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ABSTRACT

Continual learning (CL) is crucial for the development of intelligent systems that must

evolve over time and learn from new experiences without forgetting previously acquired

knowledge. Supervised Continual Learning (SCL) addresses this issue by adapting to

changing data distributions with labeled data. In real-world applications, such as smart

healthcare, robotics, autonomous systems, speech translation, etc., the ability to learn con-

tinuously is vital, especially when labeled data are sparse or unavailable. Unsupervised

continual learning (UCL) addresses this challenge by enabling models to learn from unla-

beled data, avoiding the need for manual annotation. The prominent obstacle in UCL is

mitigating catastrophic forgetting (CF), where models forget previously learned knowledge

when exposed to new information.

Many previous UCL methods rely on replay-based strategies to alleviate CF. Although

effective, these techniques may not be feasible in scenarios where storing training data is

impractical. Additionally, such methods often face challenges like representation drifts and

overfitting, especially when buffer sizes are limited. Regularization-based methods deter-

mine the importance of parameters by leveraging knowledge from previous tasks. These

methods add regularization constraint to the loss function to limit changes to important pa-

rameters. However, they still struggle to fully prevent CF. Architecture-based strategies take

a different approach by allocating separate parameter sets to each individual task, gradually

creating new networks as new tasks arise. However, this leads to a linear increase in memory

and resource requirements.

To address aforementioned limitations, this thesis introduces novel strategies that lever-

age parameter isolation to reduce CF. Initially, we employ task-specific hard attention to

prevent updates to parameters critical for previously learned tasks. However, hard attention

suffers from the capacity saturation problem. To address this, we integrate it with gradi-

ent projection. Specifically, our approach leverages task-specific hard attention along with

gradient projection to constrain updates to parameters crucial for previously learned tasks.

Moreover, it offers notable advantages over architecture-based methods by eliminating the

need for network expansion and enabling sequential learning within a fixed network struc-



ture.

Even so, relying solely on hard attention to construct sub-networks may result in reten-

tion of irrelevant weights and the formation of redundant sub-networks. This can lead to

capacity saturation and information suppression for later tasks. To address this challenge,

we propose task-specific sub-network masking inspired by the information bottleneck (IB)

concept, which further minimizes interference with previously learned tasks. This method

selectively accumulates valuable information into essential weights, creating redundancy-

free sub-networks that effectively mitigate CF while supporting the learning of new tasks.

In this thesis, contrastive learning is adopted for unsupervised learning because of

its ability to preserve consistent representations. We begin by incorporating instance-to-

instance similarity through direct instance grouping. Although instance-level discrimination

methods show good performance, they often face challenges due to an imbalance between

positive and negative samples, which can reduce the model’s robustness. To address this,

we shift our focus from individual instances to group-level relationships by identifying local

clusters within each batch. Therefore, we integrate instance-to-instance similarity into con-

trastive learning through both direct instance grouping and cross-level discrimination with

local instance groups.

Previous research shows that out-of-distribution (OOD) detection capabilities can help

in the learning of task boundaries. In closed-world or non-continual scenarios, OOD detec-

tion is straightforward because of the availability of labeled data in abundance but becomes

more complex in CL setups where data arrive incrementally, especially in UCL setups where

labeled information is absent. Therefore, we introduce the concept of pseudo-OOD detec-

tion by generating rotation-augmented views of the current batch of data samples, referred

to as pseudo-OOD throughout this thesis. Our method employs these pseudo-labels for

cross-level pseudo-group discrimination to improve OOD detection. This enables the model

to prioritize in-distribution samples from the relevant task while assigning lower scores to

samples from other tasks. Subsequently, we apply evidential deep learning (EDL) to rota-

tion augmentation-based pseudo groups to improve OOD detection by identifying different

sources of uncertainty and learning distinct class representations.

In the final approach, masking for the IB subnetwork faces challenges in balancing input



compression with the preservation of meaningful patterns without labels. This method risks

over-compression and the loss of important latent structures, which can degrade model per-

formance. We address this issue by learning multiple semantic hierarchies within the data

using unsupervised contrastive learning. However, traditional contrastive learning tech-

niques typically contrast similar and dissimilar data points to learn meaningful representa-

tions, but lack the representational capacity required for data sets with multiple semantic

hierarchies. The inherent hierarchical semantic structures in such datasets are vital for inte-

grating semantically related clusters into larger, more general clusters. Existing contrastive

learning methods often overlook these structures, limiting their semantic understanding. To

overcome this, we propose constructing and updating hierarchical prototypes with cross-

level group discrimination to more effectively capture and represent semantic structures in

the latent space.
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Chapter 1

Introduction

Traditional machine learning algorithms perform admirably on tasks they are trained on,

but are incapable of adapting to new concepts, classes, or data introduced after their initial

training. In many applications, systems are required to continuously learn a sequence of

tasks, which is known as either continual learning (CL) or lifelong learning [3]. It is the

ability of a model to continually learn from different data distributions over time, allowing

it to handle multiple tasks sequentially (see figure 1.1). Unlike humans, who can acquire

new knowledge continuously with minimal forgetting of previous learning, neural networks

often experience catastrophic forgetting (CF) [4]. This occurs when they forget previ-

ously acquired knowledge when learning new tasks. CL tackles the challenge of adapting

algorithms to evolving data distributions.

Addressing CF is a crucial milestone in the progress toward developing increasingly
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• Continual Learning (CL) also known as Lifelong Learning, Incremental Learning, Continuous Learning, Open-world 
learning

• The ability of a model to learn continually from different distributions of data to learn multiple tasks sequentially. 

Task 1 Task 2

Train
Task 3

LearnLearn

Remember

𝑋ଵ , 𝑌ଵ 𝑋ଶ , 𝑌ଶ 𝑋ଷ , 𝑌ଷ

Remember

Learning to learn continuouslyFigure 1.1: Continual learning process
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versatile artificial intelligence systems. Such systems should possess the capability to ef-

fortlessly retain various tasks and acquire them in succession, adhering to the principles of

lifelong learning. In addition to its alignment with biological principles, sequential learn-

ing systems are essential in numerous practical scenarios. Consider a situation in which a

robotic system needs to adapt to new objects or tasks without the ability to completely re-

train its underlying model each time. As it accumulates a vast database of objects and tasks,

the cost and computational complexity of conducting concurrent or multitask learning at

scale can become prohibitively high. Balancing the learning of new knowledge (plasticity)

while retaining prior knowledge (stability) is crucial for CL [5].

1.1 Typical Scenarios of Continual Learning

In recent years, a wide range of deep learning approaches for CL have emerged. How-

ever, evaluating and comparing their performance remains challenging due to the absence

of a unified framework. To address this issue, we outline three core scenarios in CL [1]:

task-incremental, domain-incremental, and class-incremental learning, each presenting its

own unique set of challenges. As shown in figure 1.2,

(a) In task-incremental learning, the algorithm is required to learn a sequence of clearly

distinct tasks incrementally.

(b) In domain-incremental learning, the algorithm tackles the same type of problem

across varying contexts or environments.

(c) In class-incremental learning, the algorithm must progressively learn to differentiate

among an increasing number of objects or classes.
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Types of Continual Learning (CL)

Class Incremental Learning

Task Incremental Learning Domain Incremental Learning

Task 1 Task 2

Train

Train
Task 1 Task 2

Test

Test Test

Train
Task 1 Task 2

Test

Deer or Bird or Elephant or Fish ?

Deer or Bird ? Elephant or Fish ? Deer or Bird ? 

Task changes Τଵ ≠ Τଶ  ≠ … ≠ Τே , with boundary

Task changes Τଵ ≠ Τଶ  ≠ … ≠ Τே, without boundary

Task does not change Τଵ = Τଶ = … = Τ

Figure 1.2: Continual learning scenarios [1]

1.2 Conceptual Framework of Continual Learning

To effectively operate in dynamic real-world environments, an intelligent system must

be capable of continuously acquiring, updating, retaining, and utilizing knowledge through-

out its lifespan. The increasing interest in this area highlights both its practical relevance

and inherent complexity. Drawing from existing theoretical insights and empirical studies,

Fig. 1.3 outlines the core principles of CL: achieving a balanced trade-off between stability

and plasticity, while also promoting strong generalization both within and across tasks, all

under constraints of resource efficiency.

In contrast to conventional machine learning methods that rely on a fixed data distribu-

tion, CL focuses on adapting to data that changes over time. A key challenge in this domain

is CF, where learning new information can significantly impair the model’s ability to retain

previously acquired knowledge. This reflects a fundamental trade-off between plasticity

(the ability to learn new data) and stability (the retention of prior knowledge) [3], excessive

plasticity can cause forgetting, while too much stability can limit adaptability. A robust CL

system should not only maintain a careful balance between these competing needs but also
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Conceptual Framework

[Ref 2] Liyuan Wang and Xingxing Zhang and Hang Su and Jun Zhu, “A Comprehensive Survey of Continual Learning: Theory, Method and Application”, TPAMI, 2024.
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Balance

c.

Parameter Isolation

Figure 1.3: Conceptual framework of continual learning

exhibit strong generalization to handle distributional variations within and across tasks (see

Fig. 1.3, b).

A straightforward baseline for addressing the challenges of CL is to reuse all previous

training data, if permitted. However, this approach leads to significant computational and

storage demands, along with potential privacy concerns. The core goal of CL, in contrast, is

to enable efficient model updates with minimal reliance on old data, ideally focusing only

on new training samples. Over the years, a variety of CL strategies have been developed,

which can be broadly categorized into seven conceptual groups (see Fig. 1.3, c):

(a) Replay-based methods: Approximate and reconstruct previous data distributions to

support CL. This is achieved either by storing a subset of past samples (episodic replay

in GEM [6] and AGEM [7]) or generating pseudo-samples via generative models (gen-

erative replay [8]), enabling the model to interleave old and new data during training.

(b) Architecture-based methods: Design adaptive network structures that adjust parame-

ters based on task-specific needs. These methods often expand the network dynamically
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(e.g., PNN [9], DEN [10]) to preserve prior knowledge while accommodating new in-

formation.

(c) Representation-based methods: Develop resilient and broadly applicable feature rep-

resentations. By learning task-invariant embeddings, often via self-supervised or con-

trastive learning, these methods (e.g., LUMP [11], Co2L [12]) promote generalization

and minimize interference across tasks.

(d) Knowledge distillation-based methods: Gradually transfer and preserve knowledge

from earlier tasks using distillation techniques. A student model learns to mimic the

output distributions of a frozen teacher model, thereby maintaining soft targets and

capturing inter-class relationships from past tasks (e.g., LWF [13], DER [14]).

(e) Regularization-based methods: Introduce constraints referencing previous models to

reduce forgetting. Techniques like EWC [15] and SI [16] penalize changes to important

weights, leveraging Fisher Information or trajectory-based importance scores.

(f) Parameter isolation-based methods: Allocate distinct sets of parameters for different

tasks to avoid interference. Strategies like task-specific masks (e.g., PackNet [17], HAT

[18]) or modular subnetworks restrict cross-task parameter updates, ensuring knowl-

edge compartmentalization.

(g) Optimization-based methods: Directly modify the optimization process to support

CL dynamics. Meta-learning strategies, task-aware solvers, and gradient projection

techniques (e.g., OGD [19] ) reshape the learning trajectory to mitigate CF and promote

forward/backward transfer.
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1.3 Research Gaps

The initial strategies to mitigate CF involve preserving previously seen data and in-

corporating it into the retraining process of the model, commonly known as the replay or

rehearsal-based approach [14, 11]. However, due to efficiency, capacity, and privacy con-

cerns associated with the replay-based strategy, memory-free techniques are introduced [3].

This motivates us to develop a novel framework that achieves near-zero forgetting without

the need for a replay buffer. Regularization-based methods determine the importance of

parameters by leveraging knowledge from previous tasks. These methods add a regulariza-

tion constraint to the loss function to limit changes to important parameters [15, 16, 20].

However, they still struggle to prevent CF fully [21]. Architecture-based strategies adopt a

distinct approach by assigning separate parameter sets to each task, progressively expand-

ing the network as new tasks emerge. However, this results in a linear growth in resource

consumption [9], as these methods fail to effectively exploit the inherent sparsity of active

neurons in deep networks. Some successful strategies, including parameter isolation, stand

out as effective approaches with minimal or no CF [18, 22].

The parameter isolation-based approach focuses on protecting specific parameters to re-

tain knowledge from prior tasks. It enables the system to allocate a distinct sub-network for

each task within a shared network structure through masking mechanisms [18, 17, 22, 23].

Inspired by compensatory mechanisms in neuroscience and leveraging the sparsity of neu-

ron activations in deep networks, this approach preserves overall network stability while

assigning distinct computational routes or subsets of neurons to different tasks within the

shared architecture. Neuroscientific studies suggest that in healthy adult brains, the over-

all density of neural connections remains relatively stable, even as new tasks are learned.

This indicates that the brain does not require significantly more neurons to accommodate
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Continual Learning using Parameter Isolation

[Ref 3] Zifeng Wang et al., SparCL: Sparse Continual Learning on the Edge, 2022, NeurIPS.
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Output
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Figure 1.4: Parameter isolation based continual learning

additional knowledge. A similar pattern is observed in deep neural networks, where post-

training, only a limited number of neurons are significantly active, leading to sparse activa-

tions [24, 25]. Due to the brain’s hierarchical, sparse, and recurrent structure [26], neural

activity often relies on sparse connections, with only a small subset of neurons responding

to a given stimulus [27]. The brain acquires and preserves knowledge by reorganizing ex-

isting neurons to form more efficient routes. As a result, it becomes essential to safeguard

these neural routes. We tested this hypothesis through a series of experiments for empirical

validation. As shown in Fig. 1.4, a holistic view of the deep network is presented by assign-

ing distinct activation neurons to each task using masking. This process effectively creates

unique routes through the network, guiding information flow from the input layer, through

the intermediate layers, and ultimately to the output layer.

Recent progress in CL has primarily focused on supervised continual learning (SCL),

limiting its applicability in real-world scenarios where data is often unlabelled and exhibits

distributional bias. Parameter isolation-based methods have also been predominantly ex-

plored in supervised settings, as reducing forgetting in unsupervised scenarios poses greater

challenges. Motivated by this gap, we investigate the use of parameter isolation for con-
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tinual learning of unsupervised representations. In this work, we focus on unsupervised

continual learning (UCL), where feature representations are learned from a sequence of un-

labelled tasks, demonstrating that effective CL can be achieved without relying on annotated

data.

Some researchers have begun exploring CL in unsupervised settings, primarily driven

by advancements in contrastive learning methods that aim to address the challenges of non-

IID data distributions [11]. However, incorporating parameter isolation into UCL poses

challenges, as it can lead to the learning of suboptimal representations and hinder perfor-

mance. To support effective unsupervised learning, contrastive loss functions are commonly

employed. Contrastive methods in the literature are traditionally divided into two main

categories: instance-wise [28, 29, 30] and prototypical or group-level contrastive learning

[31, 32]. Instance-wise contrastive learning aims to preserve and maintain local structure

by bringing similar instances closer together and pushing dissimilar instances further apart

in the latent space. On the other hand, prototypical contrastive learning is a method that

identifies and leverages the natural clustering of data instances by detecting local groupings

within a batch. It aims to form compact feature representations centered around cluster

prototypes or centroids, effectively capturing the underlying semantic structure of the data.

However, when both of these techniques are used separately, they face challenges due to

imbalanced ratios of positive and negative samples within batches. Imbalanced datasets

with a low positive-to-negative ratio favor instance discrimination, whereas those with a

high positive-to-negative ratio support instance grouping. This imbalance can compromise

the robustness of the model. As explained in [2], we address the aforementioned issue by

incorporating cross-level instance and group discrimination, inspired by [33]. It achieves

better invariant mapping by separately imposing grouping and discrimination objectives on

features derived from a shared representation and demonstrates performance comparable to
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supervised classification tasks. Although the method proposed in [33] is not specifically

tailored for a CL setup, where the additional challenge of class differentiation within se-

quential tasks is required. because it works in a simplified scenario by assuming all new

data belong to new tasks, which is not realistic if the class labels are not provided. There-

fore, to perform UCL in real-life applications, an out-of-distribution detector is required at

the beginning to identify whether each new data point corresponds to a new task or already

learned tasks. We extend our focus to explore potential group-level relationships. This

involves identifying intrinsic clustering patterns of instances and pseudo-instances within

batches of samples, thereby enhancing the adaptability of our model in the CL setup.

Prior research [34] has shown that out-of-distribution (OOD) detection capabilities can

help in the learning of task boundaries. However, in closed-world or non-continual sce-

narios, OOD detection is straightforward because of the availability of labeled data in abun-

dance, but becomes more complex in CL setups where data arrives incrementally, especially

in UCL setups where labeled information is absent. This motivates us to improve OOD de-

tection within an unsupervised setting, enabling implicit learning of task boundaries without

replaying previous task data. Therefore, we introduce the concept of pseudo-OOD detec-

tion by generating rotation-augmented views of the current batch of data samples, referred

to as pseudo-OOD throughout this thesis. Our method employs these pseudo-labels for

cross-level pseudo-group discrimination to improve OOD detection. This enables the model

to prioritize in-distribution samples from the relevant task while assigning lower scores to

samples from other tasks.

Existing CL methods often focus on either task incremental learning (TIL) or class in-

cremental learning (CIL) separately, rather than addressing both simultaneously. The pri-

mary distinction between CIL and TIL lies in the availability of task IDs during testing: in

TIL, task IDs are assigned to each test sample, while in CIL, they are not provided. This
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distinction can impose constraints or limitations when applying CL methods designed for

one problem to the other. Pseudo-OOD detection enables the model to assign a high score

to in-distribution samples corresponding to the correct task while assigning a low score to

samples from other tasks. It improves both TIL and CIL performance, with a higher impact

observed in CIL.
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Figure 1.5: Overview of the proposed Framework-I: Augmentation Strategies, Hard
Attention-Based Feature Extraction, Multi-Level Projection Heads for Instance, Group, and
Pseudo-OOD Discrimination, and Task-Specific Feature Representations

To address the aforementioned advantages and limitations, our proposed Framework-I

integrates a task-specific hard attention mechanism, inspired by the foundational work of

[18]. However, our incorporation of hard attention differs, as it has not been previously

applied in a UCL setting. UCL emerges as a forward-looking learning paradigm capable of

incrementally acquiring new knowledge from unlabeled data, while hard attention ensures

the retention of experience from previous tasks with minimal forgetting. During the learn-
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ing of a new task, attention vectors are concurrently learned. Utilizing these vectors from

previous tasks, a mask is defined, and the network weights for current tasks are then updated

accordingly. The resulting masks demonstrate near-binary behavior, where some weights

remain unchanged while others adapt to accommodate the new task. Figure 1.5 presents a

conceptual overview of the proposed Framework-I.

Recent research in Mean Magnitude of Channels (MMC) [35] highlighted that hard at-

tention (weight magnitudes) do not always reflect importance, thus leading to redundant

sub-networks. It results in network capacity overload and performance decline. Therefore,

in Framework-II, we propose integrating parameter isolation with gradient projection, in-

spired by seminal works [18, 36] and adapting to the context of UCL. Parameter isolation

using hard attention maintains prior task knowledge through binary adjustments of attention

vectors, derived from past tasks, which serve as masks for updating network parameters dur-

ing the current task. This selective updating prevents the forgetting of previously learned

information. On the other hand, gradient projection partitions weight gradient space and

constrains gradient directions to ensure scalability and preserve past knowledge while fa-

cilitating learnability in new tasks, minimizing interference, and mitigating CF. However,

when applied individually, hard attention and gradient projection can be overly restrictive

for gradient updates, compromising performance in addressing new tasks. Therefore, a syn-

ergistic approach is proposed, wherein the constraint of gradient update is halved, enabling

improved performance across both initial and subsequent tasks while preserving the benefits

of both techniques.

The efficiency of detecting OOD instances can be further improved when the

Framework-I takes into account the uncertainty of neural network predictions. Among

the techniques for assessing the uncertainty of neural networks, evidential deep learning

(EDL) [37] stands out for its ability to identify various sources of uncertainty. This allows
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Figure 1.6: Overview of the proposed Framework-II: Augmentation Strategies, Hard
Attention-Based Feature Extraction, Gradient Projection, Multi-Level Projection Heads for
Instance, Group, and Pseudo-EDL-OOD Discrimination, and Task-Specific Feature Repre-
sentations.

Framework-II to score the in-distribution sample high for the correct task while scoring it

low for other tasks due to data distribution mismatch, because it can differentiate between

a lack of confidence and conflicting evidence. It should be noted that, despite achieving the

capability to discern task boundaries for individual tasks and class boundaries within the

task distribution via cross-level instance grouping and evidential pseudo-OOD detection,

the necessity to retain previous task experiences persists. An abstract representation of the

proposed Framework-II is shown in Figure 1.6.
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The integration of hard attention and gradient projection in Framework-II still imposes

constraints on the network, preventing it from fully utilizing its capacity. Therefore, an

alternative method is required to optimize parameter isolation and harness the network’s

full potential. This drives us to explore alternative approaches to circumvent these chal-

lenges and refine the construction of subnetworks. Inspired by Information Bottleneck (IB)

theory [38, 39, 40], we use subnetwork masking through IB to achieve CL in Framework-

III. This approach integrates IB to minimize redundancy while maintaining or freezing es-

sential parameters, thereby mitigating CF. Simultaneously, irrelevant information is chan-

neled into expendable parameters. It optimizes inter-layer mutual information to construct

redundancy-free sub-networks, addressing challenges in CL. Additionally, a feature decom-

posing module aids in regulating the compression process, offering automatic and flexible

ratio settings for deeper networks.

Although the approaches discussed above have shown effectiveness, they often lack the

representational capability needed to handle data sets with multiple semantic hierarchies,

such as the hierarchies present in the ImageNet dataset [41]. This motivates us to use hi-

erarchical prototypes to capture the underlying semantic structures within the data. Incor-

porating hierarchical semantic structures into representations has the potential to signifi-

cantly enhance semantic understanding across diverse downstream tasks. These prototypes,

organized in a tree structure in the latent space, are dynamically updated during training

to align with current data representations. By leveraging these hierarchical prototypes in

Framework-III, we enhance both instance-wise and prototypical contrastive learning.

As discussed above, Framework-III proposes using subnetwork masking via IB for pa-

rameter isolation. While subnetwork masking with IB has been explored in SCL [40], ap-

plying IB to minimize forgetting in UCL presents inherent challenges [42]. The absence

of labels makes it difficult to identify relevant information, increasing the risk of losing es-
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Figure 1.7: Overview of proposed Framework-III: Augmentation Strategies, Information
Bottleneck-Based Subnetwork Masking, and Multi-Level Projection along with Hierarchi-
cal Prototypical Clustering.

sential features and leading to potential overcompression that can obscure important latent

structures [43]. Hierarchical prototypical cross-level discrimination complements IB sub-

network masking by identifying relevant information and preventing the loss of essential

features due to overcompression. Together, these components address each other’s limita-

tions, enabling effective management of the trade-off between stability and plasticity in the

UCL setup. Figure 1.7 shows an abstract view of the proposed Framework-III.
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1.4 Motivation and Objectives

UCL represents a critical challenge in the development of intelligent systems that must

adapt to new tasks or environments without the availability of labeled data. The ability to

learn from an unending stream of data while retaining previously acquired knowledge with-

out CF is essential for real-world applications. However, existing methods in CL often rely

on supervised signals, making them less applicable to unsupervised settings, where labels

are not provided. The problem is compounded by the need for models to adapt continuously

to new and diverse data distributions while preserving previously learned knowledge.

The current approaches to CL, including regularization-based methods, replay-based

methods, and architecture-based methods, each have limitations. Regularization tech-

niques, while effective in mitigating forgetting, can lead to inefficient use of model capacity.

Replay-based methods face difficulties in managing memory and efficiently storing relevant

data samples. Architecture-based approaches, though effective, can be computationally ex-

pensive and may not fully exploit the underlying parameter space.

Parameter isolation presents a promising avenue to address these challenges. By isolat-

ing specific subsets of parameters for different tasks or data distributions, models can retain

their flexibility to learn new information without interfering with previously learned knowl-

edge. This method allows for a more efficient and scalable approach to CL, as different

parts of the model can specialize in different aspects of the data, enabling more nuanced

learning without overloading the shared parameters.

The motivation for exploring UCL based on Parameter Isolation is driven by the need

to develop more effective and efficient learning algorithms that can handle the dynamic

nature of real-world data. By focusing on isolating relevant parameters for each new task

or data distribution, we aim to reduce the risk of CF while ensuring the model maintains its
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capacity to adapt to new, unseen data. This approach could open the door to more robust

and scalable systems in applications such as autonomous robotics, speech translation, and

smart healthcare, where labeled data is scarce and systems need to operate continuously in

changing environments.

Ultimately, this research seeks to advance the field of CL by leveraging parameter iso-

lation to address the limitations of existing methods, offering a pathway to more efficient,

scalable, and sustainable learning systems in unsupervised settings.

Research Objective I: To develop replay-free, architecture-preserving UCL framework

with hard attention and cross-level discrimination for near-zero forgetting and improve TIL

& CIL through effective OOD detection.

Research Objective II: To address capacity saturation in hard attention by integrating gra-

dient projection and further improve TIL & CIL accuracy through evidential OOD detection

using uncertainty-aware learning.

Research Objective III: To improve network capacity in UCL through effective subnet-

work masking beyond hard attention, and enhance representation learning by hierarchical

prototypical clustering.

1.5 Thesis Contributions

This thesis proposes three parameter isolation-based approaches for UCL aimed at mit-

igating CF. Each approach builds progressively upon the previous one, offering successive

improvements. Collectively, these methods present replay-free, architecture-preserving, and

nearly zero forgetting solutions for CL in an unsupervised setting. The three contributions

of the thesis are briefly discussed below.
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1.5.1 Replay-free UCL through Hard Attention and Cross-level Dis-

crimination

This work proposes a UCL Framework-I that combines hard attention with cross-level

instance-to-group discrimination, as shown in Figure 1.5. Our methodology strategically

leverages the benefits offered by both of these approaches within the UCL paradigm. In

UCL, it is crucial to preserve the representation learning of previous tasks. This requires

the model to distinguish between tasks during training. This can be done using either a

task identifier or a guided mechanism. Task information can be encoded by implementing

hard attention, wherein each layer of the feature extractor is conditioned accordingly. Hard

attention helps in leveraging the learned information to prevent the model from forgetting

previous tasks.

To facilitate unsupervised learning, we utilize a contrastive loss function. However,

a challenge arises concerning instance-level contrastive loss, primarily due to imbalanced

ratios between positive and negative samples within batches. We call similar data points

positive samples and dissimilar data points negative samples. Imbalance data with a low

positive/negative ratio helps with instance discrimination. On the other hand, a high posi-

tive/negative ratio favors instance grouping. Therefore, to mitigate this limitation, we inte-

grate cross-level instance discrimination with group discrimination mechanisms, as shown

in Figure 1.5 with green and blue box.

