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Abstract

Continual learning in vision-language models faces the fundamental challenge of catas-
trophic forgetting, where adaptation to new domains results in loss of previously learned
knowledge. While current episodic memory approaches rely on random sampling, a
critical question emerges: can strategic sample selection significantly improve continual
learning performance beyond computationally efficient random approaches?

This thesis introduces Active Learning for Continual Image Captioning Enhancement
(ALCIE), systematically comparing uncertainty-based sampling, diversity-based sam-
pling, hybrid strategies, and random sampling baselines across Bootstrapping Language-
Image Pre-training (BLIP-2) and One For All (OFA) architectures. Experiments on the
Fashion Captioning Dataset (FACAD) dataset simulate continual learning across six
sequential fashion domains, with evaluation using both standard captioning metrics and
human assessment to ensure comprehensive analysis.

Our investigation reveals counterintuitive findings that challenge fundamental as-
sumptions about memory strategy optimization. Although diversity sampling initially
achieves superior early transition stability (56% vs 30-36% retention), all strategies ex-
hibit universal early transition vulnerability with severe performance drops during
initial domain shifts. Most significantly, we discover a systematic lexical-semantic for-
getting disconnect that reframes understanding of catastrophic forgetting: while lexical
generation suffers severe degradation (0-35% retention), semantic understanding re-
mains remarkably stable (86-93% retention) across all approaches. This pattern holds
consistently regardless of memory strategy sophistication, suggesting that catastrophic
forgetting primarily affects surface-level capabilities rather than fundamental knowledge
preservation.

Human evaluation validates these technical findings, with 15 participants showing
practical equivalence among strategies despite substantial metric differences. The lexical-
semantic disconnect explains why computationally efficient random sampling achieves
competitive performance: sophisticated memory strategies primarily optimize surface-
level generation while essential semantic capabilities remain stable regardless of algorith-
mic complexity. These paradigm-shifting findings establish that computational efficiency
should be prioritized over sophistication, fundamentally redirecting continual learning
research toward addressing forgetting mechanisms rather than optimizing memory se-
lection complexity.

Keywords: Continual Learning, Image Captioning, Episodic Memory, Active Learning,
Catastrophic Forgetting, Vision-Language Models, Human Evaluation
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Chapter 1
Introduction

This chapter establishes the foundation for investigating strategic memory management in
continual image captioning systems. We begin with an examination of the fundamental chal-
lenges facing current image captioning approaches, particularly the limitations imposed
by Catastrophic Forgetting (CF) and resource constraints in real-world implementation
scenarios (section 1.1). Building upon this analysis, we introduce our proposed research
framework and outline the key contributions of this research, demonstrating how Active
Learning (AL) principles can be systematically integrated with episodic memory selection to
enhance Continual Learning (CL) performance (section 1.2).

1.1 Motivation and Problem Statement

1.1.1 Current Limitations in Image Captioning Systems

Image Captioning (IC) aims to automatically generate natural language descriptions that
accurately capture visual content, semantic relationships, and contextual information
within images. The field has evolved from template-based systems through retrieval
methods to modern encoder-decoder architectures enhanced by attention mechanisms
and transformer designs [11, 1, 3]. This progression has established strong performance
in controlled settings, yet significant challenges remain for real-world deployment.

The transition from laboratory settings to real-world implementation reveals critical
limitations. Unlike static training environments where models are trained once on large,
curated datasets, practical applications require systems that can incrementally adapt to
new domains, user preferences, and evolving visual content [12]. For example, a fashion
e-commerce platform may need to generate product descriptions for new clothing styles,
seasonal collections, and regional preferences, requiring the system to learn terminology
and concepts while retaining knowledge of previously learned categories.

1
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1.1.2 Continual Learning Paradigm

CL represents a machine learning paradigm that enables artificial intelligence systems to
acquire knowledge incrementally from a succession of tasks while preserving previously
learned capabilities [13]. Unlike conventional machine learning approaches that assume
simultaneous access to complete datasets during training, CL addresses scenarios where
data becomes available progressively across distinct task domains, requiring models to
adapt continuously without experiencing performance degradation on prior tasks. This
paradigm proves particularly relevant for IC systems deployed in dynamic environments
where new visual domains, linguistic patterns, or user requirements emerge over time,
necessitating adaptive learning mechanisms that maintain historical knowledge while
incorporating novel information.

1.1.3 The Challenge of Catastrophic Forgetting

CF represents the most significant obstacle to effective CL across machine learning
domains. This phenomenon, first formally characterized by McCloskey and Cohen in
1989 [14], arises when neural networks acquire new tasks or adapt to novel domains,
resulting in marked performance degradation on previously learned tasks, as illustrated
in Figure 1.1. The challenge is particularly pronounced in gradient-based optimization,
where iterative parameter updates to minimize loss on new data systematically overwrite
previously acquired knowledge [15].

Figure 1.1: Catastrophic forgetting phenomenon in neural networks. Each task performs
well during learning (solid lines) but experiences severe degradation when subsequent
tasks are learned (dashed lines), demonstrating the fundamental challenge in CL scenar-
ios.
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The fundamental challenge in CL lies in achieving optimal balance between plasticity:
the capacity to learn new information, and stability: the retention of previously acquired
knowledge. Traditional neural network training typically overwrites existing parameters
when learning new tasks, leading to performance degradation on previously mastered
domains. This plasticity-stability trade-off becomes increasingly difficult to manage as
the number of CL tasks increases [13].

Within CL, several mitigation strategies have been proposed, including Elastic Weight
Consolidation (EWC) [15], Gradient Episodic Memory (GEM) [16], and knowledge distillation
techniques [17]. These approaches, however, often require careful hyperparameter tuning
and may not scale effectively to the complex, multimodal nature of IC tasks, where both
visual and linguistic representations must be preserved simultaneously.

1.1.4 Memory Management and Strategic Selection Challenges

While CF presents a fundamental challenge, strategic memory management is equally
critical. Practical implementation of CL systems involves constraints related to memory
usage and computational efficiency [13]. Storing all previously encountered training
examples, known as rehearsal [18], is often impractical due to storage limitations and
computational overhead during training [19, 16]. Consequently, selective episodic memory
mechanisms that can identify and retain the most informative examples while operating
within limited memory constraints are essential.

This challenge is particularly pronounced in Interactive Machine Learning (IML) scenar-
ios, where systems must continually incorporate user feedback while operating under
strict memory constraints. These limitations create a fundamental trade-off between
memory efficiency and the retention of previously acquired knowledge. As the size of
episodic memory buffers increases, research has shown that computational and storage
demands rise significantly [16]. In response, alternatives such as Averaged Gradient
Episodic Memory (A-GEM) [20] have been developed to maintain competitive perfor-
mance while substantially reducing computational requirements.

Many CL approaches rely on random sampling or simple heuristics to select which examples
are retained in episodic memory buffers [12, 18, 21]. However, such strategies often fail
to optimize memory utilization, potentially retaining redundant or less informative
instances while discarding more valuable examples. This limitation underscores the need
for principled and adaptive memory selection strategies to maximize learning outcomes
in resource-constrained environments [19].

1.1.5 Active Learning Integration Opportunity

The integration of AL principles with episodic memory management represents an
underexplored opportunity for improving CL performance. AL focuses on identifying
the most informative examples for annotation [22], demonstrating significant potential
for reducing annotation costs while enhancing model performance across various tasks.

Strategic sample selection approaches include: uncertainty sampling (selecting examples
where model confidence is lowest), diversity sampling (ensuring comprehensive input
space coverage), and hybrid sampling that combine both criteria [23, 24, 25]. Recent work
in continual AL [26] has shown that AL can be effectively combined with replay-based
CL algorithms, highlighting the potential for this integration in vision-language tasks.



4

The emergence of continual AL further highlights the value of integrating AL principles
with CL frameworks. Recent studies have shown that AL can be effectively combined
with replay-based CL algorithms, accelerating training and sustaining model perfor-
mance over sequential tasks [26]. These advances underscore that the convergence of AL
and CL constitutes a promising research direction with substantial practical implications
for adaptive vision-language systems.

1.1.6 Research Synthesis and Core Challenge

The strategic selection of examples for episodic memory storage represents a critical but
underexplored research direction in CL for IC. Current episodic memory approaches
for IC systems primarily rely on random sampling strategies, which may not effectively
capture the most informative user interactions [12]. This limitation becomes particularly
pronounced in resource-constrained environments where memory capacity is limited
and every stored example must contribute maximally to the model’s learning process.

The convergence of AL, CL, and IML presents a unique opportunity to address funda-
mental challenges in adaptive IC systems. While AL has been extensively studied in
traditional supervised learning contexts [22], its integration with episodic memory mecha-
nisms for CL remains largely unexplored [13, 27], with even fewer studies addressing
vision-language tasks.

Central Research Challenge: This thesis systematically investigates whether strategic
sample selection can significantly improve CL performance in IC tasks beyond random
sampling baselines. We address the fundamental question of whether replacing random
episodic memory selection with principled AL strategies: uncertainty sampling, diversity
sampling, and hybrid sampling approaches can effectively mitigate CF while maintaining
computational efficiency.

Through controlled experiments across multiple fashion categories of Fashion Captioning
Dataset (FACAD) [28] using both Bootstrapping Language-Image Pre-training (BLIP-2)[3]
and One For All (OFA) [2] architectures, we evaluate the comparative effectiveness of
memory management strategies in sequential learning scenarios. This investigation
directly challenges the assumption that algorithmic sophistication necessarily outper-
forms simple baselines, while establishing whether technical improvements translate to
meaningful user experience benefits.

