vj c [1,CZ’] (65)

The threshold mechanism operates on a neuron basis for fully-connected layers (using
threshold ¢; for each output neuron) and on a filter basis for convolutional layers (using

threshold ¢; for each output channel).

Thresholding enables fine-grained sparsification while maintaining structural integrity.
During forward passes, sparse operations are performed using the following matrix
multiplication: W ® M. The threshold parameters ¢ are dynamically optimized during
training through a dual-phase process. To promote high sparsity in neural networks,

a regularization term is introduced as follows:
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R = Z e(~t:), L.=>» R (6.6)

i=1
In this context, e(—z) acts as a threshold regularizer that penalizes the threshold
values t from becoming excessively large or too small. The training loss function
integrates L, to enable the training of a sparse neural network directly using back-

propagation.

The complete optimization objective combines the task loss with the sparsity regu-

larization:

W*, t* = argmin [L(D; W) + aLs] © (1 — P) (6.7)
Wit

Here, o controls the trade-off between sparsity and training accuracy. The exponen-
tial regularization e(—x) progressively penalizes low thresholds, prevents threshold
explosion through asymptotic decay, and allows for layer-wise adaptation using inde-

pendent t vectors.

When training on sequential datasets, the sparsification process is reinitialized for each
new task. This approach allows new sparsity patterns to be formed for novel data
while retaining the parameter configurations learned from previous tasks through the
preservation mask P. Importantly, the threshold parameters will also be expanded

during the process of layer expansion.

Sparse Initialization

Sparse initialization involves employing random initialization with a sparse on-dataset
warm-up phase. While random initialization of grown parameters enables better
adaptation to new data, it will cause higher growth-induced forgetting. We further
apply on-dataset sparse initialization to fill the gap of randomly initialized grown

parameters to the learned data pattern, therefore ensuring less forgetting.
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Proper initialization of new parameters is crucial for adaptability and less forgetting,
with zero-init hindering its update and random-init causing heavy growth-induced
forgetting. To address this, we propose a simple yet effective approach: random
and then on-data initialize the expanded part for several epochs to adapt it to the
current distribution at the final phase of training. The random initialization for a
the expanded weight parameter We,,[co, :|, the corresponding bias b, and previous

mentioned threshold vector t.,, in a neural network layer is defined as:

2
Wezp[coa :]init ~ N <07 n_m)

(6.8)

Nin

2
2feacp [Coa :]initu bexp [Co; :]init ~ N <O, _)

where N denotes the normal distribution, and n;, represents the number of input
units. We then selectively warm-up the randomly initialized layer with the current
dataset using sparse training to adapt it to the current distribution. Sparse initial-
ization involves updating the expanded parameters W,, and b.,, using the current
dataset by minimizing the sparse expanded loss function L (D;W) + o Ls. During
this, we update the expanded parameters by computing their gradients with respect
to the sparse expansion loss and freezing technique, thus applying an optimization

algorithm:

Wi, te,, =argmin[L (D; W,,,) +a L] © (1 — P) (6.9)

exp’ “exp
Wit

This process allows the expanded part to adapt to the learned distribution, preventing
the overwriting of previously learned knowledge while incorporating the expanded

parameters’ capacity for better adaptation and faster learning.
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6.5 Experimental Setup

6.5.1 Datasets

The domain-incremental datasets we use include the Permuted MNIST, FreshStale,
and DomainNet. For evaluation in a class-incremental setting, we use the class-

incremental MNIST.

Permuted MNIST is a variation of the MNIST dataset in which the pixel posi-
tions of the images are randomly permuted, with no shared features among different
permutations. Permuted MNIST includes an infinite number of permutations in a
domain-incremental setting. Each dataset consists of 60,000 images for training and

10,000 for testing.

Class-incremental MNIST In Class-incremental MNIST, the MNIST dataset is
partitioned into distinct groups of classes. These groups may contain an uneven

number of classes or class overlaps.

FreshStale [36] dataset comprises a total of 14,683 images of six different types of
fruits and vegetables, including apples, bananas, bitter gourds, capsicums, oranges,
and tomatoes. Each image in the dataset is classified as either fresh or stale. The

total size of the dataset is approximately 2GB.