The combination of instance-level discrimination and instance-group-level discrimina-

tion effectively generates representations that distinguish correlated instances and maintain

semantic groupings within a distribution. This approach is well-suited for TIL scenarios,

where the task-ID indicates the distribution of test sample. However, in the context of OOD

data, this approach tends to misclassify OOD instances as the most similar in-distribution

class. This vulnerability to adversarial attacks makes it less suitable for CIL settings, where
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accurately distinguishing data from different distributions is crucial for predictions. Suc-

cessful CL necessitates the ability of the model to discern task boundaries. This differen-

tiation can be enabled through OOD detection capability, where, samples of one task can

be considered as OOD for the other tasks and vice versa. While OOD detection is straight-

forward in closed-world scenarios [44], it becomes challenging in CL setups, where data

arrives incrementally. In the case of UCL setup, it is particularly non-trivial due to unla-

beled data. Since in the unsupervised domain labeled information is absent, it is difficult to

consider a sample of one task to be OOD for the sample of other tasks. Therefore, we explic-

itly created pseudo OOD samples through rotation-augmentations. Our proposed approach

involves detecting pseudo-OOD samples by learning cross-level pseudo-group discrimina-

tion from the augmented views. It enables the model to assign a high score to in-distribution

samples corresponding to the correct task while assigning a low score to samples from other

tasks.

Contributions to the proposed Framework-1 are as follows:

• We propose a novel framework for UCL achieving negligible or zero forgetting with-

out relying on replay buffer.

• Our novel approach aims to uncover and incorporate instance-to-instance discrimi-

nation into contrastive learning. Instead of relying solely on instance grouping, we

achieve this through discrimination at the cross-level between instances and pseudo

instances (pseudo-OOD) with their respective local instance groups. It improves task

and class incremental learning (TIL & CIL).

• Our extensive experiments across four standard datasets demonstrate significant per-

formance improvements with minimal forgetting over SOTA baselines for task se-

quences ranging from 5 to 100. The average TIL accuracy of 76.79% and CIL ac-
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curacy of 62.96% across all the standard datasets, with negligible forgetting. This is

particularly notable as the SOTA baselines achieve only 74.28% and 60.68%, respec-

tively, in the UCL setting. These baselines experience significant forgetting of almost

over 4%. Furthermore, it attains a level of performance that is highly competitive

with the SCL baseline and even surpasses it on certain standard datasets, reducing

forgetting drastically from over 14.5% to nearly zero.

1.5.2 Addressing Capacity Saturation in Hard Attention and Improv-

ing Accuracy with Evidential OOD Detection

The previously presented Framework-I based on hard attention and cross-level discrim-

ination has performed pretty well compared to existing SOTA approaches. However, it suf-

fers from the “capacity saturation problem”. When hard attention is used independently, it

imposes excessive constraints on parameter updates, leading to suboptimal learning perfor-

mance for new tasks. This exacerbates the capacity problem by restricting the availability

of free neurons and potentially increases forgetting. Therefore, instead of solely relying

on the importance of individual parameters, we also focus on constraining the direction

of gradients. This ensures that the neural network learns new tasks by updating its pa-

rameters in directions orthogonal to the gradient subspaces considered crucial for previous

tasks. Through the empirical study, we found that integrating hard attention with gradient

projection can complement the advantages and drawbacks of each other when given equal

importance.

Unsupervised contrastive learning is effective in maintaining representation continuity

but faces challenges with imbalanced positive-to-negative ratios, leading to biased instance

discrimination. As discussed in section §1.5.1, to address this issue in Framework-1, we

proposed an approach that combines direct instance grouping with cross-level discrimina-
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tion for both real and pseudo groups, enhancing unsupervised representation learning.

In Framework-II, we additionally utilize the capabilities of EDL to improve pseudo-

OOD detection by identifying different sources of uncertainty. Cross-entropy is commonly

used for image classification but is known to be biased towards the training data, often as-

signing high probabilities even to incorrect predictions [45]. Instead of adopting a traditional

loss function, we employ a novel approach that combines cross-entropy with evidential KL-

divergence for rotation-augmented pseudo labels. This strategy enables the quantification

of uncertainty, a vital aspect for ensuring correct predictions [45].

Including evidential cross-entropy loss for OOD detection in the final loss function im-

proves both TIL and CIL accuracy. Intuitively, a model capable of distinguishing between

OOD and ID data learns more descriptive features, leading to improved TIL accuracy. For

CIL, it is evident that any task inference mechanism necessitates discriminative features

between ID and OOD.

Contributions of the proposed Framework-II are as follows:

• We propose a novel framework for UCL using cross-level discrimination and evi-

dential pseudo-OOD detection along with gradient-projected hard attention. In this

framework also we are able to achieve nearly zero forgetting in UCL without a replay

buffer.

• Our novel approach integrates instance-to-instance discrimination into contrastive

learning, focusing on cross-level discrimination between instances and pseudo-

instances (OOD) with their respective local instance groups. Additionally, we incor-

porate Evidential Deep Learning (EDL) into UCL for detecting OOD samples using

rotation-augmented pseudo labels, which has not been explored previously.

• Our comprehensive experiments demonstrate substantial performance improvements
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compared to SOTA baselines on benchmark datasets. We achieve an average TIL

accuracy of 77.82% and CIL accuracy of 67.39% across all standard datasets, with

minimal forgetting. In contrast, the SOTA baselines achieve up to only 73.33% and

60.08%, respectively in the UCL setting, exhibiting significant forgetting. Moreover,

Framework-II shows a significant improvement over the SOTA SCL baseline, with

an increase of 2.82% and 3.68% in average accuracy, while significantly reducing

forgetting from approximately 12.66% and 19.56% to nearly zero in TIL and CIL

respectively.

1.5.3 Improving Network Capacity with Sub-network Masking and

Accuracy through Hierarchical Representation Learning

Relying solely on weight magnitude (hard attention) for subnetwork construction can

result in retaining unimportant weights and redundant subnetworks, leading to capacity sat-

uration. This drives us to explore alternative approaches to circumvent these challenges

and refine the construction of subnetworks. Inspired by Information Bottleneck (IB) the-

ory [38, 39, 40], we use subnetwork masking through IB to achieve CL. This approach

integrates IB to minimize redundancy while maintaining or freezing essential parameters,

thereby mitigating CF. Simultaneously, irrelevant information is channeled into expendable

parameters. It optimizes inter-layer mutual information to construct redundancy-free sub-

networks, addressing challenges in CL. Additionally, a feature decomposing module aids in

regulating the compression process, offering automatic and flexible ratio settings for deeper

networks. Although subnetwork masking using IB is explored in SCL [40], however mini-

mizing forgetting through IB in UCL poses inherent challenges [42]. The absence of labels

makes it difficult to identify relevant information, increasing the risk of losing essential fea-

tures and leading to potential overcompression that can obscure important latent structures
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[43].

Organizing instances into groups is crucial for determining their similarity, rather than

just focusing on individual discrimination. This is necessary because discrimination on an

individual level may compromise both stability and effectiveness. However, previous re-

search suggests that clustering can result from attraction as well as shared repulsion, relying

solely on instance clustering may also lead to problems like grouping dissimilar instances

[33]. Therefore, our endeavors are twofold: first, to direct each instance towards its as-

sociated cluster, and second, to simultaneously repel distant clusters associated with other

instances.

Prototypical contrastive learning endeavors to create condensed representations of im-

ages within a latent space, ensuring close proximity to their respective cluster centers. While

traditional approaches [31, 32] typically compare an image with a singular set of prototypes,

this overlooks potential semantic relationships with multiple clusters. Instead of solely asso-

ciating an image with the most similar prototypes, it is beneficial to consider other clusters

as well, which are then regarded as negative samples. Consequently, we employ hierarchi-

cal prototypes to represent semantic structures in data and dynamically update them during

training. By leveraging these hierarchical semantic representations, we aim to enhance tradi-

tional instance-wise and prototypical contrastive learning. This involves optimizing positive

and negative pair selections to better align with the semantic structures.

Hierarchical prototypical cross-level discrimination complements IB subnetwork mask-

ing by identifying relevant information and preventing the loss of essential features due to

overcompression. Together, these components address each other’s limitations, enabling

effective management of the trade-off between stability and plasticity in UCL setup. Figure

1.7 shows an abstract view of the proposed Framework-III.

The proposed Framework-III contributes as follows:

22



CHAPTER 1. INTRODUCTION

• We propose a novel framework for UCL that leverages cross-level discrimination of

instances and hierarchical prototypical clusters to enhance representational capability

for datasets with multiple semantic hierarchies.

• Hard Attention often results in redundant sub-networks and capacity saturation, which

degrades performance. Therefore, we employ information bottleneck-based subnet-

work masking in UCL to mitigate redundancy and improve CL.

• Our comprehensive experiments demonstrate substantial performance gains over

SOTA baselines by achieving nearly zero forgetting in UCL without a replay buffer

on both long and small task-sequence data.

1.6 Thesis Organization

The rest of the thesis is organized as follows. In Chapter 2, essential background and

preliminaries are outlined. It begins with a comparison of SCL and UCL paradigms. It then

outlines the benchmark datasets, data augmentation strategies, and evaluation protocols used

to assess model performance under TIL and CIL settings.

In Chapter 3, a comprehensive review of the literature is presented by discussing var-

ious existing techniques related to CL. The review critically examines these approaches,

with a particular emphasis on UCL based on parameter isolation. Each method is analyzed

in the context of its strengths, limitations, and relevance to the proposed research, providing

a foundation for the exploration and advancement of UCL using parameter isolation.

In Chapter 4, a memory-free UCL approach, focusing on innovative methods and strate-

gies that enable CL without relying on an external memory buffer, is proposed. It presents a

novel Framework-I for UCL through Cross-Level, Instance-Group, and Pseudo-Group Dis-

crimination with Hard Attention, enabling efficient adaptation to new data while effectively
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preserving previously learned knowledge in a memory-efficient manner.

In Chapter 5, the issue of capacity saturation associated with hard attention is ad-

dressed by utilizing gradient projection memory. It presents a novel Framework-II for UCL

through Cross-Level Discrimination and Evidential Pseudo Out-of-Distribution Detection,

combined with Gradient Projected Hard Attention. This approach enhances the model’s

ability to learn continuously while mitigating the limitations of capacity saturation.

In Chapter 6, the problem of capacity saturation associated with gradient projected

hard attention is further addressed. It presents a novel Framework-III for UCL by intro-

ducing information bottleneck subnetwork masking. It also develops a strategy for learning

the hierarchical structure inherent in the data through hierarchical prototypical cross-level

discrimination.

In Chapter 7, the key findings of the research are highlighted and their practical im-

plications are presented. Additionally, it summarizes the contributions of the thesis and

outlines potential future directions for further research in the field
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Chapter 2

Background and Preliminaries

This chapter begins with a comparative analysis of SCL and UCL paradigms. Next,

we describe the datasets employed, including MNIST, CIFAR-10, CIFAR-100, and Tiny-

ImageNet, detailing their task configurations and preprocessing steps. We then elaborate

on the data augmentation strategies critical to representation learning. Finally, we present

the evaluation metrics and protocols used to assess model performance under TIL and CIL

scenarios, including the formulation of accuracy and forgetting metrics. This setup ensures

a comprehensive and fair evaluation of the proposed methods and baselines.

2.1 Comparison between Supervised and Unsupervised

Continual Learning

Table 2.1 presents a comparative overview of SCL and UCL across key dimensions such

as label dependence, learning objectives, and methods, etc. It highlights the fundamental

distinctions in supervision requirements, task definitions, and cost-efficiency between the

two paradigms.
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Table 2.1: Comparison between Supervised Continual Learning (SCL) and Unsupervised
Continual Learning (UCL)

Aspect Supervised Continual
Learning (SCL)

Unsupervised Continual
Learning (UCL)

Label Availability Requires labeled data for
each task or instance.

No labels are available; relies
on the structure of the data it-
self.

Learning Objective Minimize classification or re-
gression loss using labeled
data.

Learn representations or clus-
ters, often via self-supervised
signals.

Task Definition Explicitly defined based on
label differences.

Tasks may be defined based
on distribution shifts or aug-
mentations.

Forgetting Problem Catastrophic forgetting of
previously learned labeled
knowledge.

Forgetting occurs in learned
representations or clustering
structures.

Knowledge Transfer Transfer learned label infor-
mation across tasks.

Transfer unsupervised rep-
resentations or embeddings
across tasks.

Supervision Cost High, requires annotated la-
bels.

Low, no manual labeling
needed.

Common Methods EWC [15], LwF [13], GEM
[6], PNN [9], HAT [18], etc.

LUMP [11], CURL [46],
CCSL [47], PFR [48], etc.

2.2 Dataset Used

We use four image classification benchmark datasets in our experiments: MNIST,

CIFAR-10, CIFAR-100, and Tiny-ImageNet, all resized to a uniform input dimension of

32 × 32 × 3 pixels.

1. MNIST (M-5T)0 [49]: This dataset contains 60,000 training and 10,000 testing

grayscale images of handwritten digits, each of size 16×16 pixels, across 10 classes.

For our experiments, we split it into 5 tasks, each with 2 classes.

2. CIFAR-10 (C-5T)1 [50]: This dataset has 60,000 color images of size 32x32 across

10 classes, with 5,000 training and 1,000 testing images per class. Similar to MNIST,

we split it into 5 tasks, each with 2 classes.
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3. CIFAR-100 (CH-τT) 1 [50]: This dataset has 60,000 color images of size 32x32

across 100 classes, with 500 training and 100 testing images per class. We split it into

τ tasks so that each task has 100/τ classes.

4. Tiny-ImageNet (I-1H-τT and I-2H-τT)2 [51]: This dataset has 120,000 color images

of size 64x64 across 200 classes, with 500 training and 50 testing images per class.

For I-1H-τT, we randomly choose 100 classes from the 200 available, whereas for I-

2H-τT, we use all 200 classes. We split these classes into τ tasks so that each task has

100/τ or 200/τ classes respectively. Validation images without labels are discarded.

2.3 Data Augmentation Strategies

The combination of data augmentation operations plays a crucial role in obtaining high-

quality representations. We apply the same set of augmentations for all baselines, following

the detailed specifications provided in [52, 53]. Our initial set of three augmentations in-

cludes: (a) Horizontal flip: Mirror the image horizontally with a 50% probability. (b) Color

changes: Apply color jitter with an 80% probability to introduce noise and modify bright-

ness, contrast, and saturation. Additionally, perform grayscale adjustments with a 20%

probability to convert the image to grayscale. (c) Inception crop: Select a resizing factor

uniformly from the range of 0.08 to 1.0 for each image, then crop a portion of the image and

resize it back to the original size [54]. This augmentation is accompanied by four rotations

of {0°,90°,180°,270°} for OOD detection capability, as shown in Figures 4.1. (a), 5.1. (a),

and 6.1. (a).

0http://yann.lecun.com/exdb/mnist/
1https://www.cs.toronto.edu/ kriz/cifar.html
2http://tiny-imagenet.herokuapp.com
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2.4 Evaluation Metrics and Settings

2.4.1 Evaluation metrics

To evaluate the utility of the features learned for classification, we apply weighted K-

nearest neighbors [52], on the representation and classify the images to evaluate perfor-

mance. It should be noted that we use labels only to assess the model and not to train it.

We consolidate the performance of the model on all tasks < τ after training on task τ by

calculating the average accuracy and forgetting. This is done after training each task and we

report the overall average of all these average accuracies and forgettings.

Accuracy: Mathematically, the overall-average accuracy of the model after training τ th

task is calculated as:

AAτ =
1

τ

τ∑
i=1

Aτ,i (2.1)

OAAτ =
1

τ

τ∑
j=1

AAj (2.2)

where, AA indicates the average accuracy of the model at any given moment, and OAA

denotes the overall average accuracy of the model.

Forgetting: It calculates the difference between the highest performance of the model

in the past and its current performance.

Fi,τ = max
k∈{1,...,τ−1}

(Ak,i − Aτ,i), ∀i < τ (2.3)

For the τ th task, forgetting is measured by averaging the forgetting of all prior tasks.

AF τ =
1

τ − 1

τ−1∑
j=1

Fj,τ (2.4)

The overall average forgetting is calculated by averaging the forgetting across all tasks.
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It evaluates the ability of the model to retain experience over time. This remains the same

for both the TIL and CIL evaluations. These equations remain same for both the TIL and

CIL evaluations.

2.4.2 Evaluation under TIL setting

We follow [52] and apply K-nearest neighbors on the representations and classify the

test data. For one sample we calculate its similarity with the entire training data. Then we

take the top-K neighbors based on the similarity score, which is used to compute the simi-

larity of the test sample to every class by summing the similarity of all neighbors belonging

to each class.

P c(xi) =
K∑
j=1

FIτ (xi) · Qc
j (2.5)

here, P c(xi) is the prediction score for the ith image xi, FIn is the feature extractor that

generates prediction score from instance level projection layer for τ th task and Qc
j is the

jth nearest neighbor for that particular instance, which belongs to class c. This gives us

prediction scores for every class and the class with the highest score is taken as the predicted

class.

2.4.3 Evaluation under CIL setting

In CIL testing, the model should be able to determine to which task the given sample

belongs. At testing time, the model is unaware of which mask to use to embed the nearest

neighbors and test sample. Therefore, we generate a separate feature bank for each task τ ,

where, τ ∈ [ 1, T ] . Then to obtain the prediction score for each class, we follow the same

procedure as in the TIL setting. We filter the prediction scores from the K nearest neighbors

similarity results, retaining only the scores of classes corresponding to the same mask index

as the classes belonging to the particular task index for which it was trained. This filtering
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is performed to reduce noise in the results.

CIL Predi = [ P 1
1 (xi), P

2
1 (xi)..., P

c−1
τ−1(xi), P

c
τ (xi)] (2.6)

where c is the class, τ is the mask or task index used to calculate the prediction, and i is the

sample index. To get the final prediction, we take the maximum.

Final CIL Predi = argmax([ P 1
1 (xi), P

2
1 (xi)..., P

c−1
τ−1(xi), P

c
τ (xi)] ) (2.7)
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Chapter 3

Literature Review

Our work encompasses the domain of continual learning and unsupervised representa-

tion learning. In the following section, we provide an overview of the related literature in

both of the aforementioned areas.

3.1 Continual Learning (CL)

It is the process of acquiring new knowledge while retaining previously gained ex-

perience from a sequence of tasks [3]. CF hinders deep neural networks from retaining

old knowledge while learning new tasks [55]. To balance between plasticity (the capabil-

ity to learn new tasks) and stability (the ability to retain knowledge from previous tasks),

CL research can be classified into five primary categories: Replay-based, Regularization-

based, Knowledge Distillation-based, Architecture-based, and Parameter Isolation-based

approaches.

3.1.1 Replay-based strategy

Allocates a small memory buffer to store partial old-task data in memory and replays

these examples during new-task learning [14, 56]. Gradient Episodic Memory (GEM) [6]
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and Averaged Gradient Episodic Memory (A-GEM) [7] minimize CF by utilizing episodic

memory such that the gradient from the new task data does not deviate too much from

the gradient of the previous task. Gradient Coreset Replay (GCR) [57] selects a coreset

to estimate gradients for all previously seen data. Graph-based Continual Learning (GCL)

[58] addresses forgetting by using a learnable graph to enhance episodic memory, capturing

sample similarities to improve task learning and retention. Rainbow Memory (RM) [59]

enhances sample diversity in CL by using classification uncertainty and data augmentation.

However, in scenarios where buffer size is limited, they suffer from over-fitting [60] and

exacerbated representation drifts [61], resulting in increased forgetting of previous tasks.

Pseudo-rehearsal methods [8] replace memory modules with generative networks, but train-

ing them for sequential tasks or specific data types is challenging. Recent studies [62, 63]

suggest that self-supervised learning methods with a replay buffer can mitigate CF in non-

iid data. Despite achieving impressive results in downstream tasks, replay-based approaches

are memory-intensive, requiring a large number of samples for replay, and may not be viable

in applications with privacy constraints.

3.1.2 Regularization-based strategy

Determines the significance of parameters or their gradients in relation to previously

learned tasks. It subsequently incorporates a regularization component into the loss function

to restrict modifications to these important parameters, thus mitigating CF [64, 16, 65]. Elas-

tic Weight Consolidation (EWC) [15] utilizes the Fisher information matrix to derive param-

eter importance and applies regularization to penalize the cumulative parameter changes. In

a similar approach, Zenke et al. [16] introduced Synaptic Intelligence (SI) by simplifying

the computation of the penalty to determine the significance of each parameter by calculat-

ing the path integral along the optimization trajectory. Pan et al. [66] proposed a method
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for training in weight space that identifies key past experiences and a functional prior using

a Gaussian process formulation. Despite numerous methods [67, 20] within this category,

challenges in effectively preventing CF persist.

3.1.3 Knowledge Distillation (KD)-based strategy

In this strategy, the student model sequentially learns new tasks while retaining past

knowledge, guided by a teacher model to prevent CF. Learning Without Forgetting (LWF)

[13] uses new samples of outputs of the old model to constrain the outputs of the new

model. Many subsequent approaches integrate KD with Experience Replay (ER). For exam-

ple, Dark Experience Replay (DER) [14] uses both labels and model outputs for distillation.

GeoDL [68] distills the geodesic path between features of old and new models, while Dis-

tillation of Data Effect (DDE) [69] applies causal inference to distill causal effects between

old and new data. In contrast to label distillation, Learning a Unified Classifier Incremen-

tally via Rebalancing (LUCIR) [70] directly enforces consistency between the normalized

features of the new and old models while addressing the data imbalance between replayed

and training samples. PODNet [71], regulates how each layer’s outputs evolve over time.

Separated Softmax for Incremental Learning (SS-IL) [72] addresses the bias introduced

by data imbalance by applying a separated softmax function in the final layer. Unlike these

methods, Complementary Calibration (CoCa) [73] uses a collaborative distillation approach

to leverage ensemble dark knowledge from both old and new models, offering richer simi-

larity relationships than those derived from a single model. OCD-Net [74] is a knowledge

transfer-based approach similar to [14] and [12]. While it uses an online teacher model in-

stead of an offline one, enabling efficient integration and consolidation of new knowledge

through continuous updates to the student model’s parameters. The author in [75], like

DER, maintains model output consistency for knowledge preservation but improves upon
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it by decoupling output probabilities to better capture information about old tasks. It also

addresses data imbalance. These approaches face several limitations. They rely on replay

buffers and require labeled information because they are supervised. Additionally, biases

from the initial tasks or teacher models can accumulate and affect the student model’s per-

formance on future tasks. The student model might overfit to the teacher’s specific patterns,

leading to poor knowledge transfer, especially with drastically different tasks or limited

model capacity. Moreover, KD encounters other issues, such as scalability and complex-

ity. In contrast, our approach is unsupervised and does not rely on replay buffers. It also

simplifies the process compared to complex teacher-student models.

3.1.4 Architecture-based strategy

Prevents forgetting by expanding the network as new tasks are encountered, making it

more effective in preventing CF compared to regularization-based and replay-based meth-

ods [9, 10, 76]. However, it entails a considerable increase in parameters, sometimes ap-

proximating or exceeding the size of the complete model. A notable example is the Pro-

gressive Neural Networks (PNN) method by Rusu et al. [9], which allocates a network to

each task and leverages previous knowledge to support learning new tasks. It is unsuitable

for low-memory devices. Abati et al. [77] introduced a task-aware gating module in each

convolutional layer to choose the suitable filter for each task. Yoon et al. [10] introduced

Dynamically Expandable Networks (DEN), a flexible model that dynamically incorporates

new neurons to accommodate additional tasks. DualNet [78] optimizes memory by utiliz-

ing distinct representations for each task. Qin et al. [79] dynamically built a new network

to learn new tasks while transferring knowledge between tasks. Selection of Experts for

Ensemble Diversification (SEED) [80] selects and fine-tunes the most optimal expert per

task using Gaussian distributions, boosting diversity and stability, but requires a predefined
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maximum number of experts. Other examples of architecture-based approaches include Dy-

namic Token Expansion (DyTox) [76] and Learn to Grow [81]. While being more effective

in preventing CF, the number of parameters grows dramatically with the addition of new

tasks. Therefore, it is difficult to use architecture-based approaches in low-memory devices.

3.1.5 Parameter isolation-based strategy

Allocate separate model parameters for each task by masking out parameters from previ-

ous tasks and updating only the remaining parameters for learning new tasks [18, 23, 22, 40,

82, 83]. It effectively overcomes the limitations of replay-based strategies by eliminating

the need for a memory buffer and addresses the constraints of architecture-based meth-

ods by avoiding the expansion of network architecture. Compacting, Picking and Growing

(CPG) [84] integrates model compression, weight selection, and progressive network ex-

pansion iteratively to create a scalable incremental learning method for multiple sequential

tasks. PathNet [85] divides each layer into sub-modules to identify optimal pathways for

each task. PackNet [17] freezes crucial weights for each task by identifying them through

pruning. While PackNet does not expand the network during CL, it overutilizes the fixed

capacity, and it relies heavily on the quality of the pre-trained backbone. Hard Attention to

the Task (HAT) [18] uses binary masks on neurons to identify those that are crucial for each

task. During training, these masks block gradient flow through the masked neurons, leav-

ing only unmasked neurons trainable. As more tasks are added, fewer neurons remain free,

which makes learning subsequent tasks increasingly difficult and leads to a gradual perfor-

mance decline. Additionally, masking a neuron also masks all parameters feeding into it,

leading to significant capacity issues. CAT [23] enhances HAT by identifying task similari-

ties and adjusting masks to facilitate knowledge transfer. However, misclassifying tasks as

similar or dissimilar can lead to severe CF. Supermasks in Superposition (SupSup) [22] em-
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ploys a randomly initialized backbone network and identifies a sub-network specific to each

task. The sub-network or mask for each task is preserved. As there are no alterations to the

network, SupSup does not suffer from CF and capacity issues. However, due to the indepen-

dent nature of each mask design, SupSup inherently lacks knowledge transfer it resulting

in sub-optimal performance due to the fixed weights constraining the model’s representa-

tional ability. To tackle this challenge, SpaceNet [86] employs sparse training to conserve

parameters for future tasks, albeit at the expense of individual task performance. Winning

SubNetworks (WSN) [87], inspired by the lottery ticket hypothesis, learns a compact sub-

network for each task while keeping the weights selected for earlier tasks fixed. It separates

the learning process by decoupling the network structure and learning parameters into two

distinct, trainable components: weights and weight scores. It then selects the top-k percent

of weights based on their ranking scores. SPG [83] uses gradient-based importance scores

as soft masks to constrain gradient flow during backpropagation to prevent forgetting, but

struggles to scale from small to large networks. Some methods [87, 88] select sub-networks

and optimize their parameters within a regularized subspace. Saha et al.[89] employ a tech-

nique that divides the weight parameter space into core and residual spaces after each task

learning using PCA-based pruning [90]. Gradient Projection Memory (GPM) [36] enables

CL by using gradient projection to store knowledge from previous tasks in orthogonal sub-

spaces, minimizing interference with new tasks. While GPM preserves past knowledge in

the frozen core space and updates the residual space for new tasks, it does not assign im-

portance to individual parameters. Instead, it imposes constraints on the gradient descent

direction. Orthogonal Gradient Descent (OGD) [19] and Orthogonal Weights Modifica-

tion (OWM) [91] address CF by storing gradient directions, but GPM significantly reduces

memory requirements. While OWM uses iterative projector computation, GPM utilizes

SVD to identify subspaces in the gradient space efficiently. While most of these parameter-
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isolation methods have shown impressive performance, they often select parameters based

on their magnitude, leading to redundant sub-networks. Information Bottleneck Masked

sub-network (IBM) [40] leverages information bottleneck theory to reduce redundancy in

sub-networks, resulting in the creation of redundancy-free sub-networks. However, the IB

subnetwork masking struggles to balance input compression with pattern preservation in

the absence of labels [92, 93]. Without labels, it risks over-compression, which can lead to

the loss of crucial hierarchical latent structures. This loss of important structures degrades

the model’s overall performance. Therefore, it is necessary to employ a mechanism that

mitigates the effects of over-compression. Such a mechanism would complement IB sub-

network masking by identifying and preserving relevant information, thereby preventing the

loss of essential features during the compression process. This further motivates the use of

hierarchical prototypical cross-level discrimination with IBM, which is discussed in detail

in a later section.