1.1.7 Research Questions

Building upon this central challenge, this thesis addresses the following fundamental
research questions:

RQ1: Memory Strategy Effectiveness and Architecture Dependency

How do different episodic memory management strategies affect catastrophic forgetting mitiga-
tion in continual learning for vision-language models, and how does model architecture
influence strategy effectiveness?

RQ2: Lexical versus Semantic Forgetting Patterns

How does catastrophic forgetting differentially affect lexical generation capabilities versus
semantic understanding preservation, and what implications does this distinction have for
memory strategy selection and evaluation frameworks?

RQ3: Memory Capacity Optimization and Resource Efficiency
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What is the relationship between memory buffer capacity and continual learning performance,
and under what conditions does constrained memory outperform unlimited memory?

1.2 Research Framework and Contributions

1.2.1 The ALCIE Framework

This research introduces Active Learning for Continual Image Captioning Enhancement (AL-
CIE), a framework that systematically advances beyond our previous random sampling
approach [12] by integrating AL principles with episodic memory selection in continual IC
systems.

Our approach centers on three key methodological innovations:

Intelligent Sample Selection: Developing multiple selection strategies tailored for
episodic memory retention in continual multimodal learning, including uncertainty
sampling using our proposed Mean Token Entropy (MTE) [29], diversity sampling em-
ploying K-means clustering on Contrastive Language–Image Pretraining (CLIP) [10] feature
representations, and hybrid sampling that adaptively combines both criteria using the
Hybrid Uncertainty and Diversity Sampling (HUDS) framework [25].

Multi-Architecture Framework: Evaluation across different state-of-the-art vision-
language models, including BLIP-2 [3] and OFA [2], revealing architecture-dependent
strategy effectiveness patterns.

Comprehensive Evaluation Protocol: Establishing a rigorous evaluation methodology
that combines automated metrics with human assessment, enabling thorough validation
across multiple dimensions of caption quality and learning effectiveness.

1. Strategic Memory Management Framework: We systematically compare AL-
based memory selection strategies against random sampling baselines, revealing
architecture-dependent strategy effectiveness patterns and challenging assump-
tions about the necessity of sophisticated memory management in CL.

2. Methodological Innovation: We develop multimodal uncertainty sampling and
diversity sampling techniques specifically for vision-language CL scenarios, in-
cluding adaptation of MTE for uncertainty sampling, CLIP-based clustering for
diversity sampling, and HUDS integration for hybrid sampling approaches.

3. Lexical-Semantic Forgetting Paradigm: We demonstrate that catastrophic forget-
ting operates differentially across knowledge types, with severe lexical generation
degradation occurring alongside robust semantic understanding preservation. This
discovery explains the competitive effectiveness of random sampling approaches
and fundamentally challenges community assumptions about memory strategy
sophistication requirements in continual learning systems.

4. Human-Centered Evaluation: We conduct comprehensive human evaluation stud-
ies involving fashion-interested participants to validate that improvements in
automated metrics translate to meaningful improvements in human-perceived
caption quality across dimensions of relevance, fluency, descriptiveness, and novelty.

5. Comprehensive Baseline Evaluation Framework: We establish rigorous compar-
ative analysis protocols that systematically evaluate AL-based memory selection
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strategies against established baselines. This framework enables quantitative as-
sessment of strategy effectiveness through controlled experimental conditions and
statistical significance testing across multiple performance dimensions.

In summary, this thesis compares multiple memory management strategies: random,
uncertainty-based, diversity-based, and hybrid sampling using BLIP-2 and OFA vision-
language models for continual image captioning. Our experiments reveal that sim-
ple random sampling achieves comparable retention to sophisticated strategies, with
diversity-based approaches offering only temporary early advantages. We discover a
systematic lexical-semantic forgetting disconnect, where catastrophic forgetting primar-
ily affects surface-level generation while preserving essential semantic understanding.
These findings demonstrate that computational efficiency can be prioritized over algo-
rithmic sophistication, fundamentally realigning continual learning research toward
addressing forgetting mechanisms rather than optimizing memory selection complexity.

1.3 Thesis Outline

This thesis is structured to provide a comprehensive investigation of active learning
strategies for continual image captioning, progressing from theoretical foundations
through empirical evaluation to practical applications. The organization follows a logical
progression that establishes the research context, develops the proposed methodology,
evaluates its effectiveness, and validates findings through human-centered evaluation.

Chapter 2: Related Work establishes the theoretical foundation by examining four key
research areas that intersect in this work. The chapter begins with image captioning
foundations, tracing the evolution from early template-based approaches through neural
encoder-decoder architectures to modern transformer-based systems. Interactive image
captioning research is then reviewed, followed by comprehensive coverage of continual
learning approaches for vision-language tasks, including fundamental categorization,
task-incremental strategies, and memory-efficient techniques. The chapter concludes
with active learning methodologies for sample selection and evaluation frameworks,
providing the necessary background for understanding the proposed approach.

Chapter 3: Technical Background provides detailed technical exposition of the core
components underlying the research. Vision-language model architectures are examined,
covering the evolution from attention-based captioning to transformers, with specific
focus on BLIP-2 and OFA architectures used in the experimental evaluation. Continual
learning fundamentals are presented, including catastrophic forgetting mechanisms
and episodic memory approaches. Active learning principles are detailed, covering
uncertainty sampling, diversity sampling, and hybrid strategies. The chapter concludes
with evaluation frameworks for both traditional image captioning and continual learning
scenarios.

Chapter 4: Methodology introduces the ALCIE framework, providing comprehensive
coverage of the proposed approach. The chapter begins with a framework overview and
theoretical motivation, followed by detailed benchmark architecture design covering both
BLIP-2 and OFA implementations. Active learning integration is thoroughly described,
including random sampling baselines, uncertainty sampling, diversity sampling, and
hybrid approaches. Memory management strategies are presented, covering episodic
memory buffer architecture, replay mechanisms, and deletion policies. The chapter
concludes with training infrastructure and implementation details.
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Chapter 5: Experiments and Results presents a comprehensive empirical evaluation
of the proposed approach. The chapter begins with the experimental setup, including
dataset configuration using the FACAD fashion dataset organized into six domain clus-
ters. Detailed evaluation metrics are presented, followed by systematic experimental
protocols. Six major experiments are conducted: no-memory baseline, random sampling
memory management (constrained and unconstrained), uncertainty sampling, diversity
sampling, and hybrid approaches. Results are analyzed through both traditional cap-
tioning metrics and continual learning performance measures, with a comprehensive
discussion of key findings, memory strategy performance, cross-domain interference
patterns, and architectural differences.

Chapter 6: User Study validates the technical findings through human-centered evalua-
tion, addressing the critical question of whether technical improvements in continual
learning translate to perceivable user benefits. The chapter covers experimental design,
participant recruitment, and evaluation methodology for assessing human perception
of caption quality across different memory strategies. Results demonstrate the practical
significance of the research by examining user preferences and the detectability of catas-
trophic forgetting effects in real-world scenarios.

Chapter 7: Conclusion and Future Work synthesizes the research contributions, dis-
cusses limitations, and outlines directions for future work. The chapter consolidates
findings from both technical experiments and human evaluation, providing recommen-
dations for practical deployment and identifying opportunities for further research in
continual learning for vision-language tasks.

This structure ensures a thorough examination of active learning strategies for contin-
ual image captioning, providing both theoretical insights and practical guidance for
researchers and practitioners working in multimodal machine learning and continual
learning systems.



Chapter 2
Related Work

This chapter reviews the research landscape that informs our ALCIE framework for
strategic memory management in continual image captioning systems. We examine four inter-
connected research areas: image captioning foundations (section 2.1), continual learning
for vision-language tasks (section 2.3), active learning for sample selection (section 2.4),
and evaluation methodologies with datasets (section 2.5). This review establishes the
theoretical foundations for integrating AL principles with episodic memory selection,
highlighting the research gaps our work addresses.

2.1 Image Captioning Foundations

IC connects Computer Vision (CV) and Natural Language Processing (NLP) by creating
written descriptions for images [30, 31]. Over the past decade, the field has evolved
from simple rule-based systems to state-of-the-art deep learning models, driven by
advances in neural architectures, improved training strategies, and a growing emphasis
on generalization across domains [32, 33].

This section traces the evolution of IC from early template-based systems to state-of-the-
art transformer architectures. We examine early template-based approaches (subsection 2.1.1),
the development of neural encoder-decoder architectures with revolutionary attention mecha-
nisms (subsection 2.1.2), and the advancement to transformer-based architectures including
unified vision-language models and large-scale pretraining approaches (subsection 2.1.3).
This progression establishes the foundation for our continual learning approach.

2.1.1 Early Template-Based Approaches

Early image captioning approaches relied on template-based systems that detected ob-
jects and actions to populate fixed sentence structures [34], or retrieval methods that
matched new images with existing captioned examples [35]. While interpretable and
grammatically correct, these methods performed poorly on novel visual content due to
rigid templates and limited vocabulary coverage [30].

8
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2.1.2 Neural Encoder-Decoder Architectures

Deep learning transformed image captioning through encoder-decoder architectures com-
bining Convolutional Neural Network (CNN) for visual feature extraction and Long
Short Term Memory (LSTM) networks for sequential text generation [31, 36, 37]. Early
neural systems used CNN encoders to compress images into fixed vectors that initialized
LSTM decoders for word-by-word generation [11]. However, this static encoding limited
spatial understanding and multi-object reasoning [32].