DomainNet [70] dataset consists of image data from six domains, each with a dif-
ferent amount of data, including real photos, painting, clipart, infograph, quickdraw,
and sketch. There are 48K - 172K images (600K in total) categorized into 345 classes

per domain.

6.5.2 Evaluation Metrics

For a principled evaluation, we adopt the following evaluation metrics[55]:
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e Average Accuracy: AAC = %ZL Rr;
e Backward Transfer: BWT = ﬁ Z;‘F:_ll (Rr; — Ri;)

e Forward Transfer: FWT = ﬁ ZlT:_QI Ri1;— b,

where Ry, represent the test accuracy of each dataset after all datasets are learned.
R, ; is the test accuracy on dataset t; after observing the last sample from dataset .

Letting b represent the vector of test accuracy at random initialization.

The primary evaluation criterion is the average accuracy (AAC), with higher values
indicating better performance. When AAC is the same, larger BWT or FWT is

superior. We assess parameter efficiency through parameter calculations (Params).

6.5.3 Experiment Settings

All baselines are applied on ResNet-18 as base network for the experiments. To
guarantee completely reproducible results, we set seed value as 5 for the random
function of Numpy, python Random, Pytorch, Pytorch Cuda, and set Pytorch back-
ends Cudnn benchmark as False, with Deterministic as True, configuring PyTorch to
avoid using nondeterministic algorithms for some operations, so that multiple calls

to those operations, given the same inputs, will produce the same result.

6.5.4 Baselines

Since most of the existing work on model growth mentioned in the related work
section are implemented on specially designed networks, for a fair comparison, we

abstract their model growth method and apply it to the same base network.

For baselines without model growth, we use the following classic and recent baselines:

1) SGD [I0]: A naive model trained with direct stochastic gradient descent. 2) EWC
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[41]: A regularization technique in continual learning that uses diagonal elements of
Fisher Information Matrix to constrain the weights of the neural network and avoid
catastrophic forgetting. 3) LwF [51]: A rehearsal-based method that uses knowledge
distillation to preserve previously learned knowledge along with training on new tasks.
4) PRE-DFKD [9]: A recently proposed rehearsal strategy that rehearses the model
using the data-free knowledge distillation through the distribution of the previously
observed synthetic samples from a Variational Autoencoder. 5) PackNet [6I]: A
method that also using pruning technique. Different from our sparse neural expansion,
it uses static pruning and has no model growth. It prunes a certain percentage of
neurons, knowing the number of tasks to learn. Here we implement it into task-
agnostic settings. 6) AdaptCL [114]: A recently published task-agnostic method that

uses dynamic pruning and freezing but no model growth.

For comparison of different model growth methods, we implement the following as
baselines. Here, we implement all three growth methods with a uniform increase
of the model’s Conv2d and MLP layers by the smallest unit: 1) SGD+LayerExp:
A method that implements Layer Expansion (LayerExp) on base network that is
equipped with simple SGD. With each expansion, the input sizes and channels of
Conv2d and MLP layers increase. The expanded parameters are randomly initialized.
2) SGD+IDGrow: Applying In-Depth Growth (IDP) to base networks with simple
SGD. During in-depth growth, we add one MLP or Conv2d layer below the same

existing one, with randomly initialized parameters.

3) SGD+LatConn: Employing Lateral Connections (LatConn) on base networks with
SGD. For model growth, each MLP or Conv2d layer will add a randomly initial-
ized lateral layer, and both parameters will be connected to the following layer. 4)
SGD+LayerExp+ODInit: A model with layer expansion and o-dataset initialization

for evaluation of the initialization strategy.

For baselines with model growth, we implement the following task-agnostic CL base-

lines with layer expansion, for fair comparison of the ability to overcome growth-

142



6.6. Results

induced forgetting: 1) EWC+LayerExp: We implement this version of EWC with
layer expansion. After expansion, the Fisher Information Matrix will expand accord-
ingly. 2) LwF+LayerExp: A method that combines layer expansion and LwF. After
expansion, the knowledge distills from the expanded model. 3) PRE-DFKD+LayerExp:
We apply layer expansion with PRE-DFKD to base networks.

6.6 Results

6.6.1 Comparison of Model Growth Methods

Table 6.1: Performance evaluation of different model growth methods in terms of
average accuracy (AAC), backward knowledge transfer (BWT), forward knowledge
transfer (FWT), and number of used parameters (Param x107) after observing four

domains of Permuted MNIST.