3.2 Unsupervised Representation Learning

Unsupervised representation learning strives to acquire visual representations without

incurring the cost of data labeling. Recent advancements show a groundbreaking direc-

tion that attains SOTA, such as Barlow Twins[94], Simple Siamese networks (SimSiam)

[53], SimCLR [28], Momentum Contrast (MoCo) [30], Infomin [95], Swapping Assign-

ments between multiple Views of the same image (SwAV) [96], Cross-Level instance-group

Discrimination (CLD) [33], Non-Parametric Instance Discrimination (NPID) [52], Noise-

Contrastive Estimation (NCE) [97] and, Info-NCE [98]. Other recent approaches for un-

supervised representation learning are also available, such as autoencoder-based [99, 100]

and pretext task-based [101, 102]. Sometimes these methods attain comparable or even

superior performance with respect to supervised representation learning [53, 96, 33, 103].
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Contrastive loss optimization is a prevalent approach among these methods, aiming to max-

imize the similarity of representations across different data augmentations by bringing pos-

itive pairs closer and pushing negative samples apart [28, 30, 94]. Instance discrimination-

based methods assume the presence of distinct and well-separated instances; however, their

performance may degrade in real-world scenarios, where data often exhibit high correla-

tion or long-tail distributions. Alternatively, prototypical contrastive learning (grouping of

instances) leverages semantic structures by incorporating prototype representations of clus-

ters [104, 105, 106]. This is achieved by contrasting either correlated or uncorrelated pairs

of prototypes [31, 107] or by contrasting associated and unassociated pairs of instances

with prototypes [32, 33]. Therefore, to enhance the stability of feature learning and dis-

crimination capabilities, we integrate instance-wise and cluster-wise contrastive learning

by extending discrimination from individual instances to relationships between instances

and batch-level clusters [33]. In Framework-I and Framework-II, we integrate contrastive

learning and instance grouping into a unified framework, extending discrimination beyond

individual instances to capture relationships between them through the formation of batch-

level groups and pseudo-groups (OOD). This approach safeguards feature learning against

degeneracy and enhances stability while enabling discrimination at the instance level to

extend beyond the finest granularity. These strategies contribute to producing more seman-

tically concise representations. However, these methods often overlook the hierarchical

nature of the datasets by representing semantic clusters at a single hierarchy due to a lack

of awareness of global semantics across the entire dataset [108]. Therefore, in Framework-

III, we explore hierarchical prototypical contrastive learning along with cross-level instance

and cluster discrimination. Recognizing this hierarchical structure is essential for a deeper

understanding of relationships and structures in the data.
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3.3 Unsupervised Continual Learning (UCL)

In UCL, achieving CL without class labels poses a very challenging scenario. Recently,

there has been an increasing fascination for UCL, as demonstrated by various related re-

search efforts [46, 11, 109, 110]. Aligning with earlier studies [11, 111], UCL demonstrates

its efficacy in generating competitive CL models across various downstream tasks. This em-

pirical evidence suggests that UCL exhibits reduced susceptibility to CF, a characteristic we

leverage in our proposed frameworks. Self-Taught Associative Memory (STAM) [112] uti-

lizes an expandable memory structure that necessitates dataset-specific fine-tuning. Lifelong

Unsupervised Mixup (LUMP) [11], and LL-UCR [113] use data augmentation and interpo-

lation of new samples with buffered data to tackle CF. Madaan et al. [11] demonstrated that

UCL can outperform SCL algorithms in TIL scenarios, leveraging techniques like Mixup

[114] to mitigate CF. However, their approach relies on a replay buffer to maintain previous

task data. Unlike replay-based methods, our approach does not necessitate the storage of

data from previous tasks. Another study [115] conducted a large-scale UCL experiment

through a pre-trained model. Knowledge distillation-based methods like CCSL [47] and

CaSSLe [116] retain essential knowledge from previous models by capturing snapshots of

the model. Approaches such as Projected Functional Regularization (PFR) [48] and CaSSLe

incorporate projection heads into SSL frameworks to maintain previous knowledge. How-

ever, they face challenges in learning new tasks while maintaining prior knowledge, mainly

due to hurdles in regularization. This hampers CL by diminishing flexibility and inducing

drift. Continual Unsupervised Representation Learning (CURL) [46] addresses UCL using

variational autoencoders combined with a Gaussian mixture model. Some other methods

also leverage variational autoencoders and generative replay to mitigate catastrophic for-

getting [117, 118, 119]. Plasticity-Optimized Complementary Networks (POCON) [120]
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trains task-focused experts for high plasticity but faces potential computational overhead

during the adaptation-retrospection phase, especially in many-task settings. However, these

methods face challenges related to computational cost and scalability, particularly when

dealing with large datasets. Despite their benefits, the ability to detect emerging clusters

and continually expand the model remains essential. Our approaches align with a parameter

isolation-based technique for UCL. However, parameter isolation-based techniques con-

tinue to encounter capacity saturation, especially in long task sequences, due to the limita-

tions of hard attention mechanisms used in Framework-I. To mitigate the impact of capacity

saturation, we incorporate gradient projection in Framework-II and information bottleneck

masking in Framework-III. Previous work [121] in SCL demonstrated that better represen-

tation of learning can be achieved by differentiating between OOD samples and ID samples.

They claim that it helps in both TIL and CIL setups. We extend their idea in Framework-

I and enhance it by cross-level pseudo-instance group discrimination for OOD detection.

Framework-II integrates parameter isolation with gradient projection to mitigate CF. Addi-

tionally, Framework-II uses evidential deep learning (explained in the next section) to iden-

tify pseudo-OOD instances and differentiate class representations. Therefore, it differs from

Framework-I by integrating unsupervised contrastive learning framework with cross-level

evidential pseudo-OOD detection. This combination provides a robust solution to both TIL

and CIL challenges. Framework-I and Framework-II use direct instance grouping along

with cross-level discrimination for unsupervised learning. However, they lack sufficient

representational capacity for datasets with complex semantic hierarchies. Framework-III

addresses this limitation by incorporating hierarchical prototypical cross-level discrimina-

tion.
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3.4 Evidential Deep Learning (EDL)

The development of uncertainty-aware predictors aligns with the rise of modern

Bayesian approaches in machine learning. Gaussian Processes (GPs) [122] are prominent

in this field, offering accurate predictions and reliable uncertainty measures. Bayesian Neu-

ral Networks (BNNs) [123] also play a role by incorporating prior distributions on model

parameters. Despite their predictive power, BNNs require approximation techniques like

Variational Bayes (VB) [124, 125] and Stochastic Gradient Hamiltonian Monte Carlo (SG-

HMC) [126] due to intractable posterior calculations. In contrast, EDL [37] directly models

a Dirichlet posterior using a deterministic neural net, eliminating the need for inferring un-

certainty sources. This capability of EDL to identify various sources of uncertainty makes

it particularly effective in detecting pseudo-OOD instances, as discussed in §5.1.1.3. In

Framework-II, we integrate EDL for OOD detection; however, unlike [127], it is applied in

the context of UCL rather than SCL. Notably, the utilization of EDL on pseudo-rotation-

augmented samples presents a non-trivial challenge, as explained in §5.1.1.3.

3.5 Research Questions (RQs)

The design of Framework-I is driven by the following core research questions (RQs):

• RQ1: Do we need the memory buffer to retain the experience in UCL?

• RQ2: Will parameter isolation learn unsupervised representation continually?

• RQ3: Does cross-level pseudo-instance group discrimination for OOD detection

improve the TIL and CIL by helping in learning clear task boundaries?

The development of Framework-II is guided by the following key RQs:
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• RQ4: Can unsupervised representation be learned continually using gradient projec-

tion along with parameter isolation?

• RQ5: Does the implementation of cross-level evidential pseudo-instance group dis-

crimination for OOD detection improve TIL and CIL by learning distinguishable task

and class boundaries?

The following RQs guided the design and development of Framework-III:

• RQ6: Existing unsupervised contrastive representation learning methods often fail to

capture the hierarchical semantic structures inherent in the data. Given this limitation,

is there an effective way to address this issue and learn these hierarchical structures in

the CL setup?

• RQ7: Relying solely on weight magnitude (hard attention) for subnetwork construc-

tion can result in retaining unimportant weights and redundant subnetworks, leading

to capacity saturation. What is an alternative approach to avoid these issues and en-

hance subnetwork construction for long task-sequences?
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Replay-free UCL through Hard

Attention and Cross-level Discrimination

In this chapter, we propose UCL Framework-I, which combines hard attention with

cross-level instance-to-group discrimination. Our methodology strategically leverages the

benefits offered by both of these approaches within the UCL paradigm. An abstract view of

the Framework-I is presented in Figure 1.5 of Chapter 1. In UCL, it is crucial to preserve the

representation learning of previous tasks. This requires the model to distinguish between

tasks during training. This can be done using either a task identifier or a guided mechanism.

Task information can be encoded by implementing hard attention, wherein each layer of the

feature extractor is conditioned accordingly. Hard attention helps in leveraging the learned

information to prevent the model from forgetting previous tasks.

To enable unsupervised learning, we use a contrastive loss function. However, instance-

level contrastive loss suffers from an imbalance between positive and negative samples. A

low positive/negative ratio aids instance discrimination, while a high ratio supports instance

grouping. To address this, we combine cross-level instance and group discrimination.

The work presented in this chapter has been published in the paper: “Unsupervised continual learning
by cross-level, Instance-Group and Pseudo-Group Discrimination with Hard Attention”, Journal of Computa-
tional Science, 86, 102535–102553 (2025). DOI: 10.1016/j.jocs.2025.102535
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Figure 4.1: Overview of the proposed Framework-I. (a). The augmentation block represents
various augmentation strategies of the current batch of samples. (b). Training of feature
extractor GΩ using Hard Attention mechanism. Output of Feature Extractor provided to loss
function through Projectors, where Projector 1 represents instance-level projection head,
Projector 2 represents group-level projection head and Projector 3 represents projection
head for pseudo-OOD detection. (c). Multi-Tasking Loss function, further explained in
Figure 2. (d). The evaluation block, provides TIL and CIL predictions.

Combining instance-level and group-level discrimination helps distinguish correlated

instances while preserving semantic groupings, making it effective for TIL scenarios. How-

ever, in OOD cases, it often misclassifies unfamiliar data as the closest in-distribution class,

making it vulnerable to adversarial attacks and less suitable for CIL settings. Effective CL

requires identifying task boundaries, which can be achieved through OOD detection. While

this is manageable in closed-world scenarios, it is challenging in CL, especially UCL, due

to the absence of labels. To address this, we explicitly created pseudo-OOD samples using

rotation-based augmentations. Our method learns cross-level pseudo-group discrimination,

allowing the model to score in-distribution samples higher and assign lower scores to out-

of-task samples.
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4.1 Proposed Technique

This section elaborates on the UCL Framework-I, which integrates cross-level instance-

group discrimination with hard attention, as shown in Figure 4.1. Our methodology strate-

gically leverages the benefits offered by both of these approaches within the UCL paradigm.

To facilitate unsupervised learning, we utilize a contrastive loss function. However, a chal-

lenge arises concerning instance-level contrastive loss, primarily due to imbalanced ratios

between positive and negative samples within batches. We call similar data points pos-

itive samples and dissimilar data points negative samples. Imbalanced data with a low

positive/negative ratio helps with instance discrimination. On the other hand, a high posi-

tive/negative ratio favors instance grouping. Therefore, to mitigate this limitation, we inte-

grate cross-level instance discrimination with group discrimination mechanisms, as shown

in Figure 4.2 with green and blue box.

However, this is not enough to achieve CL because the data arrives in a sequence of

tasks. Successful CL necessitates the ability of the model to discern task boundaries. This

differentiation can be enabled through OOD detection capability, where, samples of one

task can be considered as OOD for the other tasks and vice versa. While OOD detec-

tion is straightforward in closed-world scenarios [44], it becomes challenging in CL setups,

where data arrives incrementally. In the case of UCL setup, it is particularly non-trivial

due to unlabeled data. Since in the unsupervised domain labeled information is absent,

it is difficult to consider a sample of one task to be OOD for the sample of other tasks.

Therefore, as described in §4.1.1.3, we explicitly created pseudo OOD samples through

rotation-augmentations. The proposed approach involves detecting pseudo-OOD samples

by learning cross-level pseudo-group discrimination from the augmented views. It enables

the model to assign a high score to in-distribution samples corresponding to the correct task
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while assigning a low score to samples from other tasks.

In the following sections, we provide detailed explanations for each component of

Framework-I.

4.1.1 Unsupervised contrastive learning with cross-level discrimina-

tion and OOD detection

Unsupervised contrastive learning is the basic building block for the UCL framework.

Unsupervised contrastive learning maps similar instances close and dissimilar instances far-

ther apart [111, 53, 94, 128, 96, 95, 30, 52, 98, 97]. Therefore, we adapt the concept of

discrimination at cross-level [33] within unsupervised contrasting learning. We improve it

further for continual feature representation learning.

Given a number of images, let xa
k and xb

k represent two distinct augmentations of the

same kth image. As shown in Figure 4.1, we construct the model GΩ, which consists of

a feature extractor and projection heads. It maps the input x onto a d-dimensional hyper-

sphere, with the condition that ∥GΩ(x)∥ = 1. Let feature for an instance denote as F , and

feature for its positive and negative samples as Fpos and Fneg, respectively. We optimize

the parameters Ω by minimizing the loss function L across all instances, ensuring that F

simultaneously pull Fpos closer and pushes away Fneg.

L(Fk,Fk
pos,Fneg

̸=k ) = − log
exp <Fk,Fk

pos>
ρ

exp <Fk,Fk
pos>

ρ
+
∑

j ̸=k exp
<Fk,Fj

neg>

ρ

(4.1)

The hyperparameter ρ serves as a temperature regulator, determining the proximity thresh-

old for defining what distance is considered close. L represents the instance classification

loss [52] using noise contrastive estimation (NCE) [97] with softmax. This can be seen as

maximizing a lower bound on the mutual information (MI) among samples that belong to

the same instances [129, 98].
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Figure 4.2: Overview of the Multi-tasking Loss Function in Framework-I. Through the
unsupervised contrastive loss function, our objective is to learn representation, denoted as
F(x), for an input image denoted as xk and its augmentation views referred to as xa

k and xb
k.

We establish three branches stemming from F : fine-grained instance branch FI , coarse-
grained group branch FG and pseudo group branch FPG. All the computation is mirrored
and symmetrical across different views of the same instance.
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Minimizing the loss function L effectively increases the similarity of instances of the

same semantic category, and decreases the similarity of instances of different semantic cat-

egories. In other words, attract positive samples and repel negative samples in the rep-

resentation space. As shown in Figure 4.1.C and Figure 4.2, the proposed Framework-I

is optimized using multitasking loss functions. This multitasking loss function uses three

discrimination strategies.

1 Instance-level discrimination: Maintains consistency across different perspectives of

the same sample while remaining distinct from other samples.

2 Cross-level instance group discrimination: Clusters samples belonging to similar se-

mantic categories while being distinctly separated from other instance categories.

3 Cross-level pseudo-instance group discrimination: Farther away from any OOD sam-

ples in the representation space.

We compute each loss utilizing distinct projection heads. We will discuss the importance

of having separate projection heads after explaining each loss function in the subsequent

section.

4.1.1.1 Learning invariant mapping through instance-level discrimination

In the supervised learning paradigm, it is observed that models trained to discriminate

between classes can also capture similarities between them [52]. For instance, the second-

highest prediction logit of a classifier for a class such as Tiger is likely to be similar to the

class of Jaguar. This shows that training a model for discrimination also makes it capable of

recognizing similarities. The key to this approach is to treat every single training instance

to be its own class. Then, if a model is trained to discriminate between each instance, it

follows that the model will also capture semantic similarities between each instance. This
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means that such a model can also map these features in a way that instances of the same

semantic class will be mapped close together. To train such a model, we use the instance-

level discrimination loss (refer to the green box in Figure 4.2).

LILD = L(FI(x
a
k), vk, v̸=k) (4.2)

here, FI is the instance-level projection head, which is shown as projector 1 in Figure 4.1,

vk is the representation of the kth instance and it acts as a positive sample, v̸=k denotes the

representations of the remaining instances which serve as negative samples. This loss is

calculated for both the augmented views of the instance k; xa
k and xb

k. Training the model to

generate similar representations for augmented images enables it to focus solely on captur-

ing the inherent characteristics of the image without being affected by any transformation.

Invariant mapping, in this fashion, is the core strength of contrastive learning methods.

Implementation details: It is not computationally efficient to recalculate the representa-

tions of all the training data for every training batch. Hence, we maintain a memory bank

of all representations of instances belonging to the τ th task. For the loss calculation of any

given training batch, we draw the positive and negative samples from the memory bank.

The memory bank contains the moving average of the representations and is updated along

with every forward pass. We initialize the memory bank randomly for the first epoch. The

memory bank generated in a certain task is discarded when we switch tasks. We do not

retain any training data from one task to another.

Limitations: While ILD does yield high-quality representations, it fails to address two ma-

jor issues when we deal with classification. One, forming discriminative representations of

instances that are correlated but belong to different classes. Two, a purely discriminative

approach does not address between-instance similarities or latent groups in the distribution.

Therefore, it is required to capture the group-level similarity as well.
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4.1.1.2 Learning grouping through cross-level group discrimination

To establish similarity between instances, it is imperative to organize instances into

groups rather than concentrating solely on the differentiation of individual instances. This

is primarily due to the underlying assumption that each instance is unique, making the

instance-level discrimination approach less stable and less effective without instance group-

ing. Conversely, relying solely on features obtained from instance grouping can lead to

getting stuck in undesirable states. For example, dissimilar instances might be grouped to-

gether because grouping can arise not only from attraction but also from shared repulsion.

In other words, in our endeavor of identifying the most discriminative features while also

adhering to the inherent instance grouping, we aim for each instance to draw closer to the

nearest group it is associated, through augmentation and simultaneously push away groups

of other instances that are distant from it.

As shown in Figure 4.2 in instance-group discrimination branch, we apply K-means

on FG(x
a
k) for a batch of instances to identify i centroids, labelled as {C1, ..., Ci}, with in-

stance k assigned to centroid β(k). Their corresponding elements in the alternative view

are FG(x
b
k), {C ′

1, ..., C ′
i}, and β′(k) respectively. For cross-level discrimination between

instances, we employ a contrastive loss L (blue area in Figure 4.2) between feature FG(x
a
k)

and centroids C ′ based on grouping β′, and the flip side for xb
k. When dealing with two sim-

ilar instances, such as xa
k and xa

j , they would be separated by the instance-level contrastive

loss (LILD) but drawn closer by the cross-level contrastive loss (LGCD), as they distance

themselves from common negative groups. The Cross-level Instance Group Discrimination

becomes :

LGCD = L(FG(x
a
k), C

′
β(k), C

′
̸=β(k)) (4.3)

FG is the group-level projection head, which is shown as projector 2 in Figure 4.1 and Fig-
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ure 4.2, C ′
β(k) is the centroid of the cluster β(k)′ derived from the clustering of FG(x

b
k), this

acts as the positive sample to be attracted. The rest of the cluster centroids C ′
̸=β(k) act as

negative samples to be repelled.

Implementation details: From the formulation of LGCD in (4.3), a possible interpretation

is that the loss is equivalent to a normalized prediction score of FG(x
a
k) belonging to the

Cβ(k) cluster. Hence, minimizing this loss is equivalent to minimizing the cross-entropy

between the hard cluster assignment of Cβ(k) and the soft cluster assignment of C ′
β(k). In

this perspective, the training objective is to embed an instance in such a way that makes it

similar to a group of other related instances. Therefore, this particular branch is referred to

as coarse-grained.

Limitations: The combination of instance-level discrimination and instance-group-level

discrimination is effective at generating representations that differentiate correlated in-

stances while preserving semantic groupings within a task. This is particularly advanta-

geous for a TIL setting, where the model is informed about the task-ID of the particular test

sample.

4.1.1.3 Learning OOD detection through cross-level pseudo-instance group discrim-

ination

In a closed-world setting, identifying OOD instances is relatively easier. However, this

task becomes more complex in CL setups, particularly in UCL scenarios where labeled

information is lacking. In the contrastive learning framework, one way to make OOD data

easier to distinguish would be to map those samples farther away from ID data. We work

under the assumption that only the data belonging to the current task is accessible during the

training process for that specific task. Within this constraint, we use rotation augmentations

of training images to serve as OOD data. We acknowledge that these samples are not true
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OOD samples, but we still use them to represent OOD data, to train the model to distinguish

between ID and OOD samples at test time for task inference. We refer to the rotated samples

as pseudo-OOD in the rest of the places.

To repel pseudo-OOD samples from ID samples, an additional projection head FPG is

added to calculate the pseudo-OOD level discrimination loss, similar to the loss given in

(4.1). To generate pseudo-OOD samples, we rotate each sample by an angle θ, effectively

quadrupling the total number of samples. Samples rotated by the same angle θ are put into

the same cluster and as such we have four clusters : {R0◦ ,R90◦ ,R180◦ ,R270◦}. We directly

compute the centroids of these clusters. We rely on the instance-level discrimination loss

to maintain distinct representation within a cluster. While pseudo-group level cross dis-

crimination ensures repulsion between clusters to make sure pseudo-OOD samples occupy

different locations in the representation space. The loss function becomes,

LOOD = L(FPG(x
a
θ,i),R′

θ,R′
̸=θ) (4.4)

This loss is similar to (4.3), where instead of procuring cluster labels by applying K-means,

we use the pseudo-labels. As shown in Figure 4.2 in the pseudo-instance-group discrimina-

tion (OOD) branch (yellow area in Figure), we apply the contrastive loss between FPG(x
a
θ,i)

and the distribution-level clusters R′
θ from the projection of the augmented view.

Implementation details: Based on a similar argument, we can interpret this loss as

a cross-entropy loss between the hard assignment of the pseudo cluster Rθ and the soft

assignment R′
θ predicted from FPG.

Advantage: This addition of LOOD to the final loss function L improves the TIL and

CIL accuracy. From an intuitive perspective, a model that can learn features that can distin-

guish OOD and ID data can also learn more descriptive features. This is more effective in

CIL accuracy, as shown in §4.2.4.
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Thus far, discussion has centered on learning discrimination at the representation level.

However, the model still needs the ability for CL to learn each sequential task while re-

taining the accumulated knowledge. An isolation-based approach emerges as a promising

strategy in this context, as it does not rely on a replay buffer and facilitates model updates at

the parameter level. The following section will further support the proposed Framework-I

to retain the accumulated knowledge.

4.1.2 Protecting feature representation using hard attention

In UCL, it is crucial to preserve the representation learning of previous tasks. This re-

quires the model to distinguish between tasks during training. This can be done using either

a task identifier or a guided mechanism. Task information can be encoded by implementing

hard attention, wherein each layer of the feature extractor is conditioned accordingly. Hard

attention helps in leveraging the learned information to prevent the model from forgetting

previous tasks. In order to condition the current task τ , we employ a layer-wise attention

mechanism in the model GΩ, as shown in Figure 4.1.(b). Each task-ID τ , has an associated

embedding h
(τ)
l for layer l consisting of learnable parameters obtained during training. An

individual task embedding is trained for each layer except the last one. To produce the task

specific hard attention mask m
(τ)
l from h

(τ)
l , a sigmoid gate is used. Hard attention mask

m
(τ)
l is computed as follows:

m
(τ)
l = σ(s · h(τ)

l ) (4.5)

where m
(τ)
l represents the attention mask derived from the single-layer task embedding at

layer l and σ(z) ∈ [0, 1] stands a gate function. The pseudo-binary value of the attention

masks dictates the extent to which information can propagate both forward and backward

between neighboring layers. The sigmoid gate function is chosen for two reasons: one

is that it is differentiable, unlike the step function. And second, it can be used to control
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the flow of information through the network. A positive scaling parameter denoted as s

is introduced to help in the training process. The value of s decides how much the gate

resembles a step function. Scalar s controls the amount of information that flows through

the network and the magnitude of the final gradients. As the variable s tends toward infinity,

the sigmoid function σ approximates a step function that ranges between 0 and 1, which

behaves similarly to a hard attention mechanism and blocks and unblocks the information

flow to safeguard the parameters learned for each prior task. We follow [18] and employ a

linear annealing strategy to calculate s dynamically for each training batch. This induces

a gradient flow during the entire training epoch. We set s = smax during testing, which

approximates a unit step function as hard attention m
(τ)
l → 0, 1, when s → ∞. Each

training epoch commences with all units being equally active, and as the epoch progresses,

these units gradually become more polarized. In particular, the annealing of s proceeds as

follows:

s =
1

smax

+ (smax −
1

smax

)
b− 1

B − 1
(4.6)

where b represents the batch index, and B stands for the total number of batches in a single

epoch.

As shown in Figure 4.1.(b), the mask m
(τ)
l is applied through element-wise multiplica-

tion to the output ol of layer l to produce the output of that layer as

o
′

l = m
(τ)
l ⊗ ol (4.7)

here, ⊗ denotes element-wise multiplication. Mask applied to all layers l = 1, . . . , L − 1,

except for the final layer L, where no masking is applied because it is a task-specific layer.