Figure 2.1: Overview of the Show, Attend and Tell architecture [1]. The input image is
first processed by a convolutional neural network (CNN) to extract a spatial feature map.
An attention mechanism allows the recurrent neural network (RNN) with LSTM units
to focus on different regions of the image when generating each word of the caption.
Colored boxes illustrate how specific regions of the image are attended to for predicting
corresponding words in the caption.

Show, Attend and Tell [1] introduced spatial attention mechanisms that dynamically
focus on relevant image regions during caption generation, as illustrated in Figure 2.1.
Soft attention computes differentiable weighted sums of spatial features, while hard
attention stochastically selects discrete regions. Soft attention became standard due to its
end-to-end trainability and interpretable attention visualizations.Bottom-up attention [38]
leveraged object detection to focus on detected objects rather than spatial grids, providing
more semantically meaningful attention targets that enhanced scene understanding and
caption accuracy.

2.1.3 Transformer-Based Architectures

The Transformer architecture [7] addressed RNN limitations by replacing recurrence
with self-attention, enabling parallel processing and superior long-range dependency
modeling that significantly enhanced training efficiency and performance. When adapted
to image captioning, Transformer-based models offered significant advantages in capturing
global context and producing more coherent captions. Self-attention allowed the decoder
to consider relationships between all previously generated words simultaneously, unlike
sequential LSTM networks [39, 40]. This evolution benefited directly from attention
mechanisms first demonstrated in Show, Attend and Tell.
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Building on the strengths of Transformer-based models in image captioning, specialized
architectures such as the Meshed-Memory Transformer (M2 Transformer) [39] have fur-
ther advanced the field. The M2 Transformer introduces a meshed memory mechanism,
forming dense skip connections between encoder and decoder layers, which enables the
model to access multi-level visual features. This design enhances visual grounding and
allows for more accurate modeling of complex scenes with multiple objects. As a result,
the M2 Transformer achieves state-of-the-art performance on benchmarks like Microsoft
Common Objects in Context (MS-COCO), producing captions that are both descriptive
and semantically aligned with the images.

The X-Linear Attention model [40] further improves the alignment between visual and lin-
guistic information by employing a bilinear pooling attention module. This mechanism
captures higher-order interactions between image regions and words, enabling more
precise and contextually relevant captions. X-Linear Attention consistently demonstrates
strong results on challenging datasets such as MS-COCO, highlighting the value of
advanced attention mechanisms in cross-modal understanding.

Unified Vision-Language Models

The field evolved toward unified vision-language models capable of joint reasoning across
modalities [2, 3]. This development encompasses three approaches: multimodal pretrain-
ing, instruction-tuned architectures, and modular frozen-component systems.

Multimodal Pretraining Foundations Early unified models like ViLBERT [41] em-
ployed dual-stream architectures with separate visual and textual processing pathways
connected through co-attentional layers, while UNITER [42] adopted single-stream de-
signs processing concatenated visual-textual sequences through unified self-attention
mechanisms.

Instruction-Tuned Unified Architectures OFA [2] frames vision-language tasks as
sequence-to-sequence generation guided by natural language instructions. Its unified
Transformer encoder-decoder architecture processes multimodal inputs and generates
task-specific outputs based on instructional prompts, as shown in Figure 2.2. Joint train-
ing with task-specific prompts enables consistent performance across diverse scenarios.

OFA exemplifies this approach through its comprehensive Transformer encoder-decoder
architecture that processes multimodal inputs and generates task-specific outputs based
on instructional prompts [2]. The model’s architecture, depicted in Figure 2.2, demon-
strates how natural language instructions systematically guide task execution across
image captioning, visual question answering, and text generation. Joint training on
diverse multimodal datasets with task-specific prompts enables consistent performance
across both high-resource and low-resource scenarios, establishing instruction tuning as
a systematic approach for unified vision-language modeling.

mPLUG [43] extends the instruction-tuned approach by incorporating architectural
innovations, including cross-modal skip connections and hierarchical feature fusion
mechanisms. The model’s asymmetric dual-stream design processes visual and textual
modalities through separate encoders before integration via cross-modal Transformer
layers equipped with skip connections. This architectural configuration enables efficient
processing of extended visual sequences while preserving cross-modal information flow.
The hierarchical feature fusion mechanism captures both coarse scene-level semantics
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Figure 2.2: OFA unified architecture [2] handling multiple vision-language tasks through
shared parameters and instruction-based prompting. The model processes diverse
inputs (images, text, task instructions) through the same encoder-decoder framework,
demonstrating the versatility of unified transformer designs for multimodal learning.

and fine-grained object-level details, demonstrating particular effectiveness for tasks
requiring detailed visual analysis.

Modular Architectures with Frozen Components Modular architectures utilize frozen
pretrained components to minimize adaptation costs. ClipCap [44] projects CLIP visual
features into GPT-2 through lightweight networks, enabling efficient zero-shot captioning
without joint training. BLIP [45] employs flexible encoder-decoder configurations sup-
porting contrastive learning, matching, and generation tasks, with CapFilt bootstrapping
to enhance noisy web-scraped training data.

Figure 2.3: BLIP-2 architecture [3] showing the three-component design: frozen vision
encoder, trainable Q-Former with learnable queries, and frozen language model. The
Q-Former serves as an information bottleneck, extracting relevant visual information for
text generation.
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BLIP-2 [3] introduces the Q-Former, a lightweight Transformer bridge between frozen
vision encoders and language models (Figure 2.3). The Q-Former uses learned query
tokens to extract visual features and align them with language model inputs through two-
stage bootstrapping: vision-language representation learning and vision-to-language
generative learning. This modular design achieves state-of-the-art performance while
maintaining parameter efficiency.

2.2 Interactive Image Captioning

This section examines interactive and adaptive image captioning systems that incorporate
human feedback and continuous learning, providing the conceptual foundation for
human-AI collaborative captioning systems informing our continual learning framework.

As IC systems continue to advance, models trained in static settings prove insufficient for
practical applications involving dynamic user needs, evolving visual domains, or sparse
labeled data. This has led to interactive image captioning, where models continuously learn
from user feedback and adapt to changing contexts. Rooted in IML, these systems treat
users as active participants in the learning loop, transforming image captioning into a
collaborative, adaptive process supporting personalized outputs and efficient learning
from limited supervision.

A foundational contribution to interactive captioning introduces a dual-level attention
mechanism that combines top-down global scene features with bottom-up object-level
representations, enabling flexible attention across visual hierarchies according to semantic
context [46, 47]. Building on this foundation, the LSTM-based decoder incorporates beam
search and re-ranking mechanisms to generate multiple candidate captions, which can be
ranked using content similarity heuristics or refined interactively by users. This approach
has proven particularly effective in multilingual settings, where cross-lingual pretraining
results in substantial improvements in caption fluency for underrepresented languages
such as German [47]. The process of interactive captioning has also been systematically
formalized into three core IML components: feedback collection, data augmentation,
and model update. This structure enables flexible adaptation across domains where
annotation is costly and user input varies in form and frequency [48].

Advanced interactive systems address cognitive load by employing implicit feedback
mechanisms that detect user disagreement through gaze behavior and facial expressions
[49]. By continuously monitoring eye movements and emotional cues, these systems
can infer user dissatisfaction and selectively request feedback only when necessary. This
targeted approach not only improves user experience by minimizing interruptions but
also ensures that model updates are focused where they are most impactful. Empirical
results show that such systems achieve high accuracy in predicting disagreement using
multimodal signals, demonstrating that implicit feedback can effectively guide caption
correction and adaptation without constant explicit user input.

Domain-specific interactive approaches address unique challenges in specialized contexts
by leveraging contextualized systems that incorporate episodic memory buffers for incre-
mental learning [12]. Research shows that traditional data augmentation can degrade
performance on user-generated images, whereas integrating episodic memory is highly
effective in mitigating CF during incremental updates. In news captioning, context-aware
strategies that provide controlled information, such as extracted named entities, substan-
tially enhance model performance across different architectures. This highlights the
importance of interactive methods for addressing complex contextual requirements [50].
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These advances are demonstrated through the evaluation of large multimodal models
like BLIP-2 [3] and two-stage pipelines that combine dedicated captioning systems with
post-hoc contextualization using Large Language Models (LLMs).

Comprehensive interactive platforms such as No-IDLE (Interactive Deep Learning En-
terprise) bridge the gap between research prototypes and practical implementation by
incorporating multimodal interaction capabilities, particularly human gaze and pointing
gestures, to enhance human-machine collaboration [51]. No-IDLE formalizes these ca-
pabilities into a unified infrastructure that supports a range of applications, including
image captioning and medical diagnostics such as melanoma detection. By enabling
adaptive models to incrementally learn from human collaborators, these platforms ad-
dress the limitations of pre-trained models in accommodating dynamic circumstances
and user-specific variations. Through the integration of continuous feedback and col-
laboration mechanisms, No-IDLE exemplifies how interactive machine learning can be
operationalized for real-world, user-centered AI systems.

2.3 Continual Learning for Vision-Language Tasks

These IML advances directly inform our ALCIE framework by establishing the impor-
tance of strategic sample selection in human-AI collaborative scenarios, where episodic
memory management becomes crucial for maintaining performance while incorporating
user feedback across sequential learning episodes.

IC models in sequential learning are vulnerable to CF, where new task acquisition causes
loss of previous knowledge [14]. This challenge is acute for image captioning systems
that must maintain both visual recognition and linguistic generation abilities across
domains [52]. CL methods address this by retaining prior task representations while
integrating new information.