Method AACT BWT{T FWT{ Params|

No Growth 0.666 -0.424  0.014 1.117
Lateral Connection 0.424  -0.747  0.050 2.216
In-Depth Growth 0.373 -0.814 0.133 1.993
Layer Expansion 0.679 -0.406 0.014 1.131

To compare the effects of different model growth methods on the overall performance
of the model, including average accuracy, knowledge transfer primarily consisting of
catastrophic forgetting and growth-induced forgetting issues, as well as parameter
efficiency, we contrast three model growth methods—layer expansion, lateral connec-
tions, in-depth growth, and no growth—on a domain incremental permuted MNIST

dataset comprising four domains. The results are summarized in Table [6.1]

The results indicate that, compared to not growing the model, layer expansion not
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only minimize growth-induced forgetting but also reduces catastrophic forgetting
caused by non-iid data. It facilitates backward knowledge transfer, improving from
-0.424 to -0.406, consequently boosting the model’s overall accuracy from 0.666 to
0.679, with only 1.2% increase in parameters. Conversely, other model growth meth-
ods lead to pronounced growth-induced forgetting, thereby lowering the model’s aver-
age accuracy. Additionally, since both methods require full-layer expansion to ensure
uniform growth of MLP and Conv2d layers, the model’s parameter count nearly dou-

bles.

6.6.2 Method Scalability and Adaptability

We comprehensively compare performances of all baselines, including existing meth-

ods with and without model growth to domain-incremental permuted MNIST datasets.

Figure illustrates the fluctuation in average accuracy with increasing numbers of
tasks or domains for different baseline methods. A comparison between SparseGrow
and its NoLE version reveals that as the number of domains increases, the benefits
of model growth also increase, highlighting the effectiveness of proper model growth
in enhancing model scalability. Among different model growth techniques, layer ex-
pansion demonstrates a consistent improvement in model accuracy, while the effects
of lateral connections are unstable, and in-depth growth mostly leads to negative

impacts.

Referring to methods incorporating LayerExp with rehearsal and regularization meth-
ods, it is observed that the AAC of the LayerExp versions is even lower than those
without LayerExp, suggesting that for this type of dataset, such rehearsal and regular-
ization methods are not suitable for direct integration with layer expansion. However,
combining simple SGD directly with LayerExp can enhance the model’s AAC. The
fusion of our model with LayerExp performs the best, even surpassing the stability

of SGD.
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Figure 6.3: Average accuracy comparison of continual learning methods (EWC, LwF,
PackNet, PRE-DFKD, and AdaptCL) alongside different model growth techniques
(IDGrow, LatConn, LayerExp) and several CL strategies incorporating LayerExp
across an increasing number of observed domains. Notably, rehearsal methods like
LwF and PRE-DFKD exhibit an initial decline when combined with LayerExp, sug-
gesting potential unsuitability for direct combination with expansion, possibly leading
to more MF. Yet, the later positive effects of model capacity enhancement from ex-
pansion seem to surpass the negative impact of MF as domains increase. SparseGrow
has demonstrated superior performance in knowledge retention, with its effectiveness

improving as domain number rises.

In the case of PackNet, the model’s average accuracy remains almost constant as
the number of domains increases. Introducing on-data initialization to all baselines

incorporating layer expansion results in improved AAC across the board, suggesting
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the effectiveness of this approach.

It is noted that LwF’s average accuracy falls below that of SGD, although this discrep-
ancy is not observed on other datasets. This prompts the speculation that knowledge
distillation methods may not be suitable for permuted MNIST, a dataset lacking

inter-domain similarity.
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Figure 6.4: Epoch-wise average accuracy of observed domains using different continual
learning methods with layer expansion on FreshStale datasets with six sequential

domains.

Table presents a comparison of the AAC, BWT, and FWT metrics of the three
categories of continual learning models after learning from 12 domains continuously.
SparseGrow, compared to SGD without CL methods, significantly reduces the model’s
overall forgetting issues, boosting BWT by 64% and AAC by 15%, showcasing the
scalability of the approach. Layer expansion demonstrates improvements combining
with SGD, PRE-DFKD, and SparseGrow in terms of AAC, BWT, and FWT across

the 12 datasets. PackNet, utilizing static pruning, exhibits certain advantages with a
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Figure 6.5: Epoch-wise average accuracy of observed domains using different continual
learning methods with layer expansion on DomainNet datasets with four sequential

domains.

larger number of datasets; however, due to its requirement of known dataset sizes, it is
unattainable in CL scenarios, rendering comparisons unfair and making it unsuitable

for continuously growing datasets.