More precisely, when training for the new task τ , we update the parameters based on the

attention mechanism, so that the important parameters related to previous tasks (1, ..., τ−1),
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remain unchanged. To achieve this, the gradient has to be conditioned according to the

cumulative attention from all the previous tasks. We calculate the accumulated attention

masks of all previous tasks as

m<τ
l = max(m<τ−1

l ,mτ−1
l ) (4.8)

where l denotes the layer and τ the task id, max stands for element-wise maximum. To

adapt the training process for task τ +1, we alter the gradient δ′

l,i,j at layer l by utilizing the

reciprocal of the minimum value between the cumulative attention in the current layer and

that in the previous layer as follows:

δ
′

l,i,j = [1−min(m≤τ
l,i ,m

≤τ
l−1,j)]δl,i,j (4.9)

where m≤τ
l,i indicate ith unit of m≤τ

l such that i corresponds to the output layer (l), and l

represents all layers l = 1, ...L− 1, and j corresponds to input layer (l− 1). This results in

a reduction of the gradient if the attentions of the corresponding units at layers l and l − 1

are not zero. It is crucial to understand that the hard attention values mτ
l,i for active neurons

is mτ
l,i → 1. So the values of these masks directly determine the units that will be dedicated

to task τ . Therefore, to allocate model capacity for future tasks, we encourage sparsity on

the set of attention vectors Mτ = m1
l , ...m

τ
L−1. To achieve this, we add a regularization

term denoted as Lr to the loss function L, which considers the cumulative attention vectors

encompassing tasks up to τ − 1, M<τ = m1
<l, ...m

τ
L−1:

Lr =

∑
l

∑
i m

τ
l,i(1−m<τ

l,i )∑
l

∑
i(1−m<τ

l,i )
(4.10)
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4.1.3 Overall objective function

By combining (4.2),(4.3),(4.4), and (4.10), the resulting objective function to be mini-

mized for task τ is formulated as follows (see in Figure 4.1.(c) and Figure 4.2):

L = LILD + γGCD LGCD + γOOD LOOD + γR(τ) Lr (4.11)

here, LILD, LGCD, LOOD is the loss function for instance-level discrimination, group-level

discrimination, and pseudo-group level discrimination for OOD detection, respectively. Lr

is the regularization loss. L is the overall loss function or can be referred to as a multi-

tasking loss function. γGCD, γOOD, and γR(τ) represents positive scaling parameter for the

respective loss function. In practice, γR is same for all tasks, where τ ̸= 1.

4.2 Experimental Analysis

In this section, we explain the (1) baselines, (2) training and evaluation setup, (3) hyper-

parameters setting, and (4) results and comparative analysis

4.2.1 Baselines

For baselines, we consider four unsupervised methods, i.e., SI [16], DER [14], PNN

[9], LUMP [11] and one supervised method, i.e., Co2L [12]. All these methods are repre-

sentative of different CL strategies such as SI for regularization-based strategy, DER for

replay-based strategy, PNN for architecture-based strategy, LUMP for unsupervised rep-

resentation learning with buffer, and Co2L for supervised contrastive learning. We denote

the proposed Framework-I as M-CLD-OOD, which represents masked CLD with OOD

detection capability. We compare Framework-I with the mentioned baselines in the TIL and

CIL setup. In the ablation study, preceding variants are included, such as N M-CLD-OOD,
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M-CLD-N OOD, and N M-CLD-N OOD, which represents non-masked CLD with OOD

detection capability, masked CLD without OOD detection capability and non-masked CLD

without OOD detection capability respectively.

Table 4.1: Optimal hyperparameter values for Framework-I (M-CLD-OOD) and its variants
on benchmark datasets.

Dataset ρILD ρGCD ρOOD γGCD γOOD γR(1) γR(2) Ci
M-5T 0.1 0.1 0.1 0.5 0.5 0.25 0.1 128
C-10 0.1 0.2 0.2 1 1 1 0.75 128

CH-5T 0.1 0.2 0.2 1 1 1.5 1 150
CH-10T 0.1 0.2 0.2 1 1 2.5 1.5 200
I1H-5T 0.1 0.1 0.1 1 1 1 0.75 160

I1H-10T 0.1 0.1 0.1 1 1 1 0.75 180
I1H-20T 0.1 0.2 0.1 1 1 1.5 0.75 180
I2H-40T 0.1 0.2 0.2 1 1 1.5 1 190
I2H-50T 0.1 0.2 0.2 1 1 2.5 1.5 200

I2H-100T 0.1 0.2 0.2 1 1 3 2 200

4.2.2 Training and evaluation setup

We modify the existing ResNet-18 to create a feature extractor capable of supporting

hard attention. For CIFAR-10, we configure the network to have 64 input planes while for

more complex datasets, i.e., CIFAR-100 (CH) and Tiny-ImageNet (I1H & I2H), we widen

the network by increasing input planes to 128. We train with a 256 batch size for each

dataset. The inclusion of OOD samples results in the effective batch size being quadrupled.

To reduce computational costs, we resize the images of all benchmark datasets to 32 x 32 x 3.

For all baselines along with the proposed Framework-I, we train the model for 200 epochs,

except for Tiny-ImageNet. We train all the models for 500 epochs on Tiny-ImageNet due to

its complexity. For Framework-I (M-CLD-OOD) along with its variants N M-CLD-OOD,

M-CLD-N OOD and N M-CLD-N OOD, we use LARS [130] as an optimization function

to minimize the loss, with initial learning rate 0.03. We employ a linear increase in the

learning rate of 0.1 per epoch for the initial 10 epochs until it reaches 1.0. After 10 epochs,

we decay the learning rate using a cosine scheduler [131] without restarts as in [28, 132].
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For the baseline UCL techniques, we use SGD optimizer with a learning rate of 0.03, weight

decay of 5e−4, and a momentum of 0.9. In the case of replay-based strategies, we set the

buffer size to 256 for all datasets. The evaluation of all learned representations is carried out

using a KNN classifier [52] across three distinct runs. We conduct experiments on a DGX-

A100 system equipped with eight 40 GB GPUs. The hyperparameter settings are explained

in the subsequent section.

Table 4.2: Optimal hyperparameters for baseline methods on M-5T, C-5T, CH-5T, and
CH-10T. (while Table 4.3 presents the values for the CH-20T, I1H-5T, I1H-10T, and I1H-
20T datasets, and Table 4.4 contains the values for the I2H-40T, I2H-50T, and I2H-100T
datasets.)4

Method M-5T C-5T CH-5T C-H-10T
SI c : 0.4, ξ : 1 c : 0.4, ξ : 1 c : 0.4, ξ : 1 c : 0.01, ξ : 1

PNN α : 0.1 α : 0.1 α : 0.1 α : 0.2
DER α : 0.4 α : 0.01 α : 0.01 α : 0.1

LUMP λ : 0.1 λ : 0.1 λ : 0.01 λ : 0.3
Co2L η : 0.01, τ : 0.1, η : 0.5, τ : 0.5, η : 0.5, τ : 0.5, η : 0.5, τ : 0.5,

κ : 0.2, κ∗ : 0.01 κ : 0.2, κ∗ : 0.01 κ : 0.2, κ∗ : 0.01 κ : 0.2, κ∗ : 0.01

4.2.3 Hyperparameters setting

In any machine learning algorithm, it is essential to evaluate the impact of hyperparam-

eters on the performance. In the proposed Framework-I, we have a set of hyperparameters

that influence performance in various ways, such as temperature parameter ρ in the loss

function for instance-level, group level, and pseudo-group level contrastive losses, we de-

note them as ρILD, ρGCD and ρOOD respectively for further reference. The positive scalling

hyperparameter γR, γGCD and γOOD are for regularization, group-level and pseudo-group-

level losses respectively. As explained in (4.10), we consider only two values of γR, such as

γR(1) for first task and γR(2) for all the remaining tasks. As detailed in §4.1.1.2, the number

4Note: The notations presented in these tables are not connected to the existing notations in the other
part of this paper; they have been directly adopted from the referenced research papers for the purpose of
referring to their original definitions. For more detailed information about these notations, directly refer to the
respective research papers.
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of clusters Ci assigned for group-level instance discrimination is also an important hyper-

parameter. As discussed in §4.1.2, the value of s is calculated dynamically during training

using a linear annealing strategy followed by [18]. During inference, we use a fixed value of

smax = 700, which helps in the approximation of a unit step function as a mask. To ensure

a fair comparison for training all UCL baselines, we use the same set of hyperparameters

as those used in SimSiam [53] to evaluate the sensitivity of UCL to hyperparameters. We

initially adopted hyperparameters from [11] for all UCL experiments, but fine-tuned them

to fit in the our dataset settings. Similarly, for Co2L, we initially used hyperparameters

from [12], then fine-tuned them. On the other hand, we tune the hyperparameters for CL

strategies for the proposed Framework-I. In order to find the optimal hyperparameters for

each approach, we conduct a grid search while utilizing a task sequence determined by a

single seed. The optimal hyperparameter values for Framework-I (M-CLD-OOD) and its

variants on benchmark datasets is presented in Table 4.1. In Table 4.2, 4.3, and 4.4, optimal

hyperparameter values for baseline models are presented.

Table 4.3: Optimal hyperparameters for baseline methods on CH-20T, I1H-5T, I1H-10T
and I1H-20T.

Method CH-20T I1H-5T I1H-10T I1H-20T
SI c : 0.1, ξ : 1 c : 0.01, ξ : 1 c : 0.01, ξ : 1 c : 0.01, ξ : 1

PNN α : 0.2 α : 0.1 α : 0.2 α : 0.4
DER α : 0.1 α : 0.01 α : 0.01 α : 0.01

LUMP λ : 0.1 λ : 0.1 λ : 0.1 λ : 0.3
Co2L η : 0.3, τ : 0.5, η : 0.1, τ : 0.5 , η : 0.1, τ : 0.5, η : 0.2, τ : 0.5,

κ : 0.1, κ∗ : 0.01 κ : 0.1, κ∗ : 0.1 κ : 0.1, κ∗ : 0.1 κ : 0.1, κ∗ : 0.01

Table 4.4: Optimal hyperparameters for baseline methods on I2H-40T, I2H-50T, and I2H-
100T.

Method I2H-40T I2H-50T I2H-100T
SI c : 0.01, ξ : 1 c : 0.01, ξ : 1 c : 0.01, ξ : 1

PNN α : 0.4 α : 0.4 α : 0.4
DER α : 0.01 α : 0.01 α : 0.01

LUMP λ : 0.3 λ : 0.3 λ : 0.4
Co2L η : 0.5, τ : 0.5 , η : 0.5, τ : 0.5, η : 0.6, τ : 0.5,

κ : 0.1, κ∗ : 0.01 κ : 0.1, κ∗ : 0.01 κ : 0.1, κ∗ : 0.01
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Table 4.5: Overall-average TIL Accuracy (in %) for Framework-I and baselines on bench-
mark datasets across all tasks. Where, -τ is the number of tasks in the name of the datasets,
present in the first column. The last row shows the average accuracy of each method over all
datasets. SI, DER, PNN, LUMP, and Framework-I represent the UCL methods and Co2L
represents the SCL method. Additional details about the table are available in §4.2.4.

Methods → SI DER PNN LUMP Framework-I Co2L(Sup)
Datasets ↓

M-5T 99.46 99.28 99.23 99.74 99.68 99.85
C-5T 91.4 91.64 91.05 91.23 94.12 92.02

CH-5T 61.11 61.60 58.50 60.04 65.3 69.46
CH-10T 68.21 69.37 62.47 69.15 73.63 73.86
CH-20T 75.60 76.47 65.17 78.74 80.45 78.59
I1H-5T 54.62 53.44 48.09 52.90 56.38 56.40

I1H-10T 55.39 58.29 49.36 63.68 65.4 60.20
I1H-20T 67.16 64.32 57.29 71.18 75.16 69.61
I2H-40T 61.37 61.47 55.38 71.38 73.47 66.34
I2H-50T 64.05 64.23 58.13 73.20 74.59 69.78

I2H-100T 79.52 78.00 69.54 85.89 86.61 79.87
Average 70.72 70.74 64.93 74.28 76.79 74.18

4.2.4 Results and comparative analysis

Tables 4.5, 4.6, 4.7, and 4.8 show the evaluation results for baselines and the proposed

framework on M-5T, C-5T, CH-5T, CH-10T, CH-20T, I1H-5T, I1H-10T, I1H-20T, I2H-

40T, I2H-50T, and I2H-100T datasets. The row header contains the names of the baseline

methods. The last row of the tables shows overall-average performance of the respective

models. The remaining rows show the performances of each model on the dataset indicated

in the first column. We observe that all the mentioned baselines, which represent various

CL strategies, yield lower performance compared to Framework-I with negligible or nearly

zero forgetting.

4.2.4.1 Comparison of overall-average TIL accuracy across all tasks

The method of calculating overall-average accuracy across all tasks is explained in §2.4.

In Table 4.5 and Figures 4.3, 4.4, 4.5 we show the overall-average TIL accuracy of the mod-

els. In all cases, Framework-I achieves significantly better overall-average accuracies than

representative baselines. It can be observed from the last row of the table, which contains
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the average accuracy of all models, that Framework-I achieves a 6.07%, 6.05%, 11.86%,

and 2.51% improvement compared to SOTA baselines such as SI, DER, PNN, and LUMP

respectively (thus answering the RQ2 [§3.5] in TIL setup). Outperforming both DER and

LUMP indicates that there is no need of a replay buffer anymore to improve the performance

(thus answering the RQ1 [§3.5] in TIL setup). The improved accuracy of our model, in

comparison to PNN, underscores the effectiveness of our approach over architecture-based

strategies. Moreover, it achieves performance that is on par with SCL methods like Co2L

and even surpasses it in terms of average performance across all datasets by 2.61%. It can

also be noted that Framework-I consistently outperforms Co2L, particularly as the number

of tasks increases. This trend is evident across various datasets, with significant perfor-

mance improvements. Specifically, for tasks such as C-5T, CH-20T, I1H-10T, I1H-20T,

I2H-40T, I2H-50T, and I2H-100T, Framework-I achieves improvements of 1.92%, 1.86%,

5.2%, 5.55%, 7.13%, 4.81%, and 6.74%, respectively. This demonstrates the proposed

framework is comparable with SCL methods. This is noteworthy, as it highlights the gains

made without the need for labeled data. We compare our method with Co2L due to its con-

trastive learning foundation. While we do not claim to surpass all SOTA SCL baselines, our

aim is to show comparable performance, with further validation needed through additional

experiments.

4.2.4.2 Comparison of overall-average TIL forgetting across all tasks

The method of calculating overall-average forgetting across all tasks is explained in §2.4.

In Table 4.6 and Figure 4.6, we show the overall-average TIL forgetting of the models. It can

be observed that both UCL and SCL baselines exhibit substantial forgetting in comparison

to Framework-I. In contrast, Framework-I demonstrates almost zero or significantly negli-

gible CF, as shown by the green downward arrow in Figure 4.6. while SCL baselines like
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Figure 4.3: Overall-average TIL Accuracy for Framework-I and baselines on benchmark
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Figure 4.4: TIL Performance comparison for Framework-I and baselines on benchmark
datasets across all tasks.
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Figure 4.5: TIL Performance comparison for Framework-I and baselines on variants of
Tiny-ImageNet dataset across tasks ranging from 5 to 100.
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Table 4.6: Overall-average TIL Forgetting (in %) for Framework-I and baselines on bench-
mark datasets across all tasks.

Methods → SI DER PNN LUMP Framework-I Co2L(Sup)
Datasets ↓

M-5T 0.45 0.72 0.0002 0.17 0.001 0.07
C-5T 1.85 3.72 0.0001 2.27 0.002 7.35

CH-5T 2.36 3.47 0.0004 3.18 0.001 14.02
CH-10T 2.57 3.63 0.0008 2.76 0.001 15.46
CH-20T 5.86 5.67 0.003 1.98 0.029 16.18
I1H-5T 7.71 5.33 0.0005 3.78 0.002 14

I1H-10T 11.66 8.41 0.0008 4.47 0.001 16.79
I1H-20T 7.89 8.51 0.009 5.47 0.06 17.38
I2H-40T 8.73 10.65 0.012 5.61 0.0481 18.56
I2H-50T 11.31 11.61 0.057 7.2 0.084 19.22

I2H-100T 13.04 12.48 0.14 7.49 0.1482 20.53
Average 6.68 6.75 0.02 4.03 0.0343 14.51
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Figure 4.6: Overall-average TIL Forgetting for Framework-I and baselines on benchmark
datasets. Additionally, in Framework-I, almost zero CF is represented by a vertical green
arrow.

Co2L exhibit an overall average forgetting of 14.51%, and UCL baselines such as SI, DER,

PNN, and LUMP demonstrate 6.68%, 6.75%, 0.02%, and 4.03% overall average forgetting,

respectively (thus again confirming the RQ2 [§3.5] in TIL setup). Achieving negligible for-

getting in comparison to both DER and LUMP indicates that there may no longer be a need

for a replay buffer to alleviate CF (thus again confirming the RQ1 [§3.5] in TIL setup).
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Table 4.7: Overall-average CIL Accuracy (in %) for Framework-I and baselines on bench-
mark datasets across all tasks.

Methods → SI DER PNN LUMP Framework-I Co2L(Sup)
Datasets ↓

M-5T 97.57 96.33 97.39 99.16 98.87 98.95
C-5T 83.46 83.67 83.54 83.38 87.03 82.53

CH-5T 53.7 53.82 50.06 52.56 57.14 65.38
CH-10T 53.83 53.81 49.2 55.95 56.26 61.7
CH-20T 52.69 52.86 46.28 57.84 57.59 57.28
I1H-5T 46.51 43.5 44.14 42.27 48.39 51.41

I1H-10T 40.42 42.48 39.64 49.28 46.8 46.81
I1H-20T 40.61 37.55 36.53 46.028 51.63 45.63
Average 58.60 58.0 55.85 60.68 62.96 63.71

4.2.4.3 Comparison of overall-average CIL accuracy across all tasks

The method of calculating overall-average CIL accuracy is explained in §2.4.3. Overall-

average CIL Accuracy of the models is presented in Table 4.7 and shown in Figures 4.7, 4.8.

In the average column of Table 4.7, it can be seen that Framework-I achieves an increase of

4.36%, 4.96%, 7.11%, and 2.28% in overall average CIL accuracy across all datasets in the

UCL setup compared to SI, DER, PNN, and LUMP, respectively (thus answering the RQ1

and RQ2 [§3.5] in CIL setup as well). However at the individual level, LUMP exhibits per-

formance gain on M-5T, CH-20T, and I1H-10T datasets, but Framework-I also outperforms

all the UCL baselines on C-5T, CH-5T, CH-10T, I1H-5T, and I1H-20T datasets. The overall-

average CIL accuracy of the SCL method, i.e., Co2L, is also comparable to Framework-I

on all the datasets (see Figure 4.7). Surprisingly, Framework-I even outperforms Co2L on

the C-5T, CH-20T, and I1H-20T datasets.

4.2.4.4 Comparison of overall-average CIL forgetting across all tasks

The method of calculating overall-average CIL forgetting is explained in §2.4.3.

Overall-average CIL forgetting of the models is presented in the Table 4.8 and shown in

Figure 4.9. It can be observed that both UCL and SCL baselines exhibit considerable CIL
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Figure 4.7: Overall-average CIL Accuracy for Framework-I and baselines on benchmark
datasets.

Table 4.8: Overall-average CIL Forgetting (in %) for Framework-I and baselines on bench-
mark datasets across all tasks.

Methods → SI DER PNN LUMP Framework-I Co2L(Sup)
Datasets ↓

M-5T 0.16 1.02 0.0008 0.04 0.0005 0.24
C-5T 3.82 3.69 0.005 1.54 0.001 12.78

CH-5T 1.57 2.82 0.009 2.67 0.001 17.48
CH-10T 2.31 2.77 0.013 1.861 0.001 24.77
CH-20T 4.71 1.76 0.063 2.5 0.01 27.53
I1H-5T 7.54 3.78 0.007 2.93 0.002 18.03

I1H-10T 11.21 6.09 0.017 3.65 0.001 25.59
I1H-20T 5.86 3.11 0.094 5.18 0.03825 30.09
Average 4.65 3.13 0.0261 2.55 0.00685 19.56

forgetting compared to Framework-I in the CIL setting as well. Framework-I, on the other

hand, shows almost zero or significantly negligible CF, as indicated by the green downward

arrow in Figure 4.9. In comparison, SCL baselines like Co2L exhibit an overall-average

forgetting of 19.56%, while UCL baselines like SI, DER, PNN, and LUMP demonstrate

4.65%, 3.13%, 0.0261%, and 2.55% overall average forgetting, respectively (thus again

confirming the RQ1 and RQ2 [§3.5] in CIL setup as well).

4.2.5 Ablation study

In this section, we study the effectiveness of multi-tasking loss function along with OOD

detection capability and hard attention.
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Figure 4.8: CIL Performance comparison for Framework-I and baselines on benchmark
datasets across all tasks.
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Figure 4.9: Overall-average CIL Forgetting for Framework-I and baselines on benchmark
datasets.

4.2.5.1 Effect of multi-tasking loss function along with OOD detection capability

Tables 4.9, 4.13 and Figures 4.10, 4.13 demonstrate that the successive variants of the

proposed Framework-I (M-CLD-OOD), show gradual improvements in terms of overall-

average accuracy. Figure 4.12, shows the presence of well-defined task boundaries within

the representation space, primarily due to the incorporation of task-specific projection lay-

ers. Moreover, the high quality of clusters remains consistent throughout incremental train-

ing, signifying that the Framework-I effectively retains knowledge. These results indicate

that the multi-tasking loss function with the pseudo-OOD detection capability helps in UCL

(thus answering the RQ3 [§3.5] in both TIL and CIL setup).

4.2.5.2 Effect of hard attention

Tables 4.10, 4.14, and Figures 4.11, 4.14 show that successive variants of the

Framework-I (M-CLD-OOD), exhibit gradual improvements in terms of achieving nearly

zero forgetting. It can also be inferred that when we do not utilize hard attention, the model

experiences significant forgetting. For example, a notable overall average TIL forgetting of

8.62% and CIL forgetting of 7.70% across all the datasets in the case of N M-CLD-N OOD.

However, when we do not use hard attention but still use OOD discrimination capability, the
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Table 4.9: Overall-average TIL Accuracy (in %) of successive variants of Framework-I.

Methods → N M-CLD-N OOD N M-CLD-OOD M-CLD-N OOD M-CLD-OOD
Datasets ↓ (Framework-I)

M-5T 98.18 98.83 99.66 99.68
C-5T 87.06 87.57 91.01 94.12

CH-5T 57.56 58.2 59.13 65.3
CH-10T 64.96 65.83 69.61 73.63
CH-20T 71.97 72.86 77.81 80.45
I1H-5T 52.28 53.04 53.17 56.38

I1H-10T 57.38 59.79 61.29 65.4
I1H-20T 69.36 71.33 74.11 75.16
I2H-40T 68.04 67.75 71.12 73.47
I2H-50T 70.84 69.89 72.81 74.59

I2H-100T 84.04 83.462 85.22 86.61
Average 71.09 71.69 74.08 76.80
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Figure 4.10: Overall-Average TIL Accuracy of successive variants of Framework-I.

model experiences forgetting, although to a lesser extent, with an overall-average TIL for-

getting of 5.45% and CIL forgetting of 4.19% across all the datasets as seen in N M-CLD-

OOD. Nevertheless, when we use hard attention without OOD discrimination capability in

the UCL setting, the forgetting is even less, with an average TIL forgetting of 0.0208% and

CIL Forgetting of 0.0158% across all datasets, as observed in the case of M-CLD-N OOD.

These findings suggest that the incremental improvements in the Framework-I, especially

the inclusion of hard attention with OOD detection capabilities, lead to increased perfor-

mance compared to the SOTA baselines with only 0.0343% average TIL forgetting and

0.0068% average CIL forgetting across all the tasks. This indicates that the influence of

hard attention on the performance of the Framework-I enables this behavior.

It is also shown in Figures 4.11, 4.14 that Framework-I (M-CLD-OOD) surpasses its
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Table 4.10: Overall-average TIL Forgetting (in %) of successive variants of Framework-I.

Methods → N M-CLD-N OOD N M-CLD-OOD M-CLD-N OOD M-CLD-OOD
Datasets ↓ (Framework-I)

M-5T 0.74 0.18 0.01 0.001
C-5T 7.01 0.5 0.013 0.002

CH-5T 8.22 0.42 0.02 0.001
CH-10T 10.34 0.78 0.002 0.001
CH-20T 12.03 14.6 0.048 0.029
I1H-5T 6.05 0.39 0.003 0.002

I1H-10T 7.79 0.74 0.002 0.001
I1H-20T 15.63 9.91 0.065 0.06
I2H-40T 10.06 11.37 0.0196 0.0481
I2H-50T 9.59 11.92 0.0132 0.084
I2H-100T 7.32 9.1 0.033 0.1482
Average 8.62 5.45 0.0208 0.0343
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Figure 4.11: Overall-Average TIL Forgetting of successive variants of Framework-I.

variants N M-CLD-N OOD, N M-CLD-OOD and M-CLD-N OOD with considerable dif-

ference in forgetting. We have presented results on datasets containing task counts ranging

from 5 to 100, and class counts from 2 to 20. In all of these scenarios, we surpass the SOTA

baselines. This indicates the effectiveness of the hard attention mechanism, which is capa-

ble of handling varying task complexities, encompassing situations with a smaller number

of classes and extending to scenarios with a larger number of classes.

4.2.5.3 Comparison of hard attention and soft attention

SPG [133] assigns an importance score to each weight using gradients. These scores

act as soft masks to control gradient flow during backpropagation, helping to prevent CF

of previous knowledge. For comparison, we modified SPG by changing the loss function
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Table 4.11: TIL Performance comparison of Hard Attention and Soft Attention.

Datasets → CH-10T I1H-10T
Accuracy Forgetting Accuracy Forgetting

Methods ↓ (%) (%) (%) (%)
Framework-I (Hard Attention) 73.63 0.001 65.4 0.001

SPG Unsupervised (Soft Attention) 45.74 21.35 32.57 23.68

Table 4.12: Number of network parameters in Framework-I after learning the final task.