This section examines CL methodologies designed to address CF in sequential learning
scenarios. We review fundamental approaches and categorization frameworks (sub-
section 2.3.1), architectural innovations for task-incremental learning (subsection 2.3.2),
memory-efficient learning strategies (subsection 2.3.3), parameter-efficient adaptation
techniques (subsection 2.3.4), and multimodal continual learning approaches (subsec-
tion 2.3.5). Together, these topics provide the theoretical basis for the memory manage-
ment strategies used in our episodic selection framework.

2.3.1 Fundamental Approaches and Categorization

A comprehensive categorization of CL techniques in NLP is presented [53], outlining core
strategies including rehearsal, pseudo-rehearsal, regularization, memory-based mechanisms,
knowledge distillation, and architectural modifications. This foundational work addresses
the problem of CF and analyzes methods such as EWC [15] and GEM [16], which are
commonly used in sequence learning tasks. Although not focused specifically on IC, this
research provides critical insights for multimodal continual learning systems, particularly
in understanding how models can maintain stability while adapting to new sequential
tasks in discrete, compositional, and context-dependent domains.

Building on the foundational principles of CL, attention-based approaches such as the
Recurrent Attention to Transient Tasks (RATT) [54] model introduce architectural modi-
fications that isolate task-specific representations in LSTM-based captioning systems.
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RATT employs task-aware attention masking, activating only relevant subsets of neurons
and vocabulary for each task to accommodate the transient nature of vocabularies in
continual IC. This structural separation limits interference and reduces forgetting, as
demonstrated on continual learning benchmarks derived from MS-COCO and Flickr30k,
where RATT successfully learned multiple tasks in sequence without performance loss
on earlier tasks. The model’s effectiveness highlights the value of attention-based task
separation in CL for IC, providing a structural alternative to memory-based replay meth-
ods, especially when task vocabularies overlap or evolve.

2.3.2 Task-Incremental Learning Strategies

Figure 2.4: ContCap architecture showing the integration of freezing, knowledge distilla-
tion, and pseudo-labeling mechanisms for continual image captioning. The framework
demonstrates how task-specific knowledge can be preserved while adapting to new
captioning domains without catastrophic forgetting.

Early efforts to integrate CL into IC focused on managing knowledge interference through
explicit task structuring and targeted adaptation strategies. Continual Captioning (Cont-
Cap) [52] exemplifies this approach by framing caption generation as a class-incremental
problem and combining techniques such as parameter freezing, knowledge distilla-
tion, and pseudo-labeling to address CF. By freezing select model parameters, ContCap
preserves knowledge from previous tasks; knowledge distillation facilitates information
transfer between model stages; and pseudo-labeling reinforces learning with generated
labels. This integrated framework, as illustrated in Figure 2.4, enables effective separa-
tion and management of task-specific knowledge. ContCap was evaluated on sequential
splits of the MS-COCO 2014 dataset and demonstrated strong performance on both old
and new tasks, even without revisiting prior data. This work established a scalable
foundation for continual IC, showing that explicit task structure and adaptation can
successfully mitigate CF in sequence generation tasks.
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2.3.3 Memory-Efficient Learning Strategies

Recent advances in memory efficiency have focused on token-level storage strategies that
significantly reduce memory requirements while maintaining learning effectiveness. The
Core Tokensets approach proposes storing only the most informative tokens from image-
caption pairs, selected using attribution scores [4]. By replaying these token fragments
rather than entire examples, models retain essential visual and linguistic cues with
minimal memory overhead, preserving performance in continual captioning scenarios
and supporting compatibility with large transformer-based architectures. Empirical
results show that a core tokenset comprising just 1% of the data performs comparably to
much larger coresets, highlighting the value of intelligent sample selection in memory-
constrained CL. As shown in Figure 2.5, this method enables substantial memory savings
while maintaining learning effectiveness across sequential tasks.

Figure 2.5: Core Tokensets [4] approach for memory-efficient continual learning. The
method selects and stores the most informative token fragments from image-caption
pairs based on attribution scores, enabling effective knowledge retention with minimal
memory overhead.

2.3.4 Parameter-Efficient Adaptation Techniques

MLADIC [55] simultaneously optimizes image captioning and text-to-image synthesis,
leveraging task correlation for domain adaptation with paired and unpaired data. While
effective for cross-domain transfer, it primarily addresses domain gaps rather than
sequential learning with forgetting prevention.

Recent advances have emphasized parameter-efficient approaches that support continual
adaptation with minimal computational overhead. Low-Rank Adaptation with Structured
Updates (LoRSU) enables the adaptation of frozen image encoders in vision-language
models under CL settings [56]. Rather than fine-tuning entire models or relying on replay
mechanisms, LoRSU introduces compact, low-rank adapters to selected attention blocks,
guided by sensitivity analysis. Building on this, Continual Low-Rank Adaptation (C-LoRA)
incorporates a learnable routing matrix to manage updates across sequential tasks, further
reducing interference and enabling efficient adaptation in dynamic environments [57].
These approaches allow systems to incorporate new tasks with substantially reduced
computational cost, achieving over a 25-fold decrease in overhead compared to full
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Vision-Language Model (VLM) updates while maintaining performance. This strategy is
particularly well-suited for models such as OFA or BLIP, where decoupling of visual and
textual components allows efficient, task-specific updates to the vision encoder while
leaving the language components unchanged.

2.3.5 Multimodal Continual Learning

Extending beyond single-modality approaches, recent work has addressed CL scenarios
involving multiple modalities and varying task types. Modality-Inconsistent Continual
Learning (MoInCL) [58] tackles the challenging scenario where tasks involve inconsistent
modalities (such as image, audio, or video) and diverse task types (such as IC or Visual
Question Answering (VQA)). The method employs a Pseudo Targets Generation Module
to mitigate forgetting caused by task type shifts in previously seen modalities, while
incorporating Instruction-based Knowledge Distillation to preserve the model’s ability to
handle previously learned modalities when new ones are introduced. This approach sup-
ports IC as part of a broader sequence of multimodal tasks and demonstrates improved
retention without requiring the storage of previous data. MoInCL effectively manages
the complexity of multimodal task sequences, preventing CF across different modalities
and task types.

2.4 Active Learning for Sample Selection

While CL techniques enable adaptation without CF [52], they don’t address the substan-
tial annotation costs in IC, where full sentence generation is required rather than simple
labeling. AL addresses this by strategically selecting the most informative samples for
annotation, maximizing performance while minimizing labeling costs [22].

The core CL challenge is determining which experiences to retain in episodic memory.
While random sampling is computationally simple, it fails to capture the most informa-
tive samples for learning and knowledge retention [16]. AL provides principled episodic
memory selection through uncertainty, diversity, or forgetting-prevention criteria.

This section explores AL techniques that enable principled sample selection to maximize
learning efficiency. We review uncertainty-based selection strategies (subsection 2.4.1),
diversity-based approaches (subsection 2.4.2), and hybrid AL methods (subsection 2.4.3),
all of which inform our episodic memory selection strategies for continual IC. These
foundational approaches provide the basis for the development of our ALCIE framework.

2.4.1 Uncertainty-Based Selection Strategies

Uncertainty-based sampling focuses on selecting data points where the model exhibits
the lowest confidence, typically measured by entropy or margin scores [59, 60]. This
approach targets samples where the model is most uncertain about its predictions, as
these represent instances where additional training data is likely to yield the greatest
improvement in model performance [61].

Monte Carlo dropout has emerged as an important method for uncertainty modeling
in deep neural networks, enabling practical Bayesian inference by approximating deep
Gaussian processes [60]. This technique applies dropout during both training and
inference to generate multiple stochastic predictions. In the context of IC, models such
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as the Uncertainty-Aware Image Captioning (UAIC) framework [62] utilize Monte Carlo
dropout by performing several stochastic forward passes, resulting in diverse candidate
captions for a given image. The variance among these candidates serves as an indicator
of model uncertainty, with higher variance suggesting greater ambiguity and a higher
potential benefit from additional annotations for those samples.

For multimodal uncertainty estimation in IC, token-level entropy measures provide a
more granular uncertainty assessment than global prediction confidence. Recent work
on AL for natural language generation has demonstrated the effectiveness of informa-
tiveness strategies such as MTE and Monte Carlo Dropout for identifying the most
informative data points [63]. The MTE approach measures the average uncertainty in
model predictions by computing entropy at each token position during caption genera-
tion and aggregating these values to provide a comprehensive uncertainty measure that
captures both lexical and semantic uncertainty throughout the generation process. This
method proves particularly effective for identifying samples where the model struggles
with specific aspects of visual understanding or language generation [29].

2.4.2 Diversity-Based Selection Strategies

Diversity-based methods aim to select examples that are as distinct from each other as
possible, thereby ensuring broad coverage of the data space and minimizing redundancy
[24]. This approach addresses a key limitation of uncertainty-based sampling, which can
sometimes yield redundant samples from concentrated high-uncertainty regions. The
central principle is to maximize the representativeness of selected samples across the
entire feature space. In the context of IC, diversity-based selection is especially impor-
tant, as visual scenes often differ substantially in content, composition, and semantic
complexity. Comprehensive coverage of these variations is critical for achieving robust
model performance across diverse image types [63].

CLIP [10] feature representations provide a strong foundation for diversity-based se-
lection in vision-language tasks. The CLIP model learns joint embeddings for images
and text using contrastive learning on large-scale datasets, resulting in semantically rich
representations that capture both visual and textual characteristics. These embeddings
enable effective diversity measurement across modalities, supporting more sophisticated
sample selection strategies than those relying on traditional visual features alone.