6.6.3 Evaluation of Overcoming growth-induced forgetting

To compare the effectiveness of these continual learning (CL) methods across different
types of data and their ability to reduce growth-induced forgetting, we evaluated
the impact of these methods in suppressing growth-induced forgetting with layer

expansion on the FreshStale and DomainNet datasets.

As shown in Figure [6.4] the baseline methods exhibited increased Average Accuracy
Change (AAC) on the FreshStale dataset, indicating that these CL methods can miti-
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gate the effects of layer expansion-induced growth-induced forgetting to some extent.
Among them, SparseGrow consistently demonstrated the most stable reduction in

model forgetting, achieving the highest AAC.

In Figure[6.5] SparseGrow demonstrates consistent effectiveness in overcoming growth-
induced forgetting, outperforming other methods in effectively mitigating the growth-

induced forgetting induced by layer expansion when compared to SGD.

The results presented in Table indicate that existing regularization and rehearsal-
based methods show some effectiveness in addressing growth-induced forgetting, but
their performance across different datasets lacks robustness. In contrast, SparseGrow
consistently minimizes the impact of model growth-induced growth-induced forgetting

across various data types.

6.6.4 Class-Incremental Learning Setting Results

To assess the performance of our method in diverse task-agnostic settings, the meth-
ods were also evaluated in challenging class-incremental learning scenarios, as depicted
in Table[6.4] This setting presents a formidable challenge for continual learning, where
similar inputs lead to distinct classes assigned to different output layers, often result-

ing in rapid forgetting of previously learned classes within a single epoch.

Given the heightened intensity of forgetting and the scale of the datasets, techniques
such as rehearsal and regularization methods struggle to effectively maintain accuracy,
exhibiting only marginal superiority over SGD. In contrast, SparseGrow excels in
preserving accuracy significantly, highlighting its potential to mitigate growth-induced

forgetting and catastrophic forgetting in task-agnostic environments.
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6.7 Chapter Summary

In this chapter, our study is the first to highlight the crucial issue of growth-induced
forgetting caused by improper model growth in task-agnostic continual learning. We
have identified layer expansion as a promising method to boost adaptability and
knowledge retention. Our proposed SparseGrow approach is specifically designed to
address these challenges. Through experimental validation, we have demonstrated
the effectiveness of our method in mitigating growth-induced forgetting and improv-
ing knowledge retention for incremental tasks. In future research, we will focus on
optimizing the timing of model growth and leveraging techniques such as neural ar-
chitecture search to further enhance the model’s adaptability and overall performance

with new data.
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Algorithm 3 Increasing Gradient Sparsity

Require: Parameter matrix W, threshold vector ¢, sequence of datasets

{Dy, D1, ...}, expansion size n, sparsity hyperparameter «

1: for dataset Dy € {Dy, Dy,...} do

2:  for epoch do
3: if final epochs and expansion phase then
4: for layer in model do
5: Create expanded parameter matrix W,,, € R(¢tmeitn)
6: Initialize them and threshold W,,,[c,, :|init
7: Copy old weight We,p[: ¢o,: ¢;] =W
8: end for
9: end if
10: for training step ¢ do
11: Compute loss: L = L(D; W) + aL,
12: if £ == 0 then
13: Gradient decent with sparse parameter: Weaps toap =
argmin[L(D; We,,) + a L]
14: else if £ > 0 then
15: Sparse gradient decent with sparse parameters: W .t =
arg min [L(D; Weyp) + aLs] © (1 — P)
16: end ‘i/[gt
17: end for
18:  end for
19:  Update preservation mask: P = I (|[Wez,| > 0)
20: end for
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Algorithm 4 Increasing Parameter Sparsity