Methods → Without Mask With Mask Difference (%)
Datasets ↓

M-5T 12151872 12209792 0.0047
C-5T 12151872 12209792 0.0047

CH-5T 46618752 46734592 0.0025
CH-10T 48584832 48835712 0.0051
CH-20T 52516992 53037952 0.0098
I1H-5T 46618752 46734592 0.0025

I1H-10T 48584832 48835712 0.0051
I1H-20T 52516992 53037952 0.0098
I2H-40T 60381312 61442432 0.0173
I2H-50T 64313472 65644672 0.0203

I2H-100T 83974272 86655872 0.0309

to make it unsupervised and compared it with hard attention in the proposed setup. Com-

parison of soft attention and hard attention reveals that soft attention struggles to scale with

deeper model architectures like ResNet [134]. As presented in Table 4.11, Framework-I

achieves 73.63% and 65.4% TIL accuracy with nearly zero forgetting on the CH-10T and

I1H-10T datasets, respectively. In contrast, SPG in an unsupervised setup with the ResNet

architecture achieves only 45.74% and 32.57% accuracy, along with 21.35% and 23.68%

CF on the same datasets. This demonstrates the superior performance of Framework-I in

terms of both accuracy and memory retention because of the hard attention mechanism.

These observations, regarding the degrading performance of soft attention, are consistent

with findings in IBM [40], which also highlight similar challenges in scaling soft attention

mechanisms.
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Figure 4.12: Visualization of TSNE embeddings of the representations across tasks in
CIFAR-10 (test-set).

4.2.5.4 Analysis of the number of model parameters

For all experiments, we use ResNet-18 as the backbone architecture. For CIFAR100 and

Tiny-ImageNet, we adopt the same ResNet-18 structure used for M-5T and C-5T, but with

modifications to accommodate the increased complexity of the data. Specifically, we dou-

ble the number of channels in each convolutional layer to enhance the model’s capacity for

learning multiple tasks and handling the richer data distributions. Due to hard attention em-

beddings and task-specific heads, Framework-I requires task-specific parameters for each

task. In Table 4.12, we report the network parameter counts after the final task in each ex-

periment has been trained. For the datasets M-5T, C-5T, CH-5T, CH-10T, CH-20T, I1H-5T,

I1H-10T, I1H-20T, I2H-40T, I2H-50T, and I2H-100T, we incorporate task-specific param-

eters, resulting in the following percentage differences in parameter count after each task:

0.0047%, 0.0047%, 0.0025%, 0.0051%, 0.0098%, 0.0025%, 0.0051%, 0.0098%, 0.0173%,
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Table 4.13: Overall-average CIL Accuracy (in %) of successive variants of Framework-I.

Methods → N M-CLD-N OOD N M-CLD-OOD M-CLD-N OOD M-CLD-OOD
Datasets ↓ (Framework-I)

M-5T 94.91 95.33 97.89 98.87
C-5T 76.97 78.84 79.16 87.03

CH-5T 48.81 50.01 51.13 57.14
CH-10T 51.19 51.47 51.85 56.26
CH-20T 47.1 48.52 50.32 57.59
I1H-5T 42.03 44.67 44.96 48.39

I1H-10T 42.49 44.96 45.16 46.80
I1H-20T 45.97 37.39 43.89 51.63
Average 56.18 56.40 58.05 62.96
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Figure 4.13: Overall-Average CIL Accuracy of successive variants of Framework-I.

0.0203%, and 0.0309% respectively. These small increments in parameter count ensure

minimal growth in model complexity while accommodating the addition of new tasks. Con-

trastive learning also introduces task-specific parameters through the projection functions.

However, these parameters can be discarded during deployment, as they are not required for

inference.

4.2.5.5 Reason for rotation augmentation used in OOD detection

For OOD detection, traditional methods rely on large labeled datasets, which are costly

and difficult to scale. Unsupervised semantic representation learning addresses this chal-

lenge by eliminating the need for manual annotations, enabling more efficient use of

abundant visual data, and making OOD detection more scalable. In this work, for OOD

detection, we train the model to learn image features by identifying the 2D rotations
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{0°,90°,180°,270°} applied to the input image. This approach enables the Framework-I to

capture useful representations that assist in distinguishing in-distribution from OOD data.

Gidaris et al. conducted comparisons with various rotation angles, including {0°,180°},

{90°,270°}, and {0°,45°,90°,135°,180°,255°,270°,315°}. However, they observed that the

best performance was achieved using only the set of angles {0°,90°,180°,270°}. Similarly,

the authors in [135, 132, 136, 137] demonstrated that self-supervised learning, particularly

through a rotation or distributionally shifted instance prediction task, enhances the model’s

ability to detect challenging OOD examples. Golan et al. [138] chose geometric transfor-

mations over non-geometric ones, as the latter was found to degrade performance and fail

to preserve important image features. These insights guided the design of our approach,

where we focus exclusively on rotation augmentations (a type of geometric transforma-

tion) for OOD detection. It can be observed that Framework-I (M-CLD-OOD) achieves

higher performance in comparison to its variants, including N M-CLD-N OOD and M-

CLD-N OOD, where pseudo-OOD detection capability is absent. It can be inferred from

Tables 4.9, 4.13, and Figures 4.10, 4.13, that Famework-I (M-CLD-OOD) achieves incre-

mental gains of 5.71%, and 2.72% in terms of overall-average TIL accuracy and 6.78%,

and 4.91% in terms of overall-average CIL accuracy across all tasks, when compared with

its variants such as N M-CLD-N OOD, and M-CLD-N OOD respectively. This can be

attributed to the inclusion of cross-level pseudo-instance (rotation augmented) group dis-

crimination for OOD Detection in multi-tasking loss function. This effect is noted in both

TIL and CIL settings, but it is more relevant to the CIL setting.

4.3 Discussion

As explained in §4.2.4, Framework-I showcases performance improvement by incor-

porating cross-level pseudo OOD detection with hard attention. For learning the unsuper-
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Table 4.14: Overall-average CIL Forgetting (in %) of successive variants of Framework-I.

Methods → N M-CLD-N OOD N M-CLD-OOD M-CLD-N OOD M-CLD-OOD
Datasets ↓ (Famework-I)

M-5T 0.51 0.14 0.001 0.0005
C-5T 6.9 0.38 0.003 0.001

CH-5T 8.05 0.25 0.03 0.001
CH-10T 11.5 0.4 0.001 0.001
CH-20T 13 16.51 0.082 0.01
I1H-5T 6.37 0.25 0.002 0.002

I1H-10T 8.22 0.25 0.001 0.001
I1H-20T 6.99 15.39 0.0065 0.03825
Average 7.70 4.19 0.0158 0.0068
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Figure 4.14: Overall-Average CIL Forgetting of successive variants of Framework-I.

vised representations, we initially experimented using only instance-level contrastive loss

function like in LUMP [11] and DER [14] instead of opting for a multilevel loss function.

However, this approach introduced biases towards instance discrimination over invariant

grouping, thus compromising the robustness of the model. To address this limitation, we

integrated cross-level instance and group discrimination within the contrastive loss function.

This combination effectively overcomes the drawbacks associated with using instance-level

and group-level contrastive loss individually, as explained in §4.1.1.

Furthermore, we experimented with WSN [87], SupSup [22] and SPG [83] as alterna-

tives to hard attention. SupSup employs a fixed, randomly initialized base network and finds

a supermask for each new task, which selectively activates or deactivates specific weights to

form a subnetwork. This approach avoids forgetting by not updating the network weights.

However, while this prevents forgetting, the performance of SupSup is sub-optimal because
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the fixed weights constrain its representational capacity in an unsupervised setting. SPG

[83] assigns importance scores to individual weights based on gradient information. These

scores function as soft masks during backpropagation, regulating gradient flow to mitigate

CF. While SPG shows promising results with compact neural architectures like AlexNet

[139], its efficacy diminishes when applied to more complex networks such as ResNet [134].

The challenges in scaling parameter-level soft-masking to larger architectures hindered our

research goals and resulted in decreased performance.

In summary, Framework-I introduces a novel unsupervised framework with task-specific

hard attention and OOD detection for effective TIL and CIL with minimal forgetting. It

outperforms SOTA baselines, eliminates the need for replay buffer, and narrows the gap

with supervised methods.
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Chapter 5

Addressing Capacity Saturation in Hard

Attention and Improving Accuracy with

Evidential OOD Detection

The previously presented Framework-I based on hard attention and cross-level discrim-

ination has performed pretty well compared to existing SOTA approaches. However, it

suffers from the “capacity saturation problem”. When hard attention is used independently,

it imposes excessive constraints on parameter updates, leading to suboptimal learning per-

formance for new tasks. This exacerbates the capacity problem by restricting the availability

of free neurons and potentially increases forgetting. Therefore, instead of solely relying on

the importance of individual parameters, in Framework-II, we also focus on constraining

the direction of gradients. This ensures that the neural network learns new tasks by up-

dating its parameters in directions orthogonal to the gradient subspaces considered crucial

for previous tasks. Through the empirical study, we found that integrating hard attention

with gradient projection can complement the advantages and drawbacks of each other when

The work presented in this chapter has been published in the paper: “Unsupervised Continual Learning
using Cross-Level Discrimination and Evidential Pseudo Out of Distribution Detection along with Gradient
Projected Hard Attention”, IEEE Access, 12, 171143-171165 (2024). DOI: 10.1109/ACCESS.2024.3435555
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CHAPTER 5. ADDRESSING CAPACITY SATURATION IN HARD ATTENTION
AND IMPROVING ACCURACY WITH EVIDENTIAL OOD DETECTION

given equal importance.

Unsupervised contrastive learning is effective in maintaining representation continuity

but faces challenges with imbalanced positive-to-negative ratios, leading to biased instance

discrimination. As discussed in Chapter 4, to address this issue in Framework-1, we pro-

posed an approach that combines direct instance grouping with cross-level discrimination

for both real and pseudo groups, enhancing unsupervised representation learning. In this

Framework-II, we additionally utilize the capabilities of Evidential Deep Learning (EDL)

to improve pseudo-OOD detection by identifying different sources of uncertainty. Cross-

entropy is commonly used for image classification but is known to be biased towards the

training data, often assigning high probabilities even to incorrect predictions [45]. Instead

of adopting a traditional loss function, we employ a novel approach that combines cross-

entropy with evidential KL-divergence for rotation-augmented pseudo labels. This strategy

enables the quantification of uncertainty, a vital aspect for ensuring correct predictions [45].

Including evidential cross-entropy loss for OOD detection in the final loss function improves

both TIL and CIL accuracy. Intuitively, a model capable of distinguishing between OOD

and ID data learns more descriptive features, leading to improved TIL accuracy. For CIL,

it is evident that any task inference mechanism necessitates discriminative features between

ID and OOD. A detailed discussion of the various steps of the proposed technique and the

experimental analysis is provided below.

5.1 Proposed Technique

This section presents the novel UCL Framework-II. Since contrastive learning’s effec-

tiveness in maintaining representation continuity was discussed in Chapter 4, this chapter

focuses on addressing two key aspects. Firstly, it aims to improve pseudo-OOD detection,

and secondly, to address the capacity saturation problem of hard attention that leads to CF.
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Figure 5.1: Overview of the Proposed Framework-II. (a) Various augmentation strategies
(explained in §2.3). (b) Gradient Projection for strong and weak correlation (explained in
§5.1.3). (c) Hard Attention mechanism (explained in §5.1.2). (d) Evidential pseudo-OOD
detection (explained in §5.1.1.3). (e) Multi-tasking loss function to train feature extractor
GΩ (further demonstrated in Figure 5.2 and §5.1.1). (f). TIL and CIL evaluation process
(discussed in §2.4).
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We leverage EDL’s capabilities to enhance pseudo-OOD detection by identifying various

sources of uncertainty (§5.1.1.3). To handle capacity saturation problem, we integrate hard

attention (§5.1.2 with gradient projection §5.1.3). Our approach maintains the benefits of

both methods by reducing the constraint on gradient updates for each. The subsequent sec-

tions elaborate on each component of Framework-II.

5.1.1 Unsupervised contrastive learning with cross-level discrimina-

tion and evidential OOD detection

Building on the contrastive learning loss function introduced in the previous chapter 4,

we utilize a feature extractor GΩ to learn discriminative representations by bringing aug-

mented views of the same instance closer while pushing apart others. This is achieved using

a noise contrastive estimation (NCE) as defined in (4.1). Given a set of images, we apply

transformations such as cropping or rotation to the ith image, resulting in augmented ver-

sions xa
i and xb

i , which are then used to compute the corresponding loss functions (As shown

in Figure 5.1.(e) and Figure 5.2).

5.1.1.1 Learning invariant mapping via discrimination at the instance level

As discussed in 4.1.1.1, training the model to understand similar representations of aug-

mented images enables it to focus solely on capturing the inherent characteristics of the

image without being affected by any transformation. Invariant mapping, in this fashion,

is the core strength of contrastive learning methods. For learning feature representations,

contrastive learning method used in Framework-I often necessitates large batches, pairs of

negative samples [28], architectural modifications [30], or non-differentiable operators [96],

making them challenging for CL scenarios. In this regard, in Framework-II, our focus cen-

ters on SimSiam [53], which overcomes these limitations and achieves SOTA performance

80



CHAPTER 5. ADDRESSING CAPACITY SATURATION IN HARD ATTENTION
AND IMPROVING ACCURACY WITH EVIDENTIAL OOD DETECTION

instance

Instance-level Discrimination

ins
tan

cegroup group

Instance-group Discrimination

ce
nt

ro
id

Evidential Pseudo OOD Discrimination ce
nt

ro
id

ce
nt

ro
id

ce
nt

ro
id

gr
ou

p

gr
ou

psample image
aug. image aug. image

predictor predictorprojectorprojector

X
+

stop-gradstop-grad X

Figure 5.2: Overview of the Multi-tasking Loss Function in Framework-II. Through the
unsupervised contrastive loss function, our objective is to learn representation, denoted as
F(x), for an input image denoted as xi and its augmentation views referred to as xa

i and xb
i .

We establish three branches stemming from F : instance-level branch FI , instance-group
branch FG and evidential pseudo-OOD branch FPG. All the computation is symmetrical
and mirrored across different views of the same instance.
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on standard unsupervised representation learning benchmarks by using a variant of Siamese

networks [140].

Encoder network GΩ is shared across instance-level prediction head FI and projection

head HI as shown in green box in Figure 5.2 and projector 1 in Figure 5.1. Specifically,

SimSiam minimizes the cosine-similarity between FI(x
a
i ) and HI(x

b
i) as follows:

LILD =
1

2
D(FI(x

a
i ), stopgrad(HI(x

b
i))

+
1

2
D(FI(x

b
i), stopgrad(HI(x

a
i ))

(5.1)

where, D(FI(x
a
i ),HI(x

b
i)) = − FI(x

a
i )

∥FI(xa
i )∥2

· HI(x
b
i)

∥HI(xb
i)∥2

here, ∥ · ∥2 represents the l2-norm. Notably, the stopgrad function serves a vital purpose in

SimSiam by preventing the Siamese networks from converging to trivial solutions. Equation

(5.1) builds on (4.2) and addresses its limitations.

5.1.1.2 Learning grouping via cross-level group discrimination

As detailed in the previous chapter, relying solely on instance-level discrimination as-

sumes uniqueness across instances, which can reduce stability [33]. To address this, we

adopted a group-level contrastive approach in Framework-I that balances instance separa-

tion with semantic grouping through shared repulsion.

Similar to Framework-I in Framework-II also we apply K-means clustering on projected

features to define group centroids and compute the cross-level group contrastive loss LGCD,

as shown in Figure 5.2 and formulated in Equation (5.2). This encourages each instance to

move closer to its corresponding group centroid and away from others, using the group-level

projection head FG. In alignment with the formulation presented in Equation (4.3) under
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Framework-I, the Cross-Level Group Discrimination loss in Framework-II is defined as:

LGCD = L(FG(x
a
i ), C

′

β(i), C
′

̸=β(i)) (5.2)

FG is the group-level projection head, which is shown as projector 2 in Figure 5.1. C
′

β(i)

is the centroid of the cluster β(i)′ derived from the clustering of FG(x
b
i), this acts as the

positive sample to be attracted. The rest of the cluster centroids C ′
̸=β(i) act as negative

samples to be repelled.

5.1.1.3 Learning OOD detection through cross-level evidential pseudo group dis-

crimination

As discussed in chapter 4, Framework-I highlights the importance of detecting OOD

and ID samples in CL. The instance-level discrimination loss ensures distinct representa-

tions within each distribution-level cluster, while repulsion between clusters ensures that

pseudo-OOD samples occupy different locations in the representation space. An additional

projection head FPG is added to calculate the distribution-level discrimination loss.

Cross-entropy is commonly used for image classification but is known to be biased

towards the training data, often assigning high probabilities even to incorrect predictions

[45]. Instead of adopting a loss function similar to the one mentioned in (5.2), we employ

a novel approach that combines cross-entropy with evidential KL-divergence for rotation-

augmented pseudo labels. This strategy enables the quantification of uncertainty, a vital

aspect for ensuring correct predictions [45]. The formulated loss function is as follows:

LEDL−OOD = L(FPG(x
a
θ,i),R′

θ,R′
̸=θ) (5.3)

As shown in Figure 5.1. (d), and Figure 5.2 in the pseudo-OOD discrimination branch (yel-

low section in Figure), we apply loss between FPG(x
a
θ,i) and the distribution-level clusters
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R′
θ from the projection of the augmented view. In the context of the evidential framework, it

is postulated that the class probability associated with a sample i stems from a prior Dirichlet

distribution [37], represented as:

Dir(p, ω) =
Γ(Q)∏r
j=1Γ(ωj)

r∏
j=1

p
ωj−1
i ;ωj > 0 (5.4)

here, p represents a probability mass function, r denotes the number of rotations applied,

ω = {ω1, . . . , ωj} refers to the Dirichlet parameters, Γ(.) stands for the gamma function,

and Q =
∑r

j=1ωj is termed as the Dirichlet strength. Each ωj is computed as the sum of

the evidence of the j-th class (ej) with one. The evidence obtained from model learning is

derived from the final layer after the application of a non-negative function, such as ReLU

[37] or Exponential [141]. The training process for an EDL model for classification closely

resembles that of a conventional neural network, with the primary distinction lying in the

activation function used in the output layer. Instead of softmax, a non-negative activation

is employed. The model is trained by minimizing the loss function known as evidential

cross-entropy loss (LECE) to generate multinomial opinions, which represent the evidence

for classifying a given rotation augmentation of sample i into r rotation clusters, following

a Dirichlet distribution. The formal definition of LECE is provided as follows [37, 141].

LECE =
r∑

k=1

yi,k(log(Qi)− log(ωi,k)) (5.5)

here, yi represents the one-hot vector encoding of the pseudo-class (rotation) k. It is note-

worthy that if the neural network discovers shared patterns among different rotation clusters,

it might produce evidence for incorrect pseudo-labels, thereby minimizing the loss function

LECE . To prevent this phenomenon, a regularization loss function, LEKL, to reduce the

total evidence to zero for a sample if it cannot be classified correctly. The LEKL is defined
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as follows:

LEKL = KL[Dir(pi | ω̃i)∥Dir(pi | 1)]

= log

(
Γ(
∑r

c=1 ω̃i,c)

Γr)
∏r

c=1

∏
(ω̃i,c)

)
+

r∑
c=1

(ω̃i,c − 1)

[
F (ω̃i,c)− F (

r∑
j=1

ω̃i,j)

] (5.6)

here KL[.∥.] represents the Kullback-Leibler divergence, ω̃i denotes the Dirichlet parame-

ters after removing the non-misleading evidence, and F (.) represents the digamma func-

tion [37]. The softmax activation can be replaced by an Exponential (Exp) activation for

improved stability compared to the ReLU activation. Additionally, minimizing the loss

function LECE , while incorporating evidence from the Exp activation mirrors the standard

softmax cross-entropy minimization commonly employed in traditional neural networks

[37]. This approach enhances the capability of the model to provide additional information

regarding prediction confidence. The loss function LEKL is introduced to ensure that the

model retains its capacity to capture uncertainty. Formally, the loss function introduced in

this study is defined as follows:

LEDL−OOD = λ1LECE + λ2LEKL (5.7)

where, the importance of each loss function is weighted by λ1 and λ2. In a CL setting, LEKL

should prioritize newly introduced rotation-labels. Hence, the redefined LEKL for the τ th

task is expressed as follows:

LEKL = KL[Dir(piτ | ω̃iτ )|Dir(piτ | 1)] (5.8)

here, ωiτ represent Dirichlet parameters associated with the new classes Cnew, and piτ de-

notes the probability mass function for sample i of task τ .
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Implementation details: Based on a similar argument, we can interpret this loss as a

combination of evidential cross-entropy loss and evidential KL-divergence loss between the

hard assignment of the distribution-level cluster Rθ and the soft assignment R′
θ predicted

from FPG.

Advantage: Including LEDL−OOD in the final loss function L improves both TIL

and CIL accuracy. Intuitively, a model capable of distinguishing between OOD and ID

data learns more descriptive features, leading to improved TIL accuracy. For CIL, it is

evident that any task inference mechanism necessitates discriminative features between ID

and OOD.

Up to this point, our discussion has revolved around discrimination at the representation

level. Nonetheless, the model necessitates the ability for CL to learn each subsequent task

while retaining the accumulated knowledge. As discussed in Chapter 4, an isolation-based

methodology emerges as a viable strategy in this context, eliminating the need for a replay

buffer and enabling model updates at the parameter level. The following section further

substantiates the proposed Framework-II for preserving accumulated knowledge.

5.1.2 Preserving feature representation through hard attention mech-

anism

The hard attention mechanism employed in Framework-II follows the same design as

in Framework-I (see §4.1.2); however, in Framework-II, we additionally address the issue

of capacity saturation. When used individually, hard attention can impose excessive con-

straints on parameter updates, leading to suboptimal learning for new tasks. This intensifies

the capacity problem by limiting the availability of free neurons and potentially increasing

forgetting.

To mitigate this, we go beyond relying solely on the importance of individual parameters
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and additionally constrain the direction of gradients. This approach ensures that the network

optimizes its parameters in directions orthogonal to those associated with previous tasks,

preserving past knowledge while learning new information.

Through the empirical study, we found that integrating hard attention with gradient pro-

jection can complement the advantages and drawbacks of each other when given equal im-

portance. Accordingly, we set the constraint parameter γR = 1
2

in Equation (4.10), allowing

each task to utilize network capacity efficiently while minimizing overall resource usage.

5.1.3 Protecting feature representation via gradient projection

To ensure effective learning of the new task, our approach imposes explicit constraints

on accessible gradient directions using Gradient Projection, as shown in Figure 5.1.(b). This

technique ensures the gradients for updating parameters related to new tasks are orthogo-

nal to the important gradient subspaces from previous tasks. Unlike existing methods, this

approach does not retain previous gradient directions [6] or old examples [11] to generate

reference directions. After each task, the complete gradient space of weights is divided into

two orthogonal subspaces: the Core Gradient Space (CGS) and the Residual Gradient Space

(RGS) [89]. The bases of these gradient subspaces are determined through a Singular Value

Decomposition (SVD) analysis of learned representations in a single-shot process, extract-

ing the minimal set of bases for the CGS to preserve previous knowledge and facilitate

learning for new tasks. Subsequently, these bases are stored in memory. In the following

section, we explain the connection between the gradient and input spaces for identifying the

core gradient spaces of previous tasks.

Input and gradient spaces: Proposed Framework-II exploits the observation that up-

dates generated by stochastic gradient descent (SGD) reside within the range of input data

points [142]. In the subsequent sections, we will demonstrate this relationship specifically
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for convolutional layers, which holds true across all layers within the network for any given

task.

Consider a convolutional layer with the input tensor X and filters Z . The convolu-

tion operation between X and Z which produces an output feature map O, where X is in

RCi×hi×wi , Z is in RCo×(Ci×k×k), and O is in RCo×ho×wo [143]. Here, Ci and Co repre-

sent the number of input and output channels of the convolutional layer, respectively. The

dimensions hi, wi and ho, wo denote the height and width of the input and output feature

maps, respectively, while k represents the kernel size of the filters. If X is reshaped into

a matrix R of size (ho × wo) × (Ci × k × k) and Z is reshaped into a matrix Z of size

(Ci×k×k)×Co, the convolution operation can be represented as the matrix multiplication

of R and Z, resulting in O = RZ, where O ∈ R(ho×wo)×Co . Each row of R represents an

input patch vector, denoted as pj ∈ R(Ci×k×k)×1, where j = 1, 2, . . . , n; (n = ho ∗ wo).

Formulation of convolution in terms of matrix multiplication provides an intuitive picture

of the gradient computation during backpropagation. In the backward pass of the convolu-

tion layer, an error matrix ∆ of the same size as O, specifically (h0 × w0) × Co, is derived

from the subsequent layer. The gradient of the loss with respect to the filter weights is then

determined as:

▽ZL = R
′
∆ (5.9)

where, (.)′ is the matrix transpose and ▽ZL is of shape (Ci × k × k)Co which is of same

size as Z. Since, columns of R′ are the input patch vectors (p), the gradient updates of the

convolutional filters will lie in the space spanned by these patch vectors.

Now, we demonstrate how gradient descent orthogonal to these spaces enables CL with-

out forgetting.

Training task 1: To begin learning for the initial task (τ = 1) with dataset D1, param-

eter updates are allowed without constraints. Upon completing Task 1, a set of learned
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parameters, denoted as Z1, is obtained. To retain the knowledge gained from this task, con-

straints are imposed on the direction of gradient updates for subsequent tasks, in addition

to the constraints applied by hard attention, as detailed in §5.1.2. This process involves

partitioning the complete gradient space into two orthogonal subspaces: the Core Gradient

Space (CGS) and the Residual Gradient Space (RGS). While gradient steps along the CGS

significantly affect the learned tasks, those along the RGS result in minimal or no interfer-

ence. The bases of the CGS are identified and stored, enabling orthogonal gradient steps

for subsequent tasks, with each layer possessing its own CGS. To determine these bases,

we construct a representation matrix Rl
1 = [((Rl

1,1)
′
, (Rl

2,1)
′
, . . . , (Rl

τs,1)
′
] for each layer

after learning Task 1. This matrix concatenates representations received from the forward

pass of τs randomly selected samples from the current training dataset as they propagate

through the network. Subsequently, we perform Singular Value Decomposition (SVD) on

Rl
1 = V l

1

∑l
1(U

l
1)

′ , followed by its k-rank approximation (Rl
1)k using a constant thresh-

old of γg. This threshold criterion of γg is chosen to update the stored gradient projections

exclusively for layers where the criterion exceeds it.

Orthogonal projection presents a potential solution for addressing forgetting in CL.