Recent advances in diversity-based selection have centered on multimodal embeddings
that jointly capture visual and textual characteristics of image-caption pairs [24, 64].
By leveraging pre-trained vision-language models, these methods produce rich repre-
sentations that enable more effective measurement of diversity across both modalities
[65]. Integrating semantic diversity measures with traditional feature-space approaches
has yielded improved performance in IC tasks, particularly for domain-specific content
where conventional visual features may overlook important semantic variations [66]. To
further ensure comprehensive data coverage, strategies such as Greedy Core-Set and
In-Domain Diversity Sampling (IDDS) have been proposed [63]. Greedy Core-Set focuses
on covering the entire feature space, while IDDS targets uncertain areas near decision
boundaries, offering complementary benefits to CLIP-based clustering for achieving
comprehensive semantic coverage.
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2.4.3 Hybrid Active Learning Strategies

Hybrid approaches combine uncertainty and diversity based selection, choosing samples
that are both uncertain and diverse, a strategy shown to improve performance in various
settings [67]. By addressing the limitations of using either strategy alone, hybrid methods
support more balanced and effective sample selection. Integrating these criteria requires
careful weighting, as uncertainty-based methods target challenging examples while
diversity-based selection ensures broad data coverage. Effective hybrid strategies adapt
this balance according to the model’s state and data characteristics [25].

Among the frameworks implementing these hybrid principles, HUDS stands out as a
principled approach for balancing uncertainty and diversity in sample selection [25].
Originally developed for machine translation, HUDS can be adapted to multimodal do-
mains by incorporating MTE for uncertainty estimation and CLIP-based clustering for
diversity assessment. This enables hybrid selection strategies that balance the exploration
of uncertain regions with comprehensive semantic coverage. The versatility of HUDS
extends beyond neural machine translation to sequence generation tasks such as IC, offer-
ing valuable insights into managing the trade-off between exploration and exploitation.
As a result, this framework serves as a foundation for developing specialized hybrid
methods tailored to the unique requirements of vision-language applications.

Uncertainty-Weighted Embeddings (UWE) [68] weight feature representations with pre-
dictive uncertainty before diversity sampling, addressing pure uncertainty sampling’s
tendency towards redundant selections in high-density feature regions while maintain-
ing scalability for dense prediction tasks.

The integration of these hybrid approaches with episodic memory selection in continual
learning scenarios presents unique opportunities for optimizing knowledge retention
while minimizing CF. By carefully balancing uncertainty and diversity criteria, these
methods can identify samples that not only improve current task performance but
also contribute to maintaining performance on previously learned tasks, making them
particularly valuable for continual IC applications.

2.5 Evaluation and Datasets

Datasets provide the foundation for image captioning research, directly influencing
model performance and generalization capabilities [32]. Two categories emerge: generic
datasets capturing diverse natural scenes [69, 5], and domain-specific datasets targeting
particular applications or user populations [28, 70], as illustrated in Figure 2.6.

This section examines generic image captioning datasets (Section 2.5.1), including MS-
COCO, Flickr30k, and Conceptual Captions, domain-specific datasets (Section 2.5.2) such
as FACAD, VizWiz, nocaps, and TextCaps, and evaluation metrics (Section 2.5.3) ranging
from traditional lexical measures to modern neural-based assessment approaches.

2.5.1 Generic Image Captioning Datasets

Generic datasets provide comprehensive coverage of diverse visual content and serve as
standard benchmarks for evaluating model performance across various image types and
captioning scenarios [33, 31, 30]. These datasets typically contain images of everyday
scenes, common objects, and general human activities, making them suitable for devel-
oping models with broad applicability.
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Two young guys with
shaggy hair look at their
hands while hanging out

in the yard.

A little girl in a pink
dress going into a wooden

cabin.

A man in a blue shirt is
standing on a ladder
cleaning a window.

A Gmail screen shot
welcoming Lloyd Budd

asking for Username and
Password.

A 12 ounce can of A&W
root beer, which has been

around since 1919.
A pink box with Good

Thing Come in Pink Boxes
written on it.

Generic vs Domain-Specific Image Captioning Datasets
Generic- Flickr30K (1st Row) vs Text Domain-TextCaps (2nd Row)

Figure 2.6: Generic vs domain-specific dataset comparison: Flickr30k [5] focuses on
human activities with descriptive captions, while TextCaps [6] specializes in text-rich
images requiring OCR-based descriptions.

MS-COCO (Microsoft Common Objects in Context) [69] is one of the most influential
and widely adopted datasets in image captioning research [33, 31]. The dataset contains
328,000 images with 2.5 million labeled instances across 91 object categories. Each image
is annotated with multiple human-generated captions describing objects, scenes, and
activities. MS-COCO images are carefully selected to contain multiple objects in natural
contexts, providing rich visual content for caption generation. The annotation process
involved extensive crowdsourcing with strict quality control to ensure caption accuracy
and diversity. MS-COCO has become the de facto standard for image captioning evalua-
tion, with most papers reporting performance using standard evaluation metrics.

Flickr30k [5] comprises 31,000 images sourced from Flickr, each paired with five inde-
pendently collected human-written captions. The dataset focuses on people engaged
in everyday activities, providing diverse descriptions of scenes, actions, and objects.
Unlike MS-COCO’s emphasis on object detection, Flickr30k prioritizes human activities and
social interactions, making it valuable for evaluating models’ ability to describe complex human
behaviors and relationships. The Flickr30k Entities extension further enhances evaluation
by providing region-to-phrase correspondences, enabling fine-grained assessment of
visual grounding capabilities.

Conceptual Captions [71] represents a significant scale-up in dataset size, containing
approximately 3.3 million image-caption pairs extracted and filtered from billions of web
pages. Unlike curated datasets like MS-COCO, Conceptual Captions uses an automatic
pipeline to harvest image-caption pairs from the web via Alt-text HTML attributes,
resulting in more varied, naturally occurring language. Conceptual Captions is widely
recognized for enabling the training of models that generalize better across diverse image
types and linguistic styles [33].
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2.5.2 Domain-Specific Image Captioning Datasets

Domain-specific datasets focus on particular application areas, specialized visual content,
or specific user populations, enabling targeted model development and evaluation
for practical implementation scenarios. These datasets address unique challenges and
requirements that may not be adequately covered by generic datasets.

FACAD [28] represents the first comprehensive dataset specifically designed for fashion
image captioning. The dataset contains 993,000 images with 130,000 corresponding
descriptions exhibiting three distinctive characteristics compared to general datasets.
First, fashion captioning requires describing fine-grained attributes rather than scene
relationships. Second, FACAD contains longer captions with an average of 21 words
versus 10.4 words in MS-COCO, reflecting detailed attribute descriptions. Third, the
expression style uses engaging descriptive terms like "pearly," "so-simple yet so-chic,"
and "retro flair" rather than plain descriptions, important for commercial applications
where captivating descriptions enhance customer engagement and sales conversion.

Visual Question Answering from Blind People (VizWiz) [70] is a groundbreaking
dataset designed specifically to address the needs of people with visual impairments.
The VizWiz-Captions dataset contains 39,181 images originating from people who are
blind, each paired with five captions, representing the first image captioning dataset from
this practical use case. The dataset presents unique challenges, including blurred images,
extreme lighting conditions, and unconventional viewpoints that reflect the practical
difficulties faced by users with visual impairments.

Novel Object Captioning at Scale (NoCaps) (Novel Object Captioning at Scale) [72]
addresses the challenge of describing objects that were not seen during training. The
dataset contains 166,100 images with 15 human-generated captions per image, specifically
designed to evaluate models’ ability to describe novel objects using knowledge gained
from pre-training. The images are selected to contain objects from the Open Images
dataset that do not overlap with MS-COCO’s training set, creating a controlled setting
for evaluating generalization capabilities. This dataset has become particularly valuable
for assessing zero-shot and few-shot learning capabilities in modern foundation models.

Text in Images Caption Dataset (TextCaps) [6] focuses on reading and reasoning about
textual content in images. The dataset contains 145,000 images with captions that require
understanding and incorporating text present in the images, such as signs, labels, and
documents. This represents a significant challenge beyond traditional object recognition,
requiring models to perform optical character recognition and integrate textual informa-
tion into natural language descriptions.

2.5.3 Evaluation Metrics

To evaluate the quality of generated captions, researchers employ a variety of automatic
metrics that assess different aspects of caption quality and semantic alignment [32, 31].
Traditional lexical similarity metrics focus on surface-level correspondence between
generated and reference captions, while more sophisticated approaches evaluate semantic
content and structural relationships.

Bilingual Evaluation Understudy (BLEU) [73] assesses n-gram overlap with reference
captions, computing precision scores for unigrams through 4-grams and applying a
brevity penalty to prevent artificially high scores from short captions. While BLEU
provides a straightforward measure of lexical overlap, it may penalize semantically
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correct but lexically different captions, limiting its effectiveness for evaluating creative or
diverse caption generation.

Metric for Evaluation of Translation with Explicit ORdering (METEOR) [74] addresses
some limitations of BLEU by accounting for synonymy through WordNet and considering
word order through alignment-based scoring. METEOR incorporates stemming, synonymy
matching, and paraphrase recognition, making it more robust to lexical variations while
maintaining correlation with human judgments of caption quality.