Require: Parameter matrix W, sequence of datasets { Dy, D1,

t, sparsity hyperparameter o

1: for dataset Dy € {Dy, Dy,...} do

2:  for layer ¢ € model do

3: Initialize threshold t <+ ¢,

4:  end for

5. for epoch do

6: for training step ¢t do

7: for layer in model do

8: Update sparsity masks: M = I[(|]W| > t)
9: Update sparsified weights: W =W & M
10: end for
11: Compute loss: L = L(D; W) + «Lg
12: end for
13:  end for
14: end for

...}, threshold vector
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Table 6.2: Comprehensive performance evaluation of different continual learning
methods in terms of average accuracy (AAC), backward knowledge transfer (BWT),
and forward knowledge transfer (FWT) on twelve domains of Permuted MNIST. Here
we have three groups of comparison: 1) Simple baselines, and 2) SGD with model

growth methods IDGrow, LatConn and LayerExp, 3) Baselines with LayerExp,.

Method AACT BWTT FWT?
SGD 0.4556  -0.5739  0.0493
EWC 0.4816 -0.5454  0.0638
LwF 0.3976  -0.6387  0.0540
PackNet 0.5163 -0.5049  0.0659
PRE-DFKD 0.3941 -0.6392  0.0774
AdaptCL 0.5016  -0.2532  0.0865
SGD+LatConn 0.4474 -0.6799  0.0779
SGD+IDGrow 0.3822 -0.6532  0.1418
SGD+LayerExp 0.4632 -0.5658  0.0737
SGD+LayerExp+ODInit | 0.4683 -0.5598  0.0742
EWC+LayerExp 0.4703  -0.5571  0.0597
LwF+LayerExp 0.3941 -0.6426  0.0680
PRE-DFKD+LayerExp 0.4064 -0.6248  0.0759
SparseGrow 0.5256 -0.2066 0.0974
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Table 6.3: Performance evaluation of continual learning methods in terms of aver-

age accuracy (AAC), backward knowledge transfer (BWT), and forward knowledge

transfer (FWT) on the domain-incremental datasets of FreshStale and DomainNet.

FreshStale DomainNet
Method
AACT BWTT FWTT | AACt BWTT FWTY

SGD+LayerExp 0.617 -0.450  0.027 0.464 -0.657  0.109
EWC+LayerExp 0.694 -0.360  0.039 0.463 -0.661 0.109
LwF+LayerExp 0.641 -0.424  0.009 0.434 -0.699  0.099
PRE-DFKD+LayerExp 0.703 -0.200  0.089 0.446 -0.475 0.090
SparseGrow 0.737 -0.273 0.049 0.624 -0.283 0.091

Table 6.4: Comparison of average accuracy (AAC), backward knowledge transfer

(BWT), forward knowledge transfer (FWT), and each dataset’s test accuracy using

different continual learning methods in the most challenging class-incremental setting.

Test Accuracy?

Method AACT BWTT FWT7T

Class 0,1,2 2345 0,3,6,7 6,89
SGD+LayerExp 0.309 -0.917  0.188 0.000 0.000  0.240 0.996
EWC+LayerExp 0.309 -0.917  0.188 0.000 0.000  0.240 0.996
LwF+LayerExp 0.309 -0.917  0.187 0.000 0.000  0.239 0.997
PRE-DFKD+LayerExp 0.330 -0.839  0.181 0.100 0.000 0.336  0.883
SparseGrow 0.412 -0.623 0.165 0.279 0.081 0.307 0.981
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Table 6.5: verage accuracy comparison of continual learning methods (EWC, LwF,
PackNet, PRE-DFKD, and AdaptCL) alongside different model growth techniques
(IDGrow, LatConn, LayerExp) and several CL strategies incorporating LayerExp

across an increasing number of observed domains.