However, exclusively adjusting the model in the orthogonal direction to the input space

of old tasks may heavily constrain the optimization space for learning the new task, poten-

tially resulting in diminished performance. As discussed in §5.1.2, in this framework, we

integrate hard attention and gradient projection to mitigate the disadvantages of each while

leveraging their respective advantages to enhance the learning capability of the model across

all subsequent tasks. The effective capacity utilization is achieved by setting the threshold

of γg in the following equation:

∥(Rl
1)k∥2F ≥ γg∥Rl

1∥2F (5.10)
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Through the empirical experiments, we discovered that integrating hard attention with gra-

dient projection effectively balances their respective advantages and limitations when equal

importance is assigned to both. Hence, during experimentation, we set the constraint param-

eter γg to 1
2

in (5.10). The space Sl is define as the span of the first k vectors in V l
1 , denoted

as Sl = span{vl1,1, vl2,1, . . . , vlk,1}. Sl encompasses the significant representations for Task

1 at layer l, as it includes all directions associated with the highest singular values in the

representation. In subsequent tasks, our objective is to perform gradient steps in a manner

that preserves the correlation between representation specific to the task and weights within

individual layers, as shown in Figure 5.1.(b).

Considering that the inputs encompass the gradient descent space, the bases of Sl will

span a subspace within the gradient space, denoted as the CGS. Gradient descent along the

CGS induces the maximum change in the correlation between inputs and weights, whereas

gradient steps orthogonal to the CGS, (i.e., the space of low representational significance)

cause minimal to no interference with the previous tasks. The subspace orthogonal to the

CGS is designated as the RGS. The bases of the CGS are stored in memory denoted as

M = {(M l)l=1
L }, where Ml = [vl1,1, v

l
2,1, . . . , v

l
k,1].

Training for tasks 2 to T : Task 2 is learned exclusively using samples from dataset D2.

Before performing a gradient step, the bases of the CGS are obtained from the stored gra-

dient projections. The new gradients (▽Zl
2
L2) are initially projected onto the CGS, and

then the projected components are subtracted from them, ensuring that the remaining gradi-

ent components are in the orthogonal space to the CGS. The gradients are then updated as

follows:

▽Zl
2
L2 = ▽Zl

2
L2 −M l(M l)

′
(▽Zl

2
L2) (5.11)

Upon the completion of Task 2 training, the store gradient projections are updated with

new task-specific bases customized for the CGS. To derive these bases, we create Rl
2 =
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[Rl
1,2, R

l
2,2, . . . , R

l
τs,2], utilizing data solely from task 2. Prior to performing SVD and the

subsequent k-rank approximation on Rl
2, we remove any redundant bases already existing

in the stored gradient projections. This ensures that the newly incorporated bases are unique

and orthogonal to those already present in memory. To achieve this, we follow these steps:

R̂l
2 = Rl

2 −M l(M l)
′
(Rl

2) = Rl
2 −Rl

2,P roj (5.12)

Subsequently, analogous to the approach employed during the learning of task 1, we perform

SVD on matrix R̂l
2(= V̂ l

2

∑̂l

2(Û
l
2)

′
). We then choose k new orthogonal bases, ensuring that

the minimum value of k fulfills the prescribed criteria for the threshold γg. This threshold

is set to 1
2

during experimentation to give equal importance to both gradient projection and

hard attention.

∥(Rl
2,P roj)∥2F + ∥(R̂l

2)k∥2F ≥ γg∥Rl
2∥2F (5.13)

The stored gradient projections are updated by appending new bases as Ml =

[Ml, v̂
l
1,2, . . . , v̂

l
k,2]. Consequently, with each new task training, the CGS expands while

the RGS shrinks. The maximum size of M l (and therefore the dimension of the gradient

bases) is determined by the initial network architecture. Upon completing the update of

stored gradient projections, we proceed on to the next task and repeat the same process as

for Task 2.

5.1.4 Overall objective function

The final objective to be minimized for task n is as follows (see in Figure 5.1.(e))

L = LILD + γGCD LGCD + γOOD LEDL−OOD + γR Lr (5.14)

here, L is the overall loss function, or can be referred to as a multi-tasking loss function.

91



CHAPTER 5. ADDRESSING CAPACITY SATURATION IN HARD ATTENTION
AND IMPROVING ACCURACY WITH EVIDENTIAL OOD DETECTION

LILD, LGCD, LEDL−OOD denote the loss function for instance-level discrimination, group-

level discrimination, and pseudo-group level discrimination for evidential OOD detection,

respectively. Lr is the regularization loss. γGCD, γOOD, and γR(τ) denote the positive scaling

parameter for the respective loss function. In practice, γR is the same for all tasks, where

τ ̸= 1.

5.2 Experimental Analysis

In this section, we explain the (1) baselines, (2) training and evaluation setup, (3) hyper-

parameter setting, and (4) results and comparative analysis.

5.2.1 Baselines

For the naming convention the proposed Framework-II, denoted as GP-M-CLD-S-

EOOD, incorporates gradient projection, hard attention, cross-level discrimination, Sim-

Siam loss, and evidential OOD detection capabilities. We compare Framework-II with

both classic and most recent SOTA TIL and CIL methods. Similar to Framework-I, for

the baselines of Framework-II as well, we consider four unsupervised methods, i.e., SI [16],

DER [14], PNN [9], LUMP [11], along with one supervised method, Co2L [12]. Addition-

ally, we included Framework-I [144] as the fifth UCL baseline. We also include several

preceding methods that we explored before finalizing the proposed solution, such as N M-

CLD-N OOD, N M-CLD-OOD, M-CLD-N OOD, M-CLD-OOD (Framework-I), M-CLD-

S-OOD, and GP-M-CLD-S-OOD. An explanation of each model name is provided in the

list of abbreviations in Table 1.

92



CHAPTER 5. ADDRESSING CAPACITY SATURATION IN HARD ATTENTION
AND IMPROVING ACCURACY WITH EVIDENTIAL OOD DETECTION

5.2.2 Training and evaluation setup

The overall training and evaluation setup largely follows the configuration detailed in

§4.2.2. The primary differences lie in the proposed model architecture and variants used

in Framework-II. Specifically, we incorporate both hard attention and gradient projection

mechanisms into the ResNet-18 backbone. For the proposed Framework-II (GP-M-CLD-S-

EOOD) and its variants (N M-CLD-N OOD, N M-CLD-OOD, M-CLD-N OOD, M-CLD-

OOD, M-CLD-S-OOD, GP-M-CLD-S-OOD) we employed the LARS optimization func-

tion [130] with the same learning rate schedule as before in Framework-I. Baseline methods

are trained using SGD with identical settings, and all evaluations are conducted using a KNN

classifier [52]. Additional hyperparameter details are provided in the following section.

Table 5.1: Optimal hyperparameter values for Framework-II (GP-M-CLD-S-EOOD) and its
variants across datasets determined via grid search

Dataset ρILD ρGCD ρOOD γGCD γOOD γR Ci

M-5T 0.1 0.1 0.1 0.5 0.5 0.5 128
C-10 0.1 0.2 0.2 0.5 0.5 0.5 128

CH-5T 0.1 0.2 0.2 0.5 0.5 0.5 150
CH-10T 0.1 0.2 0.2 0.5 0.5 0.5 180
CH-20T 0.1 0.1 0.1 0.5 0.5 0.5 200
I1H-5T 0.1 0.2 0.2 0.5 0.5 0.5 160

I1H-10T 0.1 0.1 0.1 0.5 0.5 0.5 180
I1H-20T 0.1 0.1 0.1 0.5 0.5 0.5 200

5.2.3 Hyperparameters setting

The hyperparameter configuration mostly follows the setup discussed in §4.2.3. In

Framework-II, we use similar sets of temperature parameters (ρILD, ρGCD and ρOOD), scal-

ing factors (γR, γGCD and γOOD), the number of clusters Ci, and positive scaling parameter

(s and smax), with minor tuning based on the gradient projection and evidential OOD detc-

tion introduced in this chapter. As explained in §5.1.2, we set the constraint parameter γR of

(4.10) to 1
2

after hyperparameter tuning, which allows each task to efficiently utilize network

capacity while minimizing overall capacity usage. To maintain consistency in training all
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Table 5.2: Overall-average TIL accuracy (in %) for Framework-II and baselines on bench-
mark datasets across all tasks. The last row displays the average TIL Accuracy of each
method. Further information about the table can be found in §5.2.4.

Methods SI DER PNN LUMP Framework-I Framework-II Co2L (Sup.)
Datasets ↓

M-5T 99.46 99.28 99.23 99.74 99.68 99.91 99.85
C-5T 91.4 91.64 91.05 91.23 94.12 94.54 92

CH-5T 61.11 61.6 58.5 60.04 65.3 66.32 69.46
CH-10T 68.21 69.37 62.47 69.15 73.63 75.57 73.86
CH-20T 75.6 76.47 65.17 78.74 80.45 82.39 78.59
I1H-5T 54.62 53.44 48.09 52.9 56.38 58.07 56.4

I1H-10T 55.39 58.29 49.36 63.68 65.4 68.35 60.2
I1H-20T 67.16 64.32 57.29 71.18 75.16 77.41 69.61
Average 71.62 71.8 66.4 73.33 76.27 77.82 75
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Figure 5.3: Overall-average TIL Accuracy for Framework-II and baselines on benchmark
datasets.

UCL baselines, we adopt the identical set of hyperparameters utilized in SimSiam [53]. The

configuration of hyperparameters for all datasets is provided in Table 5.1. Optimal hyperpa-

rameter values for all baseline models across all benchmark datasets are available in Tables

4.2 and 4.3.

5.2.4 Results and comparative analysis

Tables 5.2, 5.3, 5.4, 5.5, and Figures 5.3, 5.4, 5.5, 5.6, 5.7, 5.8 show the evaluation

results for Framework-II and baselines on M-5T, C-5T, CH-5T, CH-10T, CH-20T, I1H-5T,

I1H-10T, and I1H-20T. In Tables 5.2, 5.3, 5.4, and 5.5, first row contains the names of
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the baseline methods. The last row of the tables shows overall-average performance of the

respective models. We observe that all the mentioned baselines, which represent various CL

strategies, yield lower performance compared to the proposed Framework-II with negligible

or nearly zero forgetting.

5.2.4.1 Comparison of overall-average TIL accuracy across all tasks

The method of calculating overall-average accuracy across all tasks is explained in §2.4.

In Table 5.2, Figure 5.3 and 5.4 we show the overall-average TIL accuracy of the models.

In all cases, Framework-II achieves significantly better overall-average accuracies than rep-

resentative baselines. It can be observed from the last column of Table 5.2, which contains

the average accuracy of all models, that Framework-II achieves a 6.20%, 6.02%, 11.42%,

4.49%, and 1.55% improvement compared to SOTA UCL baselines such as SI, DER, PNN,

LUMP, and Framework-I respectively, it can also be verified from Figure 5.4. These results

suggest that the combination of gradient projection and hard attention effectively preserves

prior knowledge, thus addressing RQ4 [§3.5] in the TIL setup. Outperforming both DER

and LUMP indicates that there is no need for a replay buffer anymore to improve the per-

formance (thus, RQ1 [§3.5] is answered in Framework-II as well). The improved accuracy

compared to PNN also indicates the effectiveness of Framework-II over architecture-based

strategies. Moreover, it achieves performance that is on par with SCL methods like Co2L

and even surpasses it in terms of average performance across all datasets by 2.82%. As

shown in Figure 5.4, Co2L initially demonstrates higher accuracy on certain initial tasks

owing to its supervised nature, Framework-II showcases better accuracy on subsequent tasks

due to its effective handling of CF compared to Co2L. Importantly, this is noteworthy as it

highlights the gains made without the need for labeled data.
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Figure 5.4: TIL Performance comparison for Framework-II and baselines on benchmark
datasets across all tasks.
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Table 5.3: Overall-average TIL Forgetting (in %) for Framework-II and baselines on bench-
mark datasets across all tasks.

Methods SI DER PNN LUMP Framework-I Framework-II Co2L (Sup.)
Datasets ↓

M-5T 0.45 0.72 0.0002 0.17 0.001 0.0005 0.07
C-5T 1.85 3.72 0.0001 2.27 0.002 0.0004 7.35

CH-5T 2.36 3.47 0.0004 3.18 0.001 0.0006 14.02
CH-10T 2.57 3.63 0.0008 2.76 0.001 0.0003 15.46
CH-20T 5.86 5.67 0.003 1.98 0.029 0.002 16.18
I1H-5T 7.71 5.33 0.0005 3.78 0.002 0.0005 14

I1H-10T 11.66 8.41 0.0008 4.47 0.001 0.0001 16.79
I1H-20T 7.89 8.51 0.009 5.47 0.06 0.003 17.38
Average 5.04 4.93 0.0019 3.01 0.0121 0.000925 12.66

5.2.4.2 Comparison of overall-average TIL forgetting across all tasks

The method of calculating overall-average forgetting across all tasks is explained in

§2.4. In Table 5.3 and Figure 5.5, we present the overall-average TIL forgetting of the mod-

els. Framework-II exhibits nearly zero or significantly negligible CF compared to UCL and

SCL baselines. For instance, the SCL baseline Co2L shows an overall-average TIL forget-

ting of 12.66%, while UCL baselines SI, DER, PNN, LUMP, and Framework-I demonstrate

5.04%, 4.93%, 0.0019%, 3.01%, and 0.0121% overall average TIL forgetting, respectively.

This indicates that gradient projection with hard attention preserves prior knowledge, sup-

porting RQ4 [§3.5] in the TIL setup. This remarkable reduction in forgetting compared to

DER and LUMP suggests that a replay buffer may no longer be necessary to address CF

(consequently, again confirming the RQ1 [§3.5] in TIL setup).

5.2.4.3 Comparison of overall-average CIL accuracy across all tasks

The process for computing overall-average CIL accuracy is detailed in §2.4. Table 5.4

and Figures 5.6, 5.7 display the overall-average CIL accuracy of the models. In the Av-

erage column of Table 5.4, it is evident that Framework-II achieves an increase of 8.79%,

9.39%, 11.54%, 6.59%, and 4.43% in overall average CIL accuracy across all datasets in

the UCL setup compared to SI, DER, PNN, LUMP, and Framework-I respectively (thus

97



CHAPTER 5. ADDRESSING CAPACITY SATURATION IN HARD ATTENTION
AND IMPROVING ACCURACY WITH EVIDENTIAL OOD DETECTION

0
2
4
6
8

10
12
14
16
18
20

M-5T C-5T CH-5T CH-10T CH-20T I1H-5T I1H-10T I1H-20T

F
or

ge
tt

in
g 

(%
)

Datasets

Overall-Average TIL Forgetting across all Tasks
SI DER PNN
LUMP Co2L Framework-I
Framework-II

Figure 5.5: Overall-average TIL Forgetting across all tasks for Framework-II and baselines.
Additionally, in Framework-II, almost zero CF is represented by a vertical green arrow.

Table 5.4: Overall-average CIL Accuracy (in %) for Framework-II and baselines on bench-
mark datasets across all tasks.

Methods SI DER PNN LUMP Framework-I Framework-II Co2L (Sup.)
Datasets ↓

M-5T 97.57 96.33 97.39 99.16 98.87 99.44 98.95
C-5T 83.46 83.67 83.54 83.38 87.03 90.11 82.53

CH-5T 53.7 53.82 50.06 52.56 57.14 61.29 65.38
CH-10T 53.83 53.81 49.2 55.95 56.26 62.27 61.7
CH-20T 52.69 52.86 46.28 57.84 57.59 63.06 57.28
I1H-5T 46.51 43.5 44.14 42.27 48.39 53.52 51.41

I1H-10T 40.42 42.48 39.64 49.28 46.8 55.08 46.81
I1H-20T 40.61 37.55 36.53 46.028 51.63 54.32 45.63
Average 58.6 58 55.84 60.8 62.96 67.39 63.71
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Figure 5.6: Overall-average CIL Accuracy for Framework-II and baselines across all tasks.
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Figure 5.7: CIL Performance comparison for Framework-II and baselines on benchmark
datasets across all tasks.

99



CHAPTER 5. ADDRESSING CAPACITY SATURATION IN HARD ATTENTION
AND IMPROVING ACCURACY WITH EVIDENTIAL OOD DETECTION

Table 5.5: Overall-average CIL Forgetting (in %) for Framework-II and baselines on bench-
mark datasets across all tasks.

Methods SI DER PNN LUMP Framework-I Framework-II Co2L (Sup.)
Datasets ↓

M-5T 0.16 1.02 0.0008 0.04 0.0005 0.0001 0.24
C-5T 3.82 3.69 0.005 1.54 0.001 0.0002 12.78

CH-5T 1.57 2.82 0.009 2.67 0.001 0.0001 17.48
CH-10T 2.31 2.77 0.013 1.861 0.001 0.0003 24.77
CH-20T 4.71 1.76 0.063 2.5 0.01 0.003 27.53
I1H-5T 7.54 3.78 0.007 2.93 0.002 0.0001 18.03

I1H-10T 11.21 6.09 0.017 3.65 0.001 0.0002 25.59
I1H-20T 5.86 3.11 0.094 5.18 0.03825 0.015 30.09
Average 4.65 3.13 0.026 2.55 0.0068 0.0024 19.56

confirming the RQ4 [§3.5] in CIL setup as well). Moreover, Framework-II outperforms the

SCL method Co2L on all datasets, with a 3.68% increase in overall average CIL accuracy

(see Figures 5.6 and 5.7).

5.2.4.4 Comparison of overall-average CIL forgetting across all tasks

The process for computing overall-average CIL forgetting is outlined in §2.4. Table 5.5

and Figure 5.8 present the overall-average CIL forgetting of the models. Both UCL and

SCL baselines exhibit considerable CIL forgetting compared to Framework-II in the CIL

setting as well. Framework-II however, demonstrates almost zero or significantly negligi-

ble CF. In contrast, SCL baselines like Co2L exhibit an overall-average CIL forgetting of

19.56%, while UCL baselines like SI, DER, PNN, LUMP, and Framework-I show 4.65%,

3.13%, 0.026%, 2.55%, and 0.0068% overall average CIL forgetting, respectively (thus, re-

confirming the RQ4 [§3.5] in CIL setup as well). This substantial reduction in forgetting

compared to DER and LUMP suggests that a replay buffer may no longer be necessary to

address CF (thus, reaffirming the RQ1 [§3.5] in CIL setup for Framework-II as well).
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Figure 5.8: Overall-average CIL Forgetting across all tasks for Framework-II and baselines.

5.2.5 Ablation study

In this section, we study the effectiveness of hard attention, gradient projection and

multi-tasking loss function along with evidential OOD detection capability. In Tables 5.6,

5.7, 5.8, and 5.9, the first column contains the names of the variants of Framework II.

The last column of the tables shows overall-average performance of the respective models.

These tables demonstrate that the successive variants of GP-M-CLD-S-EOOD (Framework-

II), show gradual improvements in terms of overall-average accuracy, all while maintaining

minimal forgetting.

5.2.5.1 Effect of multi-tasking loss function along with evidential OOD detection ca-

pability

It can be inferred from the Tables 5.7, and 5.9 that the model experiences significant for-

getting when evidential OOD discrimination capability, hard attention, gradient projection,

and SimSiam loss are not utilized, as seen in N M-CLD-N OOD with a notable overall-

average TIL forgetting of 8.48% and CIL forgetting of 7.69% across all datasets. How-

ever, incorporating these techniques significantly mitigates forgetting, with an average TIL

forgetting of 0.000925% and CIL forgetting of 0.0024% across all tasks in GP-M-CLD-
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Table 5.6: Overall-average TIL Accuracy (in %) of successive variants of Framework-II.

Methods M-5T C-5T CH-5T CH-10T CH-20T I1H-5T I1H-10T I1H-20T Avg.
N M-CLD-N OOD 98.48 87.06 57.56 64.96 71.97 52.28 57.38 69.36 69.88

N M-CLD-OOD 98.83 87.57 58.2 65.83 72.86 53.04 59.79 71.33 70.93
M-CLD-N OOD 99.66 91.01 59.13 69.61 77.81 53.17 61.29 74.11 73.22

M-CLD-OOD (F-I) 99.68 94.12 65.3 73.63 80.45 56.38 65.4 75.16 76.27
M-CLD-S-OOD 99.79 94.28 65.39 74.22 81.03 56.81 67.44 76.52 76.94

GP-M-CLD-S-OOD 99.89 94.39 65.73 74.93 81.64 57.39 67.95 76.97 77.36

GP-M-CLD-S-EOOD (F-II) 99.91 94.54 66.32 75.57 82.39 58.07 68.35 77.41 77.82

Table 5.7: Overall-average TIL Forgetting (in %) of successive variants of the Framework-
II.

Methods M-5T C-5T CH-5T CH-10T CH-20T I1H-5T I1H-10T I1H-20T Avg.
N M-CLD-N OOD 0.74 7.01 8.22 10.34 12.03 6.05 7.79 15.63 8.48

N M-CLD-OOD 0.18 0.5 0.42 0.78 14.6 0.39 0.74 9.91 3.44
M-CLD-N OOD 0.01 0.013 0.02 0.002 0.048 0.003 0.002 0.065 0.0203

M-CLD-OOD (F-I) 0.001 0.002 0.001 0.001 0.029 0.002 0.001 0.06 0.0121
M-CLD-S-OOD 0.0012 0.002 0.002 0.001 0.009 0.006 0.0005 0.058 0.00996

GP-M-CLD-S-OOD 0.0011 0.0006 0.0007 0.0009 0.002 0.004 0.0003 0.014 0.00295

GP-M-CLD-S-EOOD (F-II) 0.0005 0.0004 0.0006 0.0003 0.002 0.0005 0.0001 0.003 0.000925

S-EOOD (Framework-II). Furthermore, other variants such as N M-CLD-OOD, M-CLD-

N OOD, M-CLD-OOD, M-CLD-S-OOD and GP-M-CLD-S-OOD also demonstrate a grad-

ual decrease in overall-average TIL forgetting of 3.44%, 0.0203%, 0.0121%, 0.00996%,

and 0.00295% and CIL forgetting of 4.19%, 0.0158%, 0.0068%, 0.0162%, and 0.0089%,

respectively. This can be attributed to the inclusion of Cross-Level Pseudo-Instance Group

Discrimination for OOD Detection along with EDL (thus, addressing the RQ5 [§3.5] in both

TIL and CIL setup). This effect is noted in both TIL and CIL settings, but it is more rele-

vant to CIL setting. The Tables 5.6, 5.7, 5.8, 5.9 also indicates that the influence of SimSiam

loss on the performance of the model. M-CLD-S-OOD (model with SimSiam loss) shows

improvement in performance in compare to its previous variants (model without SimSiam

loss, i.e. N M-CLD-N OOD, N M-CLD-OOD, M-CLD-N OOD, and M-CLD-OOD). This

indicates the effectiveness of SimSiam loss, in Framework-II. As shown in Figure 5.4 and

Figure 5.7, the multi-tasking loss function with the evidential OOD detection capability

helps in UCL, when comparing with SOTA baselines.
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Table 5.8: Overall-average CIL Accuracy (in %) of successive variants of Framework-II.

Methods M-5T C-5T CH-5T CH-10T CH-20T I1H-5T I1H-10T I1H-20T Avg.
N M-CLD-N OOD 94.91 76.97 48.81 51.19 47.1 42.03 42.49 45.97 56.18

N M-CLD-OOD 95.33 78.84 50.01 51.47 48.52 44.67 44.96 37.39 56.39
M-CLD-N OOD 97.89 79.16 51.13 51.85 50.32 44.96 45.16 43.89 58.04

M-CLD-OOD (F-I) 98.87 87.03 57.14 56.26 57.59 48.39 46.8 51.63 62.96
M-CLD-S-OOD 99.07 88.15 58.63 60.85 61.46 51.79 51.06 52.89 65.49

GP-M-CLD-S-OOD 99.38 88.86 60.91 61.58 62.65 52.83 54.37 53.46 66.75

GP-M-CLD-S-EOOD (F-II) 99.44 90.11 61.29 62.27 63.06 53.52 55.08 54.32 67.39

5.2.5.2 Effect of gradient projection

The effectiveness of hard attention has already been observed in Framework-I (see

§4.2.5.2); however, it faces the challenge of capacity saturation. To address this,

Framework-II incorporates gradient projection alongside hard attention. Through multi-

ple variants of Framework-II, we have demonstrated that incremental enhancements in the

framework have allowed us to achieve an increase in performance. The Tables 5.6, 5.7,

5.8, 5.9 and Figures 5.3 , 5.6, 5.5, and 5.8 indicates that the influence of gradient pro-

jection on the performance of the model. GP-M-CLD-S-OOD (model with gradient pro-

jection) shows gradual improvement in performance and decrease in CF in compare to its

previous variants (model without gradient projection, i.e. N M-CLD-N OOD, N M-CLD-

OOD, M-CLD-N OOD, M-CLD-OOD, and M-CLD-S-OOD). This indicates the effective-

ness of gradient projection, in the proposed solution (thus, reaffirming the RQ4 [§3.5]). Fur-

thermore, Framework-II (GP-M-CLD-S-EOOD) demonstrates superiority over its variants

N M-CLD-N OOD, N M-CLD-OOD, M-CLD-N OOD, M-CLD-OOD (Framework-I), M-

CLD-S-OOD and GP-M-CLD-S-OOD with incremental gains of 7.94%, 6.89%, 4.6%,

1.55%, 0.88%and 0.46% in TIL setting and 11.21%, 11.0%, 9.35%, 4.43%, 1.9%, and

0.64% in CIL setting, respectively. These findings suggest that the incremental enhance-

ments in the Framework-II, particularly the inclusion of gradient projection along with hard

attention and evidential OOD detection capabilities have led to improvements in perfor-

mance compared to SOTA baselines.
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Table 5.9: Overall-average CIL Forgetting (in %) of successive variants of Framework-II.

Methods M-5T C-5T CH-5T CH-10T CH-20T I1H-5T I1H-10T I1H-20T Avg.
N M-CLD-N OOD 0.51 6.9 8.05 11.5 13 6.37 8.22 6.99 7.69

N M-CLD-OOD 0.14 0.38 0.25 0.4 16.51 0.25 0.25 15.39 4.19
M-CLD-N OOD 0.001 0.003 0.03 0.001 0.082 0.002 0.001 0.0065 0.0158

M-CLD-OOD (F-I) 0.0005 0.001 0.001 0.001 0.01 0.002 0.001 0.03825 0.0068
M-CLD-S-OOD 0.0003 0.0005 0.0007 0.0004 0.032 0.0009 0.0006 0.094 0.0162

GP-M-CLD-S-OOD 0.0002 0.0003 0.0004 0.001 0.006 0.0005 0.0004 0.063 0.0089
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Figure 5.9: Training and inference time complexity comparison of Framework-II across all
benchmark datasets.