Recall-Oriented Understudy for Gisting Evaluation (ROUGE) [75] measures overlap
between model outputs and reference text using the longest common subsequence and
skip-bigram statistics, originally developed for summarization evaluation but adapted for
captioning tasks. ROUGE-L focuses on sentence-level structure similarity, while ROUGE-
S evaluates skip-bigram co-occurrence patterns, providing complementary perspectives
on caption quality.

Consensus-based Image Description Evaluation (CIDEr) [76] quantifies similarity
to human-generated captions across multiple references, placing greater emphasis on
consensus among human annotators. CIDEr uses Term Frequency-Inverse Document
Frequency (TF-IDF) weighting, a scheme that assigns higher importance to words that are
frequent within a given caption but rare across the entire set of reference captions.

The TF-IDF weighting mechanism operates through two components: Term Frequency
(TF) measures how often a word appears within a specific caption, while Inverse Document
Frequency (IDF) measures word rarity across the entire corpus. Words appearing in fewer
captions receive higher weights, while common words receive lower weights.

Semantic Propositional Image Caption Evaluation (SPICE) [77] evaluates semantic con-
tent by comparing scene graphs extracted from candidate and reference captions, focusing
on objects, attributes, and relationships rather than surface-level lexical similarity. SPICE
parses captions into semantic representations and computes F-scores based on graph
structure overlap, providing a more semantically grounded evaluation that correlates
well with human assessments of caption quality and factual accuracy.

Bidirectional Encoder Representations from Transformers Score (BERTScore) [78]
stands out by computing the similarity between generated and reference captions using
contextualized embeddings from BERT-based models. This enables the metric to capture
semantic equivalence that extends well beyond surface-level lexical overlap, making it
effective for recognizing paraphrases and semantically similar expressions that might be
overlooked by traditional metrics.



Chapter 3
Technical Background

This chapter establishes the essential theoretical foundations underlying the ALCIE
framework presented in this thesis. The work synthesizes concepts from vision-language
modeling, CL, and AL to address strategic episodic memory management in multimodal
systems. A comprehensive understanding of these fundamental concepts is crucial for
comprehending the proposed methodologies and their theoretical justifications.

This chapter systematically introduces the key technical components required for under-
standing ALCIE. It begins with vision-language architectures (Section 3.1), then covers
CL mechanisms (Section 3.2), and proceeds to AL integration strategies (Section 3.3). The
chapter concludes with a discussion of evaluation frameworks essential for assessing
ALCIE performance (Section 3.4).

3.1 Vision-Language Model Architectures

Contemporary IC systems rely on sophisticated vision-language architectures that ef-
fectively align visual and textual representations. The ALCIE framework operates on
two distinct architectural paradigms: modular frozen-component designs exemplified
by BLIP-2 [3] and unified transformer frameworks such as OFA [2]. Understanding these
architectures is essential for comprehending how AL strategies can be integrated into
multimodal CL systems.

This section examines vision-language architectures from early attention-based models
(Section 3.1.1) to transformer foundations (Section 3.1.2), cross-modal attention mecha-
nisms (Section 3.1.3), BLIP-2’s modular design (Section 3.1.4), and OFA’s unified frame-
work (Section 3.1.5).

3.1.1 Evolution from Attention-Based Captioning to Transformers

Before examining modern transformer architectures, it is crucial to understand the
evolution of attention mechanisms in IC. The seminal work Show, Attend and Tell [1]
introduced foundational concepts of visual attention, enabling models to selectively
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focus on relevant regions of an image while generating captions. This approach marked
a significant shift from fixed, global feature representations and laid the groundwork for
more flexible attention strategies that later influenced transformer development.

Show, Attend and Tell: Foundation of Visual Attention

The Show, Attend and Tell architecture represents a pivotal advancement in IC, introducing
spatial attention mechanisms that enable models to focus on relevant image regions
during caption generation. This work established the mathematical foundations that
later evolved into modern transformer architectures.

Architecture Overview: The model consists of a CNN encoder for visual feature extrac-
tion and a LSTM decoder with an attention mechanism for caption generation.

Visual Feature Extraction: Given an input image I ∈ RH×W×3, the CNN encoder,
typically VGGNet-19 [79] or ResNet [80], produces a set of feature vectors:

a = {a1,a2, . . . ,aL}, ai ∈ RD (3.1)

where L represents the number of spatial locations (typically L = H ′ ×W ′ after convolu-
tion and pooling), and D denotes the feature dimension.

Attention Mechanism: The Show, Attend and Tell architecture introduces two distinct
attention mechanisms: soft attention and hard attention, each with different computational
and training characteristics, as illustrated in Figure 3.1.

Soft Attention (Deterministic): At each time step t during caption generation, the model
computes attention weights αt,i that determine the importance of each spatial location:

et,i = fatt(ai,ht−1) (3.2)

αt,i =
exp(et,i)∑L

k=1 exp(et,k)
(3.3)

ẑt = ϕ({ai}, {αt,i}) =
L∑

i=1

αt,iai (3.4)

where fatt is a multilayer perceptron that computes attention energies, ht−1 represents
previous hidden state of the LSTM, αt,i denotes normalized attention weight for location
i at time t, and ẑt is the context vector representing the attended visual information.

Hard Attention (Stochastic): In contrast to soft attention, hard attention selects a single
spatial location st at each time step based on the attention distribution:

st ∼ Multinoulli({αt,i}Li=1) (3.5)
ẑt = ast (3.6)

where st represents the selected location index sampled from a multinomial distribution
parameterized by the attention weights {αt,i}Li=1, and ẑt is the feature vector at the
selected location.

Training Differences: Both attention mechanisms require different training approaches:
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Soft Attention Training: Since the expectation is differentiable, soft attention can be trained
using standard backpropagation:

Lsoft = −
T∑

t=1

log p(yt|y<t, ẑt,ht−1) (3.7)

where the context vector ẑt is a weighted combination of all spatial features.

Hard Attention Training: Due to the non-differentiable sampling operation, hard attention
requires reinforcement learning techniques.

Lhard = −
T∑

t=1

Est∼p(st|a,ht−1)[log p(yt|y<t,ast ,ht−1)] (3.8)

∇θLhard ≈ −
T∑

t=1

(log p(yt|y<t,ast ,ht−1)− bt)∇θ log p(st|a,ht−1) (3.9)

where bt is a baseline to reduce variance, typically the expected reward under the current
policy.

Figure 3.1: Comparison of soft and hard attention in the Show, Attend and Tell model [1].
Top: Soft attention assigns weights to all spatial locations (heat maps), blending features
smoothly. Bottom: Hard attention selects one location at each step (points), yielding fo-
cused, discrete selections. Generated captions illustrate the influence of each mechanism.

Caption Generation: LSTM decoder incorporates the context vector to generate words:

ht = LSTM(Eyt−1,ht−1, ẑt) (3.10)
p(yt|y1, . . . , yt−1, I) = softmax(Lo(Eyt−1 + Lhht + Lz ẑt)) (3.11)

where E ∈ Rm×|V| represents the word embedding matrix, yt−1 denotes the previous
word, Lo,Lh,Lz are learned projection matrices, and |V| represents the vocabulary size.

Connection to Modern Transformers: Attention mechanisms introduced in Show, Attend
and Tell laid the groundwork for many principles adopted in transformer architectures:

• Attention as Weighted Aggregation: The core idea of computing attention weights
and using them to aggregate information, particularly through soft attention.

• Context-Dependent Attention: Attention weights are determined by both the
current decoder state and the input features, allowing dynamic context adaptation.
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• Differentiable Attention: Modern transformers utilize differentiable soft attention
rather than stochastic hard attention, enabling stable, end-to-end training.

• Learning Attention Distributions: Attention patterns are learned directly by
neural networks, rather than being hand-engineered.

3.1.2 Transformer Foundations for Multimodal Learning

The Transformer architecture [7], illustrated in Figure 3.2, represents a fundamental
paradigm shift in sequence modeling, moving from recurrent architectures to attention-
based mechanisms that enable parallel processing and superior modeling of long-range
dependencies. Understanding the transformer’s core components, such as multihead
self-attention, positional encoding, and feed-forward networks, is essential for under-
standing how modern vision language models process and align multimodal information.
This knowledge supports the development of systems that deliver more accurate and
contextually relevant outputs across a wide range of applications.

The transformer architecture generalizes the attention concepts from Show, Attend and Tell
[1] by introducing self-attention, where sequences can attend to themselves, and multi-head
attention, which enables multiple attention patterns simultaneously. It consists of an
encoder-decoder structure where each component is constructed from stacked layers of
attention and feed-forward networks. The encoder processes input sequences to create
contextualized representations, while the decoder generates output sequences through a
combination of self-attention and cross-attention mechanisms.

Core Transformer Architecture

Encoder Structure: Each encoder layer ℓ transforms the incoming representations
through two successive components:

Z(ℓ) = LayerNorm
(
X(ℓ−1) + MultiHead

(
X(ℓ−1)

))
(3.12)

X(ℓ) = LayerNorm
(
Z(ℓ) + FFN

(
Z(ℓ)

))
(3.13)

where X(ℓ−1) ∈ Rn×d contains encoder states for sequence length n and hidden dimen-
sion d, MultiHead(·) denotes multi-head self-attention, FFN(·) represents the position-
wise feed-forward network, and LayerNorm(·) applies layer normalization.