Method ‘ Test Accuracy of Number of Domains Learned
‘ 1 2 3 4 5 6 7 8 9 10 11 12

SGD 0.993 0.681 0.691 0.666 0.622 0.589 0.554 0.524 0.513 0.490 0.484 0.456
EWC 0.994 0.699 0.714 0.675 0.654 0.620 0.574 0.542 0.520 0.518 0.496 0.482
LwF 0.994 0.609 0.626 0.616 0.556 0.530 0.492 0.471 0.442 0.427 0.390 0.398
PackNet 0.992 0.554 0.621 0.579 0.579 0.565 0.546 0.530 0.512 0.511 0.514 0.516
PRE-DFKD 0.994 0.869 0.829 0.803 0.789 0.683 0.571 0.499 0.463 0.437 0.427 0.394
AdaptCL 0.993 0.969 0.924 0.872 0.809 0.728 0.639 0.619 0.584 0.556 0.525 0.502
SGD+IDGrow 0.993 0.520 0.556 0.577 0.512 0.468 0.443 0.438 0.416 0.405 0.412 0.382
SGD+LatConn 0.994 0.577 0.676 0.672 0.616 0.587 0.529 0.510 0.504 0.489 0.487 0.447
SGD+LayerExp 0.993 0.723 0.712 0.704 0.643 0.607 0.589 0.559 0.529 0.527 0.496 0.463
EWC+LayerExp 0.994 0.634 0.675 0.651 0.642 0.605 0.535 0.516 0.519 0.475 0.482 0.470
LwF+4LayerExp 0.994 0.588 0.602 0.555 0.519 0.485 0.470 0.428 0.423 0.418 0.401 0.380
PRE-DFKD+LayerExp 0.994 0.826 0.780 0.776 0.758 0.636 0.522 0.463 0.417 0.417 0.412 0.406
SparseGrow 0.993 0.969 0.928 0.875 0.788 0.721 0.661 0.634 0.610 0.581 0.551 0.526

Table 6.6: Performance evaluation of continual learning methods in terms of average
accuracy (AAC), backward knowledge transfer (BWT), forward knowledge transfer
(FWT), and number of used parameters on the Large-Scale, Diverse Binary-Class

Food Quality Dataset.

‘ Test Accuracy?T
AACT BWT 1 FWT ¢

‘ Apple  Orange Banana Tomato Gourd Capsicum

SGD+LayerExp 0.617 -0.450  0.027 0.590 0.630 0.415 0.440 0.635 0.994
EWC+LayerExp 0.694 -0.360  0.039 0.555 0.445 0.760 0.555 0.850 1.000
LwF+LayerExp 0.641 -0.424  0.009 0.685 0.630 0.445 0.400 0.690 0.996
PRE-DFKD+LayerExp | 0.703 -0.200  0.089 0.635 0.660 0.790 0.435 0.695 1.000
SparseGrow 0.737 -0.273  0.049 0.825 0.350 0.680 0.740 0.905 0.924
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Chapter 7

Conclusions and Future Directions

7.1 Conclusions

The objective of this thesis is to investigate the potential for enabling scalable con-
tinual learning in neural networks. A number of new challenges emerge. Firstly,
the distribution shifts among sequential datasets cause catastrophic forgetting, which
limits the accuracy that can be retained in continual learning. It is thus imperative
to address the issue of catastrophic forgetting in order to enable scalable continual
learning. Secondly, real-life data is inherently heterogeneous, with varying sizes, sim-
ilarities and complexities across datasets. It is therefore essential for neural network
models to demonstrate robustness against heterogeneous datasets in order to enable
scalable continual learning. Finally, to scale up to incremental data, neural network
models must enhance their long-term adaptability in the context of limited capac-
ity and unlimited data amounts. Consequently, it is necessary to investigate model
growth strategies that can enhance model long-term adaptability over incremental

new data while maintaining appropriate knowledge retention.

In this thesis, I tackle these challenges, identify a new problem, and develop algorithms

that facilitate scalable continual learning in neural networks. I then apply these
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algorithms to a diverse range of real-world applications such as type incremental food
freshness detection, generalization of object detection, and multi-domain adaptation

of traffic prediction, as outlined below.

In particular, an overview of existing work on scalable continual learning is provided in
Chapter 2| In this review, I provide an overview of existing taxonomies for addressing
challenges related to catastrophic forgetting, bias, heterogeneity, and model growth

strategies.