5.2.5.3 Training and inference time complexity across all datasets

Training and inference time complexity of Framework-II across all datasets is shown in

Figure 5.9. Each dataset is randomly divided into four subsets corresponding to full, half,

one-fifth, and one-tenth of the data size. Stratified sampling based on class labels is applied

to ensure representative splits, allowing for comprehensive time complexity testing. As il-

lustrated in Figure 5.9, the complexity of Framework-II is analogous to linearithmic. This

is evident when transitioning from simpler datasets (e.g., MNIST) to more complex ones

(e.g., Tiny-ImageNet), which requires an increase in input planes in the ResNet-18 architec-

ture from 64 to 128, as discussed in §5.2.2. This adjustment is necessary to accommodate

the higher complexity of datasets such as CIFAR-100 and Tiny-ImageNet. Both plots (a)

and (b) exhibit approximately similar characteristics.
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5.3 Discussion

As explained in §5.2.4, Framework-II showcases performance improvement by incorpo-

rating cross-level instance-group discrimination and evidential pseudo OOD detection along

with gradient projected hard attention. Unlike previous UCL approaches that heavily rely

on replay-based strategies to mitigate CF, our novel isolation-based approach leverages the

combined benefits of hard attention and gradient projection. A limitation of hard attention

is its tendency to saturate the capacity of the network, a challenge we mitigate through the

implementation of gradient projection. Rather than solely depending on parameter-level

masking, we utilize gradient projection to train the gradient in an orthogonal direction for

previous tasks. This combined strategy efficiently mitigates CF without necessitating an ex-

ternal replay buffer, thereby resolving concerns regarding overfitting, representation drifts,

and privacy associated with conventional replay-based methods.

We also explored the option of preserving past task samples exclusively for OOD de-

tection, similar to the approach in MORE [145]. Despite being supervised, this approach

results in overfitting and performance degradation. To improve OOD detection within the

UCL framework, we use EDL, which does not rely on past training data for learning OOD

detection. Moreover, EDL enhances pseudo-OOD detection by identifying various sources

of uncertainty. Nevertheless, integrating EDL into the UCL framework presents challenges

due to its dependence on labeled data. To overcome this obstacle, we utilize hard-coded

pseudo-rotation augmented labels, as elaborated in §5.1.1.3. This approach proves to be

effective for OOD detection within the UCL setup.
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Chapter 6

Improving Network Capacity with

Sub-network Masking and Accuracy

through Hierarchical Representation

Learning

As discussed in chapter 4 and 5, relying solely on weight magnitude (hard attention)

for subnetwork construction can result in retaining unimportant weights and redundant sub-

networks, leading to capacity saturation. This drives us to explore alternative approaches

to circumvent these challenges and refine the construction of subnetworks. Inspired by

Information Bottleneck (IB) theory [38, 39, 40], we use subnetwork masking through IB

to achieve CL. This approach integrates IB to minimize redundancy while maintaining or

freezing essential parameters, thereby mitigating CF. Simultaneously, irrelevant informa-

tion is channeled into expendable parameters. It optimizes inter-layer mutual information

to construct redundancy-free sub-networks, addressing challenges in CL. Although subnet-

The work presented in this chapter has been published in the paper: “HiProIBM: Unsupervised Continual
Learning through Hierarchical Prototypical Cross-Level Discrimination along with Information Bottleneck
Subnetwork Masking”, Applied Intelligence, 55(6), 476-497 (2025). DOI: 10.1007/s10489-025-06362-z
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work masking using IB is explored in SCL [40], however minimizing forgetting through IB

in UCL poses inherent challenges [42]. The absence of labels makes it difficult to identify

relevant information, increasing the risk of losing essential features and leading to potential

overcompression that can obscure important latent structures [43].

As discussed in 4 and 5, grouping instances is essential for capturing similarity, as re-

lying only on individual discrimination can reduce stability and effectiveness. However,

clustering based solely on attraction may group dissimilar instances due to shared repulsion

effects [33]. To address this, we guide each instance toward its assigned cluster while re-

pelling it from unrelated clusters. While this approach typically compares an image with a

singular set of prototypes, this overlooks potential semantic relationships with multiple clus-

ters. Instead of solely associating an image with the most similar prototypes, it is beneficial

to consider other clusters as well, which are then regarded as negative samples.

Consequently, we employ hierarchical prototypes to represent semantic structures in

data and dynamically update them during training. By leveraging these hierarchical seman-

tic representations, we aim to enhance traditional instance-wise and prototypical contrastive

learning. This involves optimizing positive and negative pair selections to better align with

the semantic structures.

Hierarchical prototypical cross-level discrimination complements IB subnetwork mask-

ing by identifying relevant information and preventing the loss of essential features due to

overcompression. Together, these components address each other’s limitations, enabling

effective management of the trade-off between stability and plasticity in UCL setup. Figure

1.7 shows an abstract view of the proposed Framework-III. A detailed description of the

various steps involved in the proposed technique is discussed as follows.

108



CHAPTER 6. IMPROVING NETWORK CAPACITY WITH SUB-NETWORK
MASKING AND ACCURACY THROUGH HIERARCHICAL REPRESENTATION
LEARNING

6.1 Proposed Technique

6.1.1 Unsupervised contrastive learning with cross-level instance and

hierarchical cluster discrimination with OOD detection

This section presents a novel Framework-III for UCL, emphasizing contrastive learning

methods for maintaining continuous representation. However, as discussed in 4 and 5, chal-

lenges emerge due to imbalanced ratios of positive and negative samples within batches,

which may lead to biasing models toward instance discrimination rather than invariant clus-

tering. To address this issue, we propose an innovative approach that integrates direct in-

stance grouping and cross-level group discrimination along with hierarchical prototypical

clustering. It helps in capturing the inherent semantic structures present in the data. In the

subsequent sections, we elaborate on each component of the Framework-III.

Building on the contrastive loss L from Chapter 4, we use a feature extractor GΩ with

noise contrastive estimation (NCE) as in (4.1) to learn representations by aligning aug-

mented views of the same instance while separating others, as shown in Figure 6.1(e) and

Figure 6.2.

As discussed earlier, this loss function L comprises three components: (1) instance-level

discrimination for distinctiveness, (2) cross-level clustering for semantic grouping, and (3)

pseudo-instance discrimination for OOD separation.

6.1.1.1 Learning invariant mapping via instance level discrimination

Training models to identify similar representations of augmented images involves cap-

turing intrinsic characteristics that remain consistent despite various transformations. This

section reuses the SimSiam [53] based instance-level discrimination discussed in §5.1.1.1.

As shown by a yellow branch in the multi-tasking loss function in Figure 6.1.(c) and yellow
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Figure 6.1: Overview of the Proposed Framework-III. (a). The augmentation block includes
various techniques for augmenting the current batch of samples. (b). Feature extractor GΩ

is trained using the information bottleneck principle. Its output is fed into a loss function
via projectors: Projector 1 for instance-level discrimination, Projector 2 for prototypical
hierarchical cross-level cluster discrimination, and Projector 3 for pseudo-instance group
cross-level discrimination. (c). Multi-tasking Loss function, expanded details can be found
in Figure 6.2. (d). Subnetwork masking using information bottleneck.

110



CHAPTER 6. IMPROVING NETWORK CAPACITY WITH SUB-NETWORK
MASKING AND ACCURACY THROUGH HIERARCHICAL REPRESENTATION
LEARNING

box in Figure 6.2, we use a shared encoder GΩ along with prediction and projection heads

(FI , HI) to minimize the symmetric cosine distance between augmented views, following

the formulation in Equation (5.1).

6.1.1.2 Prototypical hierarchical cross-level cluster discrimination

As discussed in 4.1.1.2, organizing instances into groups is crucial for determining their

similarity, rather than just focusing on individual discrimination. This is necessary be-

cause discrimination on an individual level may compromise both stability and effective-

ness. However, previous research suggests that clustering can result from attraction as well

as shared repulsion. Relying solely on instance clustering may also lead to problems like

grouping dissimilar instances [33]. Therefore, in Framework-III as well, our endeavors are

twofold: first, to direct each instance towards its associated cluster, and second, to simulta-

neously repel distant clusters associated with other instances.

Prototypical contrastive learning endeavors to create condensed representations of im-

ages within a latent space, ensuring close proximity to their respective cluster centers. While

traditional approaches [31, 32] typically compare an image with a singular set of prototypes,

this overlooks potential semantic relationships with multiple clusters. Instead of solely asso-

ciating an image with the most similar prototypes, it is beneficial to consider other clusters

as well, which are then regarded as negative samples. Consequently, we employ hierarchi-

cal prototypes to represent semantic structures in data and dynamically update them during

training. By leveraging these hierarchical semantic representations, we aim to enhance tradi-

tional instance-wise and prototypical contrastive learning. This involves optimizing positive

and negative pair selections to better align with the semantic structures.

Mathematically, for a given image x, semantic similarity S between its δ-dimensional
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Figure 6.2: Overview of the multitasking loss function in Framework-III. To improve rep-
resentation learning via unsupervised contrastive loss, it creates a representation F(x) for
the augmented views xa

i and xb
i of an input image xi. This representation is used in three

branches: instance-level discrimination (FI), hierarchical cross-level cluster discrimination
(FG), and pseudo-instance cluster discrimination for OOD detection (FPG). Computation
is symmetrical across different augmentations of the same instance.
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representation vector r and prototype g can be defined as follows, as explained in PCL[32],

S(r, g) = r · g
ρg

, ρg =

∑
ri∈Rg

||ri − g||2
|Rg| log(|Rg|+ φ)

(6.1)

where, r ∈ R such that R = {r1, r2, . . . , rn}, g ∈ G such that G is a set of hierarchical

prototypes, Rg comprises the representations of the images assigned to cluster g, and φ acts

as a smoothing parameter to balance the scale of temperature ρg across various clusters.

Out of Vh prototypes, the most similar prototype of a given images x at the hth hierarchy,

is defined as

gh(r) = arg max
g∈{ghi }

Vh
i=1

S(r, g) (6.2)

To avoid pushing an image too far from the relevant cluster, we use prototypical contrast

with candidates that are semantically distant from the positive cluster gh(r). Hierarchical

prototypes help us achieve this by capturing semantic structures.

The parent node of gh(r) is denoted as Parent(gh(r)). The parent cluster summarizes

the common semantics of the child cluster at each hierarchy. The negative clusters for an

image share a low semantic correlation. The probability of selecting a negative candidate

mh
select(gj; g

h(r)) = 1− exp[S(gj, Parent(gh(r)))]∑Vh+1

i=1 exp[S(gj, gh+1
i )]

(6.3)

Bernoulli sampling is conducted on each negative candidate to select the negative sam-

ples that are more semantically distant from gh(r) for prototypical contrast.

Mh
select(g

h(r)) = {gj;B(mh
select(gj; g

h(r))) | (gj ∈ Mh)} (6.4)

Positive pairs (r, gh(r)) are contrasted with the negative samples, and the hierarchical

discriminative loss function is defined as
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LHD = Ex∼Dτ

[
1

H

H∑
h=1

LProtoNCE(r, g
h(r),Mh

select(g
h(r)))

]
(6.5)

here LProtoNCE is same as L defined in Equation (4.1) and in [32], Dτ denoted the data

distribution. In the above formulation, the positive pair (r, gh(r)) captures the relationship

between the instance and its corresponding prototype at a specific hierarchy level.

As shown by a green color branch in multi-tasking loss function in Figure 6.1.(c) and

green box in Figure 6.2, for the prototypical hierarchical cross-level cluster discrimination,

K-means is applied to FG(x
a
i ) to identify j centroids, denoted as {C1, ..., Cj}, with instance

i assigned to centroid α(i). Corresponding elements in the alternative view are FG(x
b
i),

{C ′
1, ..., C ′

j}, and α′(i).

For cross-level discrimination between instances, a contrastive loss is employed between

feature FG(x
a
i ) and centroids C ′ based on grouping α′, and vice versa for xb

i . When dealing

with two similar instances like xa
i and xb

i , they are separated by the instance-level contrastive

loss (LILD) but brought closer by the hierarchical cross-level contrastive loss (LHCLD),

distancing themselves from common negative groups. The hierarchical cross-level cluster

discrimination can be defined as:

LHCLD = LHD(FG(x
a
i ), C

′
α(i), C

′
̸=α(i)) (6.6)

here, C ′
α(i) is the centroid of the cluster α′(i) derived from the clustering of FG(x

b
i), this acts

as the positive sample to be attracted. The rest of the cluster centroids C ′
̸=α(i) act as negative

samples to be repelled.

Implementation details: The loss LHCLD in equation (6.6) can be interpreted as a normal-

ized prediction score indicating the belongingness of FG(xi) to the Cα(i) cluster. Minimiz-

ing this loss is equivalent to reducing the cross-entropy between the hard cluster assignment
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of Cα(i) and the soft cluster assignment of C ′
α(i). Our training objective is to embed an in-

stance to be similar to a group of related instances, hence referred to as coarse-grained.

Limitations: Combining instance-level and prototypical hierarchical cross-level discrim-

ination effectively distinguishes correlated instances and preserves semantic groupings

within a distribution. However, it is also susceptible to misclassifying samples from one

task as the most similar to samples from another task. To address this, we employ cross-

level pseudo-instance cluster discrimination to learn OOD detection for identifying clear

task boundaries.

6.1.1.3 Cross-level pseudo cluster discrimination to learn OOD detection

As previously discussed in Chapter 4, cross-level pseudo group discrimination enhances

OOD detection by simulating pseudo-OOD samples via rotation augmentations. It supports

the model to distinguish between ID and OOD data within a contrastive learning framework.

As shown by the blue branch in Figure 6.1.(c) and the blue box in Figure 6.2, we use

an additional projection head FPG to compute a distribution-level contrastive loss, LOOD.

We treat each rotation angle as a separate cluster. Unlike the earlier cluster-based approach

discussed in §6.1.1.2, pseudo-label-based cluster guides this loss, enabling more effective

OOD separation at the representation level. This loss function LOOD is the same as dis-

cussed in Equation (4.4).

Implementation details: This loss can be interpreted as cross-entropy between the hard

assignment of the distribution-level cluster Rθ and the soft assignment R′
θ predicted by

FPG.

Advantage: As discussed in §6.2.5, incorporating LOOD into L improves accuracy.

Intuitively, a model discerning OOD and ID data also learns more descriptive features.
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6.1.2 Subnetwork masking using information bottleneck

A neural network can be conceptualized as a Markov Chain, progressing from input to

output through a sequence of hidden layers:

x → l1 → l2 → . . . → lN → ô → o (6.7)

In this architecture, each hidden layer extracts insights from its predecessor, allowing the

final layer to estimate the true probability distribution p(o) using output probability distribu-

tion p(ô|lN). Training improves accuracy in predicting p(o), though internal representations

may include unnecessary details [38, 39]. The information bottleneck process introduces a

constraint for minimizing redundancy between adjacent layers [39]. This constraint aims to

identify the mapping
∑N

n=1 fn between layers that learns the maximum information through

optimal compression of the adjacent layers, ensuring the extraction of sufficient mapping.

This process minimizes the mutual information I(ln; ln−1), while maximizes the mutual in-

formation I(ln; o) simultaneously. The optimal representation of finding ln is defined by

minimizing the following Lagrangian function:

Ln = ςnI(ln; ln−1)− I(ln; o) (6.8)

here, the Lagrangian multiplier ς ≥ 0 acts as a trade-off parameter, determining the balance

between compressing the representation and retaining pertinent information.

Variational inference is employed to make equation (6.8) computationally solvable. Par-

ticularly, we apply variational distribution of q(ln) and q(o|lN) to approximate the distribu-

tion of p(ln) and p(o|lN). This process yields an upper bound for Ln:

Ln ≤ L̂n = ςnEln−1∼p(ln−1|x) [KL [p(ln|ln−1)||q(ln)]]− El∼p(l|x) [log q(o|lN)] (6.9)
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Summing up all the upper bounds of Ln across the network,

LIB =
∑
n

Ln (6.10)

here, the minimum value of LIB is the final variational information bottleneck (IB) loss, it

enables effective information management throughout all layers.

To handle p(ln|ln−1), q(o|lN) and q(ln), we require their parametric distributions. We

incorporate the concept of the IB in the network by utilizing weight reparameterization.

This allows us to select specific weights for each task and helps in integrating IB masking

into CL.

ln = fn(ln−1, (µn + ϵn ⊙ σn)⊙Wn) (6.11)

here, ϵn represents a randomly sampled parameter from N (0, I), while µn and σn are the

learnable variational parameters. Bias is excluded in all layers to reduce complexity. The

parameterized form of p(ln|ln−1) is defined as:

p(ln|ln−1) = N (ln; fn(Wnln−1 ⊙ µn), diag[fn(W 2
n l

2
n−1 ⊙ σ2

n)]) (6.12)

Next, we define q(ln) as a Gaussian distribution:

q(ln) = N (ln; 0, diag[ξn]) (6.13)

here, ξn is a learnable variance. These Gaussian assumptions enable an interpretable and

closed-form estimate for the KL term in equation (6.9), allowing direct optimization of ξn.

After some algebraic transformations, we arrive at the updated final loss function.

LIB =
N∑

n=1

[
ςn log

(
1 +

µ2

σ2

)]
− LEl∼p(l|x) [log q(o|lN)] (6.14)
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where the parameter ς offers flexibility in adjusting the compression ratio across each layer.

A subnetwork devoid of redundancy is formed by pruning expandable weights and re-

taining selected weights. Certain weights are chosen to build a binary mask, preserving

variational parameters for inference. This allows for the reconstruction of the hidden repre-

sentation of ln.

T τ
n = (µn + ϵn ⊙ σn)⊙ Zn,

ln = f(ln−1, T
τ
n ⊙Wn).

(6.15)

here, Zn represents the binary matrix for each layer. Since activated weights are much fewer

than the total parameters, the cost of saving these variational parameters is minimal. It helps

in creating a non-redundant sub-network for the current task.

Mitigating catastrophic forgetting: During CL, as the network undergoes training for new

tasks, prior masks are combined. It retains crucial information pertaining to all preceding

tasks.

Z = 0, Zall =
τ∑

i=1

Zi ∥ Z (6.16)

here, Zall represents weights that retain valuable information from all past tasks, and ∥ de-

notes or operation. When training on a new task, we adjust the gradients ∇WL of the

weights during backpropagation according to the previously learned binary masks by effec-

tively freezing the weights selected for the prior tasks.

∇WL = ∇WL ⊙ (1− Zall), (6.17)

Reinitialization of variational parameters: Freezing the subnetworks related to old tasks

can impede knowledge transfer when learning new tasks. To address this, we opt to utilize
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the variational parameters selected by the previous masks and then reinitialize the remaining

ones.

µn = µn ⊙ Zall,n + µrandom ⊙ (1− Zall,n),

σn = σn ⊙ Zall,n + σrandom ⊙ (1− Zall,n).

(6.18)

This re-initialization process allows optimization to avoid local minima and aids in selecting

relevant knowledge while disregarding redundant information.

Feature factorization: Since lower layers focus on visual features and higher layers on

semantic information, each layer requires different compression ratios. We analyze hid-

den representations to set these ratios adaptively. In CL, SVD is commonly employed to

factorize the hidden representations in these subnetworks. H = AΣBT ∈ Ri×j where

A ∈ Ri×i, B ∈ Rj×j are orthogonal and Σ consists of the sorted singular values along

its main diagonal. We apply SVD on ln = AnΣnBT
n to analyze the distribution of the hidden

representation, followed by its k-rank approximation, (ln)k based on a specified threshold

δ:

∥(ln)k∥2F ≥ δ∥(ln)∥2F , (6.19)

where, δ (0 < δ < 1) serves as the threshold hyperparameter, and F denotes the Frobenius

norm. By applying the k-rank approximation, the first k vectors in A capture the significant

representations, as they include all directions associated with the highest singular values.

Hence, the ratio of k across all channels determines the ultimate compression ratio for layer

n. As the feature distribution changes during training, we carry out this decomposition at

each E epoch to dynamically adjust the ratio, allowing for more accurate compression.

6.1.3 Overall objective function

The final objective to be minimized for task τ is as follows (see in Figure 6.1.(c))
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L = LILD + γHCLD LHCLD + γOOD LOOD + γIB LIB (6.20)

here, LILD, LHCLD, LOOD, and LIB denote the loss function for instance-level discrim-

ination, hierarchical cross-level cluster discrimination, pseudo-group level discrimination

for OOD detection, and information bottleneck loss respectively. L represents the overall

loss function or can be referred to as a multi-tasking loss function. γHCLD, γOOD, and γIB

denotes positive scaling parameter for the respective loss function.

6.2 Experimental Analysis

This section provides an overview of (1) baselines, (2) training and evaluation setup, (3)

hyperparameter settings, and (4) results and comparative analysis.

6.2.1 Baselines

For the naming convention, the proposed Framework-III, incorporates cross-level dis-

crimination of instances and hierarchical prototypical clusters along with IB subnetwork

masking. We compare Framework-III with both classic and most recent SOTA methods.

Similar to Framework-I and Framework-II for the baselines of Framework-III as well, we

consider four unsupervised methods, i.e., SI [16], DER [14], PNN [9], LUMP [11], along

with one supervised method, Co2L [12]. Additionally, we included Framework-II [2] as

the fifth UCL baseline. We also compare Framework-III with its preceding variants that we

explored before finalizing it.
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6.2.2 Training and evaluation setup

The overall training and evaluation setup is mostly consistent with those described in

Section §4.2.2. The primary differences lie in the proposed model architecture and variants

used in Framework-III. Specifically, we adjusted the ResNet-18 architecture to incorporate

IB subnetwork masking for feature extraction. For the proposed Framework-III and its vari-

ants detailed in Table 6.8, we implemented the LARS optimization function [130] with the

same learning rate schedule as before in Framework-I and Framework-II. Baseline meth-

ods are trained using SGD with identical settings, and all evaluations are conducted using a

KNN classifier [52]. Additional information on hyperparameter configurations is presented

in the following section.

6.2.3 Hyperparameters setting

Assessing the impact of hyperparameters on performance is crucial in any machine

learning algorithm. In the proposed Framework-III, there exists a collection of hyperparam-

eters that influence performance. To determine the optimal hyperparameters for each ap-

proach, we performed a grid search using a task sequence determined by a single seed. The

configuration of optimal hyperparameters of Framework-III and its variants for all datasets

is provided in Table 6.1, 6.2, 6.3, 6.4, 6.5. The hyperparameter values for all baseline mod-

els across all benchmark datasets are available in Tables 4.2, 4.3, and 4.4. Framework-III

uses a similar set of temperature parameters as Framework-II, ρILD, ρHCLD, and ρOOD, for

instance-level, group-level, and pseudo-group-level contrastive losses, respectively. It also

includes scaling factors γR,γHCLD, γOOD, and γIB for regularization, hierarchical cross-

level, pseudo-group-level, and information bottleneck losses, respectively. In addition, we

use cluster counts Ci and threshold values s and smax. These hyperparameters are fine-

tuned to accommodate the IB subnetwork masking and hierarchical prototypical cross-level
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discrimination introduced in this chapter. The sensitivity analysis of hierarchical prototype

configurations for Framework-III across datasets is detailed in §6.2.3.3 and presented in Ta-

bles 6.4 and 6.5. For IB subnetwork masking, the feature factorization threshold (δ) is set

to 0.97, and the epoch interval (E) is set to 50. The sensitivity analysis for the threshold

δ is detailed in §6.2.3.1, while the analysis for the feature factorization frequency (E) is

provided in §6.2.3.2.

In this section, we present the hyperparameter details for baseline models and variants

of Framework-III across all datasets determined via grid search.

6.2.3.1 Sensitivity analysis of Framework-III for varying threshold δ

As stated in (6.19), when δ is large within the range (0 < δ < 1), the top k singular

vectors with the highest singular values can be extracted with minimal performance loss.

The ratio of k across all channels determines the overall compression ratio for each layer.

As outlined in Equation 4 of [146], when δ is isolated on the left side of the equation, it must

be a small to maintain stability. As shown in Table 6.2, we performed a sensitivity analysis

on the CH-20T and I1H20T datasets to determine the optimal δ, testing values of 0.90, 0.95,

0.97, and 1.0. The highest performance is observed at δ = 0.97, achieving accuracies of

83.98% and 78.68%, with forgetting rates of 0.0005% and 0.001%, respectively. Based on

this analysis, we set δ = 0.97 as the default value for all experiments.

6.2.3.2 Sensitivity analysis of feature factorization frequency

To assess the impact of the feature factorization interval E, we conducted experiments

on CH-20T and I1H20T using ResNet-18. Table 6.3 presents the results of the Framework-

III with and without the feature factorization module at various training epochs (10, 25, 50,

100, and 150). The results indicate that all variants with the feature factorization module
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Table 6.1: Optimal hyperparameter values for variants of Framework-III across datasets
determined via grid search. Further details on the other hyperparameters that are not covered
here are available in [2].

Dataset τILD τGCD τOOD γGCD γHCLD γOOD γR Ci γIB

M-5T 0.1 0.1 0.1 0.5 0.5 0.5 0.25 128 0.5
C-5T 0.1 0.2 0.2 0.5 0.5 0.5 0.5 128 0.5

CH-5T 0.1 0.2 0.2 0.5 0.5 0.5 0.5 150 0.5
CH-10T 0.1 0.2 0.2 0.5 0.5 0.5 1 180 0.5
CH-20T 0.1 0.1 0.1 0.5 0.5 0.5 1.5 200 0.5
I1H-5T 0.1 0.2 0.2 0.5 0.5 0.5 0.5 160 0.5
I1H-10T 0.1 0.1 0.1 0.5 0.5 0.5 1 180 0.5
I1H-20T 0.1 0.1 0.1 0.5 0.5 0.5 1.5 180 0.5
I2H-40T 0.1 0.1 0.1 0.5 0.5 0.5 2 190 0.5
I2H-50T 0.1 0.1 0.1 0.5 0.5 0.5 2.5 200 0.5

I2H-100T 0.1 0.1 0.1 0.5 0.5 0.5 3.5 200 0.5

Table 6.2: Sensitivity analysis of Framework-III on CH-20T and I1H-20T for varying values
of threshold δ

δ
CH-20T I1H-20T

Accuracy (%) Forgetting (%) Accuracy (%) Forgetting (%)
0.9 82.79 0.0017 77.54 0.011
0.95 83.56 0.0013 78.06 0.007
0.97 83.98 0.0005 78.68 0.001

1 83.47 0.025 78.15 0.014

consistently outperform the variant without it, highlighting its effectiveness. Furthermore,

the factorization interval E should neither be too small nor too large. A smaller interval

increases training time due to frequent analysis of hidden representations, reducing effi-

ciency, while a larger interval results in diminished performance. This behavior suggests

that an optimal interval allows the module to effectively analyze feature distributions over

time and adjust the compression ratio, enhancing overall performance. Based on these find-

ings, we adopt a 50-epoch interval as the default setting for the main experiments, balancing

performance and efficiency.