Decoder Structure: The decoder incorporates an additional cross-attention mechanism
between masked self-attention and the feed-forward network:

Y
(ℓ)
1 = LayerNorm

(
Y(ℓ−1) + MaskedMultiHead

(
Y(ℓ−1)

))
(3.14)

Y
(ℓ)
2 = LayerNorm

(
Y

(ℓ)
1 + CrossAttention

(
Y

(ℓ)
1 ,X(L)

))
(3.15)

Y(ℓ) = LayerNorm
(
Y

(ℓ)
2 + FFN

(
Y

(ℓ)
2

))
(3.16)

where Y(ℓ) ∈ Rm×d stores decoder states for target sequence length m. Here,
MaskedMultiHead(·) applies masked multi-head self-attention, CrossAttention(·) per-
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Figure 3.2: Complete Transformer architecture [7] showing encoder-decoder structure
with self-attention, cross-attention, and feed-forward components. The parallel pro-
cessing capability and attention mechanisms form the foundation for modern vision-
language models.

forms cross-attention over the final encoder output X(L), and L denotes the total number
of encoder layers.

Self-Attention Mechanism

The self-attention mechanism constitutes the core innovation of transformers, enabling
direct modeling of dependencies between all positions in a sequence regardless of their
distance. This capability is particularly crucial for vision-language tasks where long-
range dependencies exist both within and across modalities.

For an input sequence represented as matrix X ∈ Rn×d, where n denotes sequence length
and d represents embedding dimension, the self-attention mechanism computes:
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Q = XWQ, K = XWK , V = XWV (3.17)

Attention(Q,K,V) = softmax
(
QK⊤
√
dk

)
V (3.18)

where WQ,WK ,WV ∈ Rd×dk are learned projection matrices and dk = d/h for h
attention heads.

The attention computation can be decomposed into three conceptual phases:

Similarity Computation: The query-key dot products measure similarity between all
position pairs:

Sij =
(QK⊤)ij√

dk
=

∑dk

k=1 QikKjk√
dk

(3.19)

where Sij represents the similarity between position i and position j, and the scaling
factor 1√

dk
prevents softmax saturation for large embedding dimensions.

Attention Weight Normalization: Softmax normalization ensures attention weights sum
to unity:

αij =
exp(Sij)∑n
k=1 exp(Sik)

(3.20)

where αij represents the attention weight from position i to position j.

Weighted Value Aggregation: Output combines values according to attention weights:

Oi =

n∑
j=1

αijVj (3.21)

where Oi ∈ Rdk represents the output representation for position i.

Multi-Head Attention

Multi-head attention extends the basic attention mechanism by computing multiple at-
tention functions in parallel, as shown in Figure3.3, each focusing on different repre-
sentational subspaces. This design enables the model to attend to different types of
relationships simultaneously, such as: (1) Spatial relationships between visual regions,
(2) Semantic relationships between words, (3) Cross-modal correspondences between
visual and textual elements, and (4) Syntactic dependencies in natural language.

MultiHead(Q,K,V) = Concat(head1, . . . ,headh)W
O (3.22)

where each attention head is computed as:

headi = Attention(QWQ
i ,KWK

i ,VWV
i ) (3.23)

The head-specific projection matrices are WQ
i ,W

K
i ,WV

i ∈ Rd×dk where dk = d/h, and
the output projection matrix is WO ∈ Rd×d.
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Figure 3.3: Multi-head attention visualization showing different attention patterns across
heads. Each head captures different types of relationships, enabling comprehensive
sequence understanding crucial for multimodal tasks [7].

Feed-Forward Networks and Layer Components

Each transformer layer incorporates a position-wise feed-forward network that processes
each position independently:

FFN(x) = max(0,xW1 + b1)W2 + b2 (3.24)

where W1 ∈ Rd×dff , W2 ∈ Rdff×d are weight matrices, b1 ∈ Rdff , b2 ∈ Rd are bias
vectors, and dff denotes the feed-forward dimension (typically dff = 4d).

Layer Normalization: Applied using the pre-normalization variant:

LayerNorm(x) =
x− µ

σ
⊙ γ + β (3.25)

where µ = 1
d

∑d
i=1 xi and σ =

√
1
d

∑d
i=1(xi − µ)2 represent the mean and standard

deviation computed across the feature dimension, γ, β ∈ Rd are learnable scale and shift
parameters, and ⊙ denotes element-wise multiplication.

Residual Connections: Enable training of deep networks by providing gradient flow:

Output = Input + SubLayer(LayerNorm(Input)) (3.26)
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Positional Encoding

Since attention mechanisms are permutation-invariant, transformers require explicit
positional information to understand sequence order. The original transformer employs
sinusoidal positional encodings:

PE(pos,2i) = sin
( pos

100002i/d

)
(3.27)

PE(pos,2i+1) = cos
( pos

100002i/d

)
(3.28)

where pos ∈ {0, 1, . . . , n − 1} denotes the position index in the sequence, i ∈
{0, 1, . . . , ⌊d/2⌋ − 1} represents the dimension index, and d is the embedding dimension.

The sinusoidal encoding possesses several important properties:

• Deterministic: No learned parameters required

• Extrapolation: Can handle sequences longer than the training data

• Relative positioning: PEpos+k can be expressed as a linear function of PEpos

3.1.3 Cross-Modal Attention Mechanisms

Cross-modal attention enables alignment between visual regions and textual elements
by extending self-attention across modalities [41]. Given visual features Hv ∈ RL×dv and
textual features Ht ∈ RT×dt :

Hnew
v = softmax

(
(HvW

Qv )(HtW
Kt)⊤√

dk

)
HtW

Vt (3.29)

This bidirectional attention mechanism provides comprehensive cross-modal context
essential for vision-language understanding.

3.1.4 BLIP-2 Modular Architecture

BLIP-2 [3] exemplifies the frozen-component paradigm in vision-language modeling,
employing a three-component design that balances parameter efficiency with perfor-
mance. This modular architecture is particularly relevant for CL as it isolates adaptation
to specific components while preserving robust pre-trained representations.

Frozen Vision Encoder

The vision encoder utilizes a Vision Transformer (ViT) (ViT-L/14) [8] with 304 million
parameters that remain frozen during fine-tuning, as illustrated in Figure 3.4. Images
are partitioned into non-overlapping patches of size P × P , then linearly projected into
embedding space:

z0 = [xclass;x
1
pE;x2

pE; . . . ;xN
p E] +Epos (3.30)
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where xi
p ∈ RP 2·C represents the i-th flattened image patch with C channels, E ∈

R(P 2·C)×D denotes the patch embedding projection matrix, xclass is a learnable classifi-
cation token, N = H·W

P 2 represents the number of patches for an image of dimensions
H ×W , and Epos ∈ R(N+1)×D provides positional embeddings encoding spatial relation-
ships between patches.

Transformer Encoder

MLP 
Head

Vision Transformer  (ViT)

*

Linear Projection of Flattened Patches
*  Extra learnable

     [ c l ass]  embedding

1 2 3 4 5 6 7 8 90Patch + Position 
Embedding

Class
Bird
Ball
Car
...

Embedded 
Patches

Multi-Head 
Attention

Norm

MLP

Norm

+L x

+

Transformer  Encoder

Figure 3.4: ViT [8] architecture used as the frozen vision encoder in BLIP-2. Input images
are divided into non-overlapping patches (typically 16 × 16), flattened, and linearly
projected into embeddings. A [CLS] token and positional embeddings are added before
processing through the Transformer encoder layers.

The frozen encoder preserves robust visual representations learned during large-scale
pretraining, effectively preventing CF at the visual feature level while maintaining
computational efficiency throughout the continual learning process.

Q-Former Information Bottleneck

The Q-Former serves as a learnable information bottleneck between frozen components,
utilizing 188 million trainable parameters. It employs a set of learnable query tokens
Q ∈ RNq×D, where Nq denotes the number of queries (typically 32) and D represents
the hidden dimension, that extract relevant visual information:

Z = Transformer(Q,Vvision) (3.31)

where Vvision ∈ RN×D represents frozen vision encoder outputs and Z ∈ RNq×D are the
processed query representations.

The Q-Former implements both self-attention among queries and cross-attention to
vision features:

Qself = SelfAttention(Q) (3.32)
Z = CrossAttention(Qself,Vvision) (3.33)
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This design enables selective information extraction while maintaining a fixed-size output
representation regardless of input image complexity.

Frozen Language Model Integration

The language model (OPT-2.7B) [81] remains frozen, with Q-Former outputs serving as
soft visual prompts. The integration follows:

Pvisual = ZWproj (3.34)

where Wproj ∈ RD×DLM projects Q-Former outputs to the language model’s embedding
space with dimension DLM.

During generation, visual prompts are concatenated with text embeddings:

Hinput = [Pvisual;Etext] (3.35)

where Etext ∈ RT×DLM represents tokenized text embeddings. The language model
generates captions autoregressively:

p(yt|y<t,x) = softmax(Woutht + bout) (3.36)

where ht denotes the hidden state at time step t, Wout ∈ R|V|×DLM represents the output
projection matrix, and |V| is the vocabulary size.

3.1.5 OFA Unified Transformer Framework

OFA [2] represents the unified paradigm that processes both visual and textual modal-
ities through shared transformer parameters. This architecture provides a contrasting
approach to BLIP-2’s modularity, enabling validation of AL benefits across different
optimization landscapes.

Unified Encoder-Decoder Design

OFA employs a transformer encoder-decoder architecture where both modalities flow
through shared parameters. The encoder processes concatenated multimodal sequences:

Henc = TransformerEncoder([xvisual;xtext]) (3.37)

where xvisual ∈ RNv×d represents visual token embeddings with Nv visual tokens, xtext ∈
RNt×d represents textual token embeddings with Nt text tokens, and Henc ∈ R(Nv+Nt)×d

denotes the encoder output.