In Chapter [3] T put forward a memory-efficient approach for IoT devices to adapt
incrementally to domain shifts and overcome catastrophic forgetting in a fixed neural
network, which I have named E-DomainlL.. The proposed method involves freezing
the learned parameters and reusing them at a later stage of training, thus avoiding
interference between different domains. E-DomainlL does not require task labels or
storing masks, as it utilises all parameters during inference. Furthermore, data-driven
pruning is employed to adjust the parameter ratio according to the dataset, thereby
maintaining a balance between accuracy and parameter efficiency. In Chapter {4} 1
introduce FedDistill, a novel distillation framework for Continual non-1ID Federated
Learning that addresses the challenge of imbalanced local data distributions without
requiring extra communications. In Chapter [5, I propose AdaptCL, a novel adap-
tive continual learning method for addressing heterogeneity in sequential datasets.
AdaptCL employs fine-grained data-driven pruning to adapt to variations in data
complexity and dataset size. It also utilises task-agnostic parameter isolation to mit-
igate the impact of varying degrees of catastrophic forgetting caused by differences
in data similarity. Through a two-pronged case study approach, I evaluate AdaptCL
on both datasets of MNIST Variants and DomainNet, as well as datasets from the
specific realm of food quality. The latter includes both large-scale, diverse binary-
class food datasets and few-shot, multi-class food datasets. Across all these scenarios,
AdaptCL consistently exhibits robust performance, demonstrating its flexibility and

general applicability in handling heterogeneous datasets. In Chapter [6] I identify the
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issue of growth-induced forgetting (GIFt) and conduct an in-depth study on its root
cause. Among model growth strategies, layer expansion stands out as a promising
approach for mitigating GIFt, as it allows for widening layers without affecting model
functionality. Nevertheless, the direct adoption of layer expansion also presents cer-
tain challenges. Furthermore, there is a lack of data-driven control and initialisation of
expanded parameters, which would enable a more balanced approach to adaptability
and knowledge retention. This chapter proposes sparse model growth (SparseGrow),
which is designed to address the issue of GIFt while enhancing adaptability to new
data. SparseGrow utilises data-driven sparse layer expansion to regulate the efficient
utilisation of parameters during model growth, thereby reducing GIFt from exces-
sive growth and functionality alterations. Furthermore, it combines sparse growth
with on-data initialisation at the late-stage of training to create partially zero-valued
expansions that align with the learned distribution, thus enhancing retention and
adaptability. To further minimise forgetting, freezing is applied by calculating the

sparse mask, allowing data-driven preservation of important parameters.

7.2 Future Directions

While most existing research on continual learning primarily focuses on catastrophic
forgetting, the vision for continual learning should extend far beyond this limita-
tion. Continual learning serves as a pathway towards achieving Artificial General
Intelligence (AGI), drawing inspiration from the human brain’s capacity for contin-
uous learning. The goal is for neural networks to truly engage in ongoing learning;:
autonomously expanding their knowledge based on external information, flexibly ad-
justing the weights of old and new knowledge, and applying this knowledge across

diverse domains.

Therefore, the challenges facing continual learning are more extensive than just catas-

trophic forgetting. Here are some promising and personally intriguing future direc-
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tions that I have considered:

Self-Supervised Continual Learning of Pre-trained Large Language Models Large lan-
guage models present a compelling scenario for continual learning. Existing large
language models lack access to recent news updates, a significant drawback. More-
over, these models interact with users solely through prompts, losing track of pre-
vious interactions after refreshes, hindering personalization. This gives rise to two
research scenarios: 1) Self-Supervised Continual Learning on News Data, and 2) Self-
Supervised Continual Learning with Prompts. These scenarios pose several signifi-
cant challenges: a) Data quality control and self-labeling: Current continual learning
methods still rely on manual data input, even if they exhibit strong knowledge reten-
tion, making their learning appear less truly continual. A major breakthrough would
involve greater autonomy in data quality control and self-labeling for new data. b)
Knowledge preservation of pre-trained models: Conventional continual learning re-
quires specific operations from the initial model, such as recording crucial parameters
or sparse training for preserving space, which are impractical on pre-trained mod-
els, introducing additional challenges. ¢) Balancing the importance of old and new
knowledge: The significance of old and new knowledge varies across different contexts.
For instance, after training a language model, if we desire to refine its conversational
etiquette, retaining the impact of new quality-controlled data becomes crucial. Con-
versely, when continuously updating a pre-trained model with news and prompts,
preserving pre-trained knowledge takes precedence to prevent new data from over-
riding it. d) Change of data structure: Continuous learning news and prompt data
formats may differ from training data formats, such as dialogues versus non-dialogue

formats, presenting another challenge to overcome.

Additionally, continual learning can be applied in reinforcement learning to help an
agent adapt to varied environmental settings. It can also be integrated with neural
architecture search to optimize initial models and continually refine existing models

based on new data.
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