6.2.3.3 Sensitivity of hierarchical prototypes configuration

Table 6.4 provides a comparison between single and multiple prototype hierarchies, en-

suring an equivalent total number of prototypes in both cases. In the hierarchical configura-

tion, incorporating two additional prototype hierarchies yields a performance improvement

123



CHAPTER 6. IMPROVING NETWORK CAPACITY WITH SUB-NETWORK
MASKING AND ACCURACY THROUGH HIERARCHICAL REPRESENTATION
LEARNING

Table 6.3: Sensitivity analysis of feature factorization frequency at specific epochs

# Epochs
CH-20T I1H-20T

Accuracy (%) Forgetting (%) Accuracy (%) Forgetting (%)
w/o 80.65 1.39 76.53 1.57
10 81.24 0.43 77.04 0.55
25 82.76 0.12 77.85 0.14
50 83.98 0.0005 78.68 0.001
100 82.63 0.07 77.93 0.09
150 81.80 0.16 77.61 0.20

of 1.12% for CH-20T and 1.05% for I1H-20T, as observed by comparing the second and

fourth rows of Table 6.4. The hierarchical configuration of 200-100-25 demonstrates com-

petitive performance, while other hierarchical structures perform less effectively. These

findings underscore the effectiveness of utilizing hierarchical prototypes, with consistent

patterns of optimal hierarchical structures observed across both datasets. Furthermore, a

similar analysis is conducted across all datasets, with the results summarized in Table 6.5.

Table 6.4: Sensitivity analysis on the number of hierarchies and the number of prototypes
for Framework-III on CH-20T and I1H-20T.

Configuration of CH-20T I1H-20T
hierarchical prototypes Accuracy (%) Accuracy (%)

200 83.33 78.05
400 82.86 77.63

200-50 83.67 78.42
200-100-25 83.98 78.68

200-100-25-5 83.98 78.68

Table 6.5: Optimal Hierarchical prototypes configuration for Framework-III across datasets

Dataset Ci Hierarchical prototypes Accuracy (%)
M-5T 128 128-64-8 99.46
C-5T 128 128-64-8 91.4

CH-5T 150 150-75-15 61.11
CH-10T 180 180-90-18 68.21
CH-20T 200 200-100-25 75.6
I1H-5T 160 160-80-16 54.62

I1H-10T 180 180-90-18 55.39
I1H-20T 180 180-90-18 67.16
I2H-40T 190 190-95-19 61.37
I2H-50T 200 200-100-25 64.05

I2H-100T 200 200-100-25 79.52
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Figure 6.3: Comparison of overall-average Accuracy for Framework-III and baselines on
benchmark datasets across all tasks.

6.2.4 Results and comparative analysis

Tables 6.6, 6.7 and Figures 6.3, 6.4, 6.5, 6.6, show the evaluation results for baselines

and the proposed Framework-III on M-5T, C-5T, CH-5T, CH-10T, CH-20T, I1H-5T, I1H-

10T, I1H-20T, I2H-40T, I2H-50T, and I2H-100T datasets.

6.2.4.1 Overall average-accuracy comparison across tasks

The method of calculating overall-average accuracy across all tasks is explained in §2.4.

In Table 6.6 and Figure 6.3, 6.4, 6.5, we present the overall-average accuracy of the base-

line models. In Table 6.6, the column headers represent the baseline methods, while the

first column contains the names of the benchmark datasets. The last row of this table shows

overall-average accuracy of the respective models and the remaining rows show the accura-

cies of each model on the dataset indicated in the first column. It can be observed from the

last row of Table 6.6, which contains the average accuracy of all models, that Framework-

III achieves a 9.01%, 8.99%, 14.80%, 5.45% and 1.05% improvement compared to SOTA

UCL baselines such as SI, DER, PNN, LUMP, and Framework-II respectively, it can also be

verified from Figure 6.3, 6.4, and 6.5. In all cases, we observe that all the mentioned base-

lines, which represent various CL strategies, i.e. regularization, replay, and architecture,
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yield lower performance compared to the Framework-III, which is based on parameter-

isolation (thus, strengthening the answer in support of RQ2 [§3.5] in case of Framework-III

as well). Outperforming both DER and LUMP indicates that there is no need of a replay

buffer anymore to improve the performance. The improved accuracy compared to PNN

also indicates the effectiveness of Framework-III over architecture-based strategies. The

enhanced accuracy compared to Framework-II demonstrates that Framework-III effectively

captures the hierarchical semantic structures inherent in the data (thus, addressing the RQ6

[§3.5]). Moreover, it achieves performance that is on par with SCL methods like Co2L and

even surpasses it in terms of average performance across all datasets by 5.55%. As shown

in Figures 6.3, 6.4 and 6.5, while Co2L initially shows higher accuracy on early tasks due

to its supervised approach, Framework-III performs better on later tasks by more effectively

managing CF compared to Co2L. This is particularly significant because these improve-

ments are achieved without relying on labeled data. It is important to note that our aim is

not to claim that our approach surpasses all current SOTA SCL baselines, but rather to show

that our method is comparable with these existing baselines.

6.2.4.2 Overall average-forgetting comparison across tasks

The method of calculating overall-average forgetting across all tasks is explained in

§2.4. In Table 6.7 and Figure 6.6, we present the overall-average forgetting of the models.

Framework-III exhibits nearly zero or significantly negligible CF compared to UCL and

SCL baselines. For instance, the SCL baseline Co2L shows an overall-average forgetting

of 14.51%, while UCL baselines SI, DER, PNN, LUMP, and Framework-II demonstrate

6.68%, 6.75%, 0.02%, 4.03%, and 0.015% overall average forgetting, respectively. Achiev-

ing better accuracy with minimal forgetting comparatively Framework-II suggests that the

IB subnetwork masking effectively addresses the capacity saturation problem (therefore,
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Figure 6.4: Performance comparison for Framework-III and baselines on benchmark
datasets across all tasks.
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Figure 6.5: Performance comparison for Framework-III and baselines on variants of Tiny-
ImageNet (I1H & I2H) datasets across tasks ranging from 5 to 100.
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Figure 6.6: Comparison of overall-average Forgetting for Framework-III and baselines on
benchmark datasets across all tasks. Additionally, in Framework-III, almost zero CF is
represented by a vertical red arrow.

addressing the RQ7 [§3.5]). The remarkable reduction in forgetting compared to DER and

LUMP with long and short task-sequences suggests that a replay buffer may no longer

be necessary to address CF (consequently, again confirming the RQ1 [§3.5] in case of

Framework-III as well).

6.2.5 Ablation study

In this section, we evaluate the impact of different components in Framework-III by

performing ablation experiments on benchmark datasets to quantify their contributions to

overall performance. Tables 6.8 and 6.9, show the ablation results for the variants of the

proposed Framework-III on benchmark datasets.

6.2.5.1 Effect of hierarchical prototypical cross-level discrimination

In Table 6.8, the column header lists the variants of Framework-III, while the last row

displays their overall-average accuracy. The table demonstrates that, from right to left, each

successive variant of Framework-III shows gradual improvements in accuracy while main-

taining minimal forgetting in UCL setup. This progression highlights the effectiveness of hi-

erarchical prototypical CLD in the proposed solution. The incremental enhancements across

variants of Framework-III have led to better performance and a reduction in CF compared
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to earlier versions without this feature. From Table 6.8, it is evident that Framework-III

shows significant performance drops with each component removed or replaced: a 1.34%

decrease when hierarchical prototypical CLD is replaced by standard CLD, a 2% drop when

IB masking is substituted with hard attention masking, a 2.93% decrease when the Sim-

Siam loss function is replaced by NPID, and a 5.64% decrease when pseudo-OOD loss is

removed while retaining hard attention masking. The accuracy further decreases by 8.04%

when hard attention masking is removed but the pseudo-OOD loss is present. Overall, the

model experiences a total decrease of 8.64% in accuracy when specific components like

attention masking, OOD, and CLD capabilities are removed. This highlights the impact of

hierarchical prototypical cross-level discrimination and again addresses the RQ6 [§3.5].

6.2.5.2 Effect of information bottleneck subnetwork masking

Table 6.9 from right to left shows a consistent reduction in overall-average forgetting

across successive variants of Framework-III. This indicates the effect of IB subnetwork

masking on the model’s performance. The last row shows that without IB masking or hard

attention masking, and pseudo-OOD capability, the model exhibits significant forgetting

(8.34%). With the inclusion of OOD capability, forgetting slightly decreases to 5.54%, and

with the addition of hard attention, it further reduces. However, hard attention leads to

capacity saturation, which is addressed by IB masking. IB masking not only minimizes for-

getting but also enhances accuracy. These findings indicate that the IB subnetwork masking

mechanism is effective in UCL, consistently performing well across task counts ranging

from 5 to 100 and class counts from 2 to 20. For long task sequences, the IB masking

subnetwork effectively preserves past experiences without encountering capacity saturation

issues, resulting in improved accuracy and minimal forgetting compared to hard attention

masking. Framework-III, which incorporates IB subnetwork masking, hierarchical proto-
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typical cross-level discrimination, and a multi-task loss function, outperforms its variants by

nearly achieving zero forgetting. The incremental improvements, especially the inclusion

of all these capabilities, drive performance gains, reaffirming RQ7 [§3.5].

6.2.5.3 Capacity for extended task sequence

One of the key challenges in parameter isolation methods is the limited network capac-

ity, which leads to the saturation of free parameters as additional tasks are introduced. This

saturation significantly reduces the network’s ability to effectively learn new tasks. To eval-

uate the effectiveness of our method in addressing this challenge, we performed experiments

on extended task sequences ranging from 5 to 100 on CIFAR-100 (CH) and Tiny-ImageNet

(I1H & I2H). The quantitative results are shown in Tables 6.6, 6.7, 6.8, 6.9, 6.10 and Fig-

ures 6.3, 6.4, 6.5, 6.6. Specifically, Figure 6.5 shows the exclusive performance comparison

for Framework-III and baselines on variants of Tiny-ImageNet (I1H & I2H) datasets across

tasks ranging from 5 to 100. The results demonstrate that Framework-III consistently out-

performs other methods while avoiding the challenge of limited capacity. This is achieved

through the reduction of redundancy within sub-networks, which preserves additional ca-

pacity for future tasks. This provides Framework-III with an increased capacity to learn new

tasks, resulting in better overall performance.

6.2.5.4 Impact of reinitialization of variational parameters and feature factorization

in information bottleneck masking

Framework-III has two main components: reinitializing variational parameters to trans-

fer valuable knowledge and feature factorization (FF) to adjust compression ratios. A

component-wise analysis is conducted by gradually integrating each component into a base-

line model that initially excludes feature factorization and reinitialization, using ResNet-18

as the backbone. The experimental findings are presented in Table 6.10. By comparing re-
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Table 6.10: The quantitative results of the ablation studies on feature factorization and reini-
tialization in Framework-III, using ResNet-18 as the backbone, are presented. The terms
“Selected” and “Unselected” refer to the subsets of variational parameters identified by
sub-network masks as either included or excluded, respectively.

Variant FF
Reinitialization CH-20T I1H-20T

Selected Unselected Accuracy (%) Forgetting (%) Accuracy (%) Forgetting (%)
1⃝ ✗ ✗ ✗ 80.65 0.36 1.39 0.48 76.53 0.71 1.57 0.54

2⃝ ✓ ✗ ✗ 81.47 0.52 0.12 0.06 77.16 0.63 0.14 0.08

3⃝ ✓ ✗ ✓ 83.98 0.29 0.0005 0.0003 78.68 0.58 0.001 0.0005

4⃝ ✓ ✓ ✓ 80.39 0.64 0.43 0.25 75.84 0.79 0.55 0.32

sults from 1⃝ and 2⃝, the inclusion of feature factorization leads to a notable improvement in

average accuracy (e.g., in CH-20T: 0.82% and 1H-20T: 0.63%). Feature factorization iden-

tifies the optimal ratios for each layer and adjusts them during training. The results show

that the framework dynamically sets these ratios while retaining past knowledge, reducing

forgetting by 1.27% for CH-20T and 1.44% for 1H-20T. Furthermore, comparing 2⃝ and

3⃝, it is evident that training with reinitialization results in a significant boost in average

accuracy (e.g., in CH-20T: 2.51% and 1H-20T: 1.52%) and a decrease in forgetting (e.g.,

CH-20T: 0.12% to 0.0005%, 1H-20T: 0.14% to 0.001%). This indicates that reinitialization

effectively captures important knowledge while minimizing the adverse effects of redundant

information. Finally, reinitializing the key parameters (i.e., 3⃝ and 4⃝) leads to the poorest

performance on both datasets. This happens because resetting important parameters causes

a loss of previously acquired knowledge.

6.2.5.5 Analysis of the number of model parameters

For all experiments, ResNet-18 serves as the backbone architecture. For CIFAR100

(CH) and Tiny-ImageNet (I1H & I2H), we utilize the same ResNet-18 structure as used

for M-5T and C-5T, with adjustments made to learn the higher complexity of the data.

To increase the model’s capacity for handling multiple tasks and learning richer data dis-

tributions, we specifically double the number of channels in each convolutional layer.
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Table 6.11: Number of network parameters in Framework-III after learning the final task.

Methods → # Without IBM # With IBM Difference (%)
Datasets ↓

M-5T 69933632 69991552 0.00083
C-5T 69933632 69991552 0.00083

CH-5T 109643392 109759232 0.0011
CH-10T 174634112 174884992 0.0014
CH-20T 304615552 305136512 0.0017
I1H-5T 109643392 109759232 0.0011
I1H-10T 174634112 174884992 0.0014
I1H-20T 304615552 305136512 0.0017
I2H-40T 564578432 565639552 0.00188
I2H-50T 694559872 695891072 0.00191

I2H-100T 1344467072 1347148672 0.00199

Framework-III requires task-specific parameters for each task to integrate information bot-

tleneck masking and task-specific heads. Table 6.11 presents the network parameter counts

recorded after training the final task in each experiment. For M-5T, C-5T, CH-5T, CH-

10T, CH-20T, I1H-5T, I1H-10T, I1H-20T, I2H-40T, I2H-50T, and I2H-100T, task-specific

parameters are incorporated. This results in the following percentage differences in pa-

rameter count after each task for the respective dataset: 0.00083%, 0.00083%, 0.0011%,

0.0014%, 0.0017%, 0.0011%, 0.0014%, 0.0017%, 0.00188%, 0.00191%, and 0.00199%.

The slight increases in parameter count help to maintain minimal growth in model com-

plexity while supporting the inclusion of new tasks. Contrastive learning adds task-specific

parameters through projection functions, but these parameters can be discarded during de-

ployment since they are not needed for inference.

6.2.6 Statistical analysis of the results

To ensure the reliability of our results, we performed three independent runs. As the

experiments are conducted on standard datasets with fixed and predefined test sets, no ad-

ditional dataset splitting is required. The evaluation metrics defined in Section 2.4 are used

for statistical analysis.
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Legends for above charts  

Figure 6.7: Box-plots representing Friedman’s test analysis for Framework-III and baselines
on benchmark datasets across all tasks.
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6.2.6.1 Using Friedman’s test to compare results

ANOVA [147], or analysis of variance, evaluates statistical significance by comparing

group mean differences but relies on assumptions like normality, variance homogeneity, and

data independence. For cases where these assumptions are not met, Friedman’s test [148]

serves as a non-parametric alternative. This test reduces data to rank orders and is particu-

larly useful for dependent or non-normally distributed data. In our analysis, we compared

the overall-average accuracy for all baseline methods across three independent runs. Meth-

ods are rank-ordered, and Figure 6.7 presents boxplots illustrating overall-average accuracy

comparisons for the baseline methods. Above each plot, the p-value from Friedman’s test is

shown, demonstrating p < 0.05 in all subplots, indicating statistically significant differences

among the baseline methods.

6.2.6.2 Using post-hoc test to compare results

Friedman’s test (discussed in §6.2.6.1) determines whether there are significant differ-

ences between the methods, but does not indicate where those differences occur. To identify

specific differences, post-hoc pairwise tests are conducted. Since comparing multiple meth-

ods increases the likelihood of finding a significant difference by chance, the significance

threshold is often adjusted using corrections such as the Bonferroni method [149]. This

method divides the original significance threshold by the number of comparisons. While

some argue that this correction is too strict, it is still widely used. Both tests serve distinct

purposes: Friedman’s test assesses the overall differences, while post-hoc tests identify spe-

cific pairwise differences.

In Figure 6.8, we perform post-hoc tests using the pairwise Conover-Friedman test

[150, 151]. The plot shows the significance of the corrected p-values, which indicate the

differences between the methods listed in rows and columns. The diagonal cells, represent-
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Here, pairwise comparison matrix 
are represenrted with cells color-
coded by statistical significance. 

Each cell displays the corrected p-
value, with all cells shaded pink, 

indicating no statistically significant 

Figure 6.8: Significance-plots representing pairwise Conover-Friedman test Analysis for
Framework-III and baselines on benchmark datasets across all tasks.
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Here, Critical Difference Diagram (CDD) illustrating the ranking of methods 
based on average ranks. Horizontal lines between methods indicate less 
statistically significant differences in performance.

Figure 6.9: Critical difference diagram to rank the Framework-III and baselines on bench-
mark datasets across all tasks.

ing comparisons of each method with itself, are white. The intensity of the color in the

cells reflects the level of statistical significance. Corrected p-values greater than 0.05 (NS =

not significant) are shown in pink, while significant p-values appear in progressively darker

shades of green. As anticipated from the results of Friedman’s test, differences between the

baseline methods are observed in Figure 6.8.

6.2.6.3 Using critical difference diagram to compare results

An alternative method for comparing multiple approaches is the Critical Difference Di-

agram (CDD) [151]. In CDD, methods connected by a horizontal line indicate that their

distributions are not significantly different. The vertical line in the diagram represents the

mean rank of each method in independent runs. Figure 6.9 shows the CDD diagram for

the baseline methods. In all subplots, Framework-III consistently ranks higher than the
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other methods. Additionally, the horizontal lines between Framework-III and Framework-II

suggest a less significant difference between them. However, Framework-III outperforms

Framework-II in terms of rank, indicating its superiority.

6.3 Discussion

The primary objective of our research is to tackle CF by using non-redundant sub-

networks and learning multiple semantic hierarchies inherent in the dataset. Similar to

LUMP [11], we initially explored an unsupervised approach that utilizes an instance-level

contrastive loss. However, this method excessively emphasized instance discrimination,

leading to weaker group identification. To improve this, we further experimented to in-

tegrate both instance-level and group-level discrimination within a unified contrastive loss

function, addressing the limitations of each approach when used alone. Despite this en-

hancement, the approach still lacked the representational capability needed to effectively

handle datasets with multiple semantic hierarchies (see §6.2.5). Therefore, we incorporated

cross-level discrimination of instances and hierarchical prototypes within the contrastive

loss function. The details of this method and its benefits are provided in §6.1.1.2. Similarly,

Framework-II uses hard attention and gradient projection to tackle CF in UCL. However,

while it helps in capacity saturation issues associated with hard attention, it does not com-

pletely resolve them. We observe that as the density of the hard attention mask increases for

the longer task sequences such as 40, 50 or 100, the performance gains by the Framework-II

method start to decline. This is because denser masks lead to more sparse overlap, reduc-

ing the number of free parameters available for updating new tasks. Therefore, to address

the aforementioned capacity saturation problem, we integrated the multitasking loss func-

tion with IB subnetwork masking. Additionally, Framework-II struggles to effectively learn

hierarchical structures present in the data, a challenge that Framework-III successfully ad-
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dresses. Despite using prototypical cross-level discrimination to address limitations of IB

subnetwork masking, we found that random initialization in Framework-III is inadequate for

supporting UCL in a class incremental setting, as it hinders effective representation learn-

ing in the network. The IB subnetwork masking struggles to balance the trade-off between

compressing the input and preserving meaningful patterns, particularly in the absence of la-

bels, making it difficult to define relevant information. Additionally, without label guidance

in IB masking, there is a risk of overcompressing the input data, potentially leading to the

loss of crucial latent structures and diminishing the model’s overall performance in class

incremental learning.
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Chapter 7

Conclusion and Future Works

CL addresses the key challenge of CF in traditional models, enabling sequential learn-

ing without retraining from scratch. Initial strategies to address CF focused on replay-based

methods, which reuse past data during retraining. However, concerns about efficiency, ca-

pacity, and privacy have led to the development of memory-free alternatives. This motivated

the creation of a novel framework that achieves near-zero forgetting without relying on a re-

play buffer. Regularization-based methods limit changes to important parameters, but still

struggle to fully prevent CF. Architecture-based approaches allocate separate parameters

per task but lead to linear resource growth by underutilizing network sparsity. Parameter

isolation stands out as an effective strategy, assigning distinct sub-networks to tasks within

a shared structure using masking. However, most CL research, including parameter isola-

tion, focuses on supervised settings, which limits its applicability in real-world scenarios

involving unlabeled or biased data. To bridge this gap, we explore its application in UCL,

demonstrating that effective representation learning is achievable without relying on anno-

tations.

This thesis introduces three progressively improved parameter isolation-based ap-

proaches for UCL, each improving upon the previous to mitigate CF. Together, they offer
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replay-free, architecture-preserving solutions with minimal forgetting in an unsupervised

setting.

In Chapter 4, we proposed Framework-I that combines hard attention masking with

cross-level instance-to-group discrimination to preserve previous task representations and

enable task differentiation without labels. Hard attention conditions feature extractor layers

on task-specific information to mitigate forgetting. To support unsupervised learning, we

use a contrastive loss function, but address its sensitivity to imbalanced positive/negative

sample ratios by combining instance-level and group-level discrimination. This joint mech-

anism improves both fine-grained instance separation and semantic grouping, making it

effective for TIL. However, in CIL, where task boundaries are implicit, this method may

misclassify OOD instances as similar in-distribution samples, increasing vulnerability to ad-

versarial errors. To address this, we introduce pseudo-OOD detection by applying rotation-

based augmentations and training the model to perform cross-level pseudo-group discrim-

ination. This strategy allows the model to assign high scores to in-distribution samples

while suppressing out-of-distribution ones, enabling accurate task boundary detection and

improved model performance in the absence of labels.

Framework-I performs well against SOTA methods but suffers from capacity saturation.

Independent use of hard attention overly constrains parameter updates, limiting learning for

new tasks and increasing forgetting. To address this, Chapter 5 introduces Framework-II,

which incorporates gradient projection to guide parameter updates in directions orthogo-

nal to the gradient subspaces of previous tasks. This balances hard attention and gradient

constraints, mitigating their individual drawbacks. Additionally, Framework-II enhances

pseudo-OOD detection using evidential deep learning, combining cross-entropy with evi-

dential KL-divergence on rotation-augmented pseudo labels to better quantify uncertainty.

This improves both TIL and CIL accuracy by enabling the model to learn more discrimina-
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tive and descriptive features to distinguish ID from OOD data.

Relying solely on weight magnitude for hard attention can retain irrelevant weights and

redundant subnetworks, leading to capacity saturation. To address this, Chapter 6 presents a

subnetwork masking based on IB theory, which reduces redundancy by preserving essential

parameters and directing irrelevant information to expendable ones. This optimizes inter-

layer mutual information for constructing efficient, redundancy-free subnetworks. Although

IB-based masking has shown promise in SCL, its application in UCL is challenging due to

the lack of labels, increasing the risk of overcompression and loss of vital features. To over-

come this, we emphasize grouping instances over individual discrimination, as individual-

level contrast can reduce both stability and effectiveness. However, clustering alone can

misgroup dissimilar instances due to shared repulsion. Thus, we guide instances toward

their clusters while repelling unrelated ones. We enhance this with hierarchical prototypical

contrastive learning, where each image is compared not just to one, but to multiple clus-

ters, treated as positive and negative samples accordingly. These hierarchical prototypes,

dynamically updated during training, capture deeper semantic relationships. The combined

use of IB subnetwork masking and hierarchical cross-level discrimination ensures retention

of relevant information and mitigates overcompression, effectively balancing stability and

plasticity in UCL.

Extensive experiments prove that the proposed frameworks show substantial perfor-

mance gains over standard replay-based, regularization-based, and architecture-based base-

line methods, highlighting the effectiveness of the parameter isolation-based approach in

the UCL setup. It also bridges the gap in performance and forgetting rates between SCL

and UCL.
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7.1 Future Scope of the Work

Although the proposed parameter isolation-based frameworks for UCL demonstrate

good performance and scalability, several avenues remain open for further exploration and

improvement:

☞ Addressing Network Capacity Saturation

● Although the proposed frameworks have been validated on up to 100 tasks us-

ing hard attention mechanisms, network capacity tends to saturate as task count

increases.

● This saturation restricts the model’s ability to learn new tasks effectively.

● Future Work: Investigate advanced and complementary strategies (e.g., dy-

namic sparsification, low-rank adaptation, or modular routing) to mitigate ca-

pacity limitations without compromising performance.

☞ Enhancing IB Techniques

● Existing IB-based UCL methods i.e. Framework-III, often rely on variational

approximation and distributional assumptions to estimate the lower bound of

mutual information, making them computationally expensive and less effective

in hierarchical or long-tailed datasets.

● Future Work:

● Explore differentiable and assumption-free IB formulations (e.g., [152,

153]) to reduce computational overhead and improve performance on long

sequence datasets.

● Investigate task-aware or dynamic IB masking strategies that adjust infor-

mation compression based on task difficulty or novelty.
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☞ Enabling both Backward and Forward Knowledge Transfer

● This study aims to mitigate CF by limiting updates to old task parameters,

though this may restrict knowledge transfer from new to old tasks, potentially

hindering overall learning improvement.

● Future Work:

● To address this, a strategy like CUBER [154] can be used, which first iden-

tifies positively correlated old tasks at the layer level, then selectively up-

dates parameters by projecting gradients onto their input subspaces during

new task learning.

● Explore adaptive parameter-sharing mechanisms or meta-regularization

strategies that selectively allow beneficial updates.

● Incorporating unsupervised knowledge distillation or mutual information

alignment between tasks could promote bidirectional transfer while still

preserving old task knowledge.

☞ Exploring Task-agnostic and Meta-learning Strategies

● The current methods are task-specific in their masking and isolation strategies.

● Future Work:

● Investigate task-agnostic UCL approaches that do not rely on clear task

boundaries.

● Integrate meta-learning to enable fast adaptation to new tasks with minimal

forgetting.

☞ Extending to Diverse CL Settings
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● Current validation has been primarily conducted in offline and class-balanced

CL setups.

● Future Work:

● Evaluate performance in online CL, where data arrives sequentially and

decisions must be made in real-time.

● Extend experiments to class-imbalanced and few-shot CL scenarios, which

are common in real-world applications but challenging for most CL algo-

rithms.

☞ Generalizing Beyond Classification

● The current focus of this work is on classification tasks.

● Future Work: Adapt and validate the proposed approaches in other domains

such as:

● Object Detection (e.g., [155])

● Semantic Segmentation (e.g., [156])

● Multi-modal CL, combining vision, language, and audio modalities (e.g.,

[157, 158])

These future directions aim to broaden the applicability and robustness of parameter

isolation-based UCL methods, moving closer to truly scalable, generalizable, and efficient

lifelong learning systems.
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