Task-Agnostic Instruction Framework

OFA transforms IC into sequence-to-sequence generation through instruction prompts.
For IC, the input format becomes:

Input: [task_instruction;xvisual;xtext] (3.38)
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where the task instruction might be “what does the image describe?” concatenated with
image patches and optional text prompts. The loss function combines cross-entropy
terms across all output tokens:

LOFA = −
T∑

t=1

log p(yt|y<t,xvisual,xtext; θ) (3.39)

where T denotes the target sequence length and θ represents all model parameters.

3.2 Continual Learning Fundamentals

CL addresses the fundamental challenge of acquiring new knowledge while retaining
previously learned information. In the context of vision-language models, this problem
becomes particularly complex due to the necessity of maintaining coherent representa-
tions across both visual and linguistic modalities while adapting to new domains.

This section covers catastrophic forgetting in neural networks (Section 3.2.1), including
multimodal forgetting dynamics and episodic memory mechanisms (Section 3.2.2) that
enable knowledge preservation through strategic rehearsal.

3.2.1 Catastrophic Forgetting in Neural Networks

CF represents the most significant challenge in CL, where neural networks experience
significant performance degradation on previously learned tasks when adapting to
new ones [14]. This phenomenon arises from the distributed nature of neural network
representations, where weights contribute to multiple learned functions simultaneously,
as illustrated in Figure 3.5.

Formally, consider a neural network fθ with parameters θ trained on a sequence of
tasks {T1, T2, . . . , Tn}, where each task Ti consists of a dataset Di = {(xj ,yj)} with input-
output pairs. After training on task Ti, the parameters are updated to θi. The CF problem
can be characterized as:

LTj
(θi) ≫ LTj

(θj) for j < i (3.40)

where LTj
(θ) represents the loss on task Tj using parameters θ, and the inequality

indicates significant performance degradation on previously learned tasks.

This degradation occurs because gradient-based optimization overwrites parameter
configurations that were crucial for previous tasks:

θi+1 = θi − η∇θLTi+1
(θi) (3.41)

where η denotes the learning rate and ∇θLTi+1
(θi) represents the gradient computed

on the new task, potentially conflicting with gradients that were beneficial for previous
tasks.
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Figure 3.5: Parameter evolution timeline demonstrating the mathematical basis of CF.
Starting from random initialization (θ0), each phase shows parameter updates through
gradient descent optimization for new domains. While current domain performance
remains high, parameter drift causes systematic degradation of previous domain perfor-
mance, with Domain 1 accuracy dropping from 90% to 25% as parameters evolve from
θ1 to θ3. This visualization captures the core challenge in CL: how parameter updates
beneficial for new tasks can be detrimental to previously learned capabilities.

Multimodal Forgetting Dynamics

In multimodal systems such as IC, CF exhibits more complex patterns than in unimodal
scenarios, affecting multiple representation spaces simultaneously [12, 82]. The integra-
tion of visual and textual modalities introduces unique challenges that extend beyond
traditional CL approaches.

Cross-Modal Alignment Degradation: The most critical aspect of multimodal forgetting
is the deterioration of cross-modal correspondence. As models adapt to new domains,
the alignment between visual and textual representations can drift, leading to semantic
inconsistencies:

Alignment(Dprev) =
1

|Dprev|
∑

(x,y)∈Dprev

cos(fvisual(x), ftext(y)) (3.42)

where fvisual(x) ∈ Rd represents the d-dimensional visual embedding of image x,
ftext(y) ∈ Rd denotes the d-dimensional textual embedding of caption y, and cos(u,v) =

u·v
∥u∥2∥v∥2

computes the cosine similarity between two vectors.
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Semantic Drift Quantification: The degradation of cross-modal alignment can be quan-
tified by measuring changes in expected similarity over learning episodes:

Driftt =
∥∥∥E[sim(f (t)v , f

(t)
t )]− E[sim(f (0)v , f

(0)
t )]

∥∥∥ (3.43)

where f
(t)
v , f

(t)
t ∈ Rd represent the visual and textual embeddings at learning episode t,

respectively, and E[·] denotes expectation over the evaluation dataset.

Modality-Specific Forgetting Patterns: Different modalities exhibit varying susceptibility
to CF. Empirical studies reveal that visual representations, particularly those learned
from large-scale pretraining, demonstrate greater robustness compared to linguistic
representations, which are more sensitive to domain-specific vocabulary and linguistic
patterns [82].

Visual forgetting can be measured through embedding drift:

L(t)
visual =

1

|Dprev|
∑

(x,y)∈Dprev

∥∥∥f (t)v (x)− f (0)v (x)
∥∥∥2
2

(3.44)

Linguistic forgetting is assessed through generation capability degradation:

L(t)
linguistic =

1

|Dprev|
∑

(x,y)∈Dprev

− logP (y|x; θ(t)) (3.45)

3.2.2 Episodic Memory Mechanisms

To address the challenges of CF in multimodal scenarios, episodic memory approaches
offer a promising solution by maintaining buffers of representative experiences from
previous tasks [16], as illustrated in Figure 3.6. Unlike parameter-based regularization
methods such as EWC, episodic memory retains knowledge by explicitly storing and
strategically rehearsing past examples during the learning of new tasks.

Memory Buffer Architecture

An episodic memory buffer M can be formally defined as:

M = {(xi,yi, ti, si)}|M|
i=1 (3.46)

where (xi,yi) represents an input-output pair from the training data, ti ∈ {1, 2, . . . , T}
indicates the task/domain identifier, si ∈ R denotes an importance score computed by
an AL strategy, and |M| represents the current buffer size.

The buffer maintains a capacity constraint:

|M| ≤ Cmax (3.47)

where Cmax represents the maximum buffer size, determined by memory limitations and
computational constraints.
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Figure 3.6: Class-incremental CL with episodic memory replay (taken from [9]). The
model sequentially learns from a stream of data containing new classes while maintaining
a memory buffer. At each time step t, the model receives new data and updates using
both current samples and replayed samples from memory. The memory buffer stores
representative samples (data, features, and logits) from previous tasks to mitigate CF
through strategic replay.

Memory Replay Mechanisms

During training on task Tk, the learning objective combines current task loss with replay
loss:

Ltotal = LTk
(θ) + λLreplay(θ) (3.48)

where λ ∈ [0, 1] is a weighting parameter that balances current learning with knowledge
preservation, and the replay loss is computed over sampled experiences from the buffer:

Lreplay(θ) =
1

|Breplay|
∑

(x,y)∈Breplay

ℓ(fθ(x),y) (3.49)

where Breplay ⊂ M denotes a batch sampled from the episodic memory buffer and ℓ(·, ·)
represents the loss function.

Gradient Integration for Memory Replay: The gradient update combines contributions
from the current task and replayed experiences:

gcurrent = ∇θLTk
(θ) (3.50)

greplay = ∇θLreplay(θ) (3.51)
gtotal = gcurrent + λgreplay (3.52)

The parameter update then follows:
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θnew = θ − ηgtotal (3.53)

This approach ensures that parameter updates consider both new learning objectives
and the preservation of previous knowledge through explicit gradient combination.

3.3 Active Learning Principles

AL addresses the core challenge of maximizing learning efficiency under high annotation
costs by strategically selecting the most informative samples for labeling [22, 83, 61]. This
section outlines the theoretical foundations of AL methodologies and their application to
vision-language CL scenarios.

This section presents query strategy frameworks (Section 3.3.1), uncertainty sampling
strategies (Section 3.3.2), diversity sampling methodologies (Section 3.3.3), and hybrid
sampling approaches (Section 3.3.4) that combine multiple selection criteria.

3.3.1 Query Strategy Framework

The AL framework can be formally defined through a query strategy ϕ that selects the
most informative subset S∗ ⊂ U from an unlabeled pool U for annotation:

S∗ = arg max
S⊂U,|S|≤b

ϕ(S|Dlabeled, θ) (3.54)

where b denotes the query budget, Dlabeled represents the current labeled dataset, and θ
denotes the model parameters. The query strategy ϕ quantifies the expected utility of
labeling a particular subset.

Information-Theoretic Motivation

AL strategies often draw from information theory, seeking to maximize information gain
through strategic sample selection [23]. The expected information gain from labeling a
sample x can be expressed as:

IG(x) = H[Y ]− Ey[H[Y |y,x]] (3.55)

where H[Y ] represents the entropy of the model’s predictions before observing the label,
and Ey[H[Y |y,x]] denotes the expected entropy after labeling sample x with label y.

3.3.2 Uncertainty Sampling Strategies

Uncertainty sampling is one of the most intuitive AL approaches, wherein the model
selects samples for which it has the lowest confidence in its predictions [84].

Classification-Based Uncertainty Measures

A range of uncertainty measures applicable to classification tasks has been introduced in
prior research [22]:
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Least Confidence: Selects samples for which the model’s highest predicted probability is
lowest:

x∗ = argmin
x∈U

P (ŷ|x) (3.56)

where ŷ = argmaxy P (y|x) denotes the most likely class prediction.

Margin Sampling: Selects samples based on the difference between the two most proba-
ble class predictions:

x∗ = argmin
x∈U

[P (ŷ1|x)− P (ŷ2|x)] (3.57)

where ŷ1 and ŷ2 are the classes with the highest and second-highest predicted probabili-
ties, respectively.

Entropy-Based Selection: Selects samples with the highest predictive uncertainty as
measured by entropy:

x∗ = argmax
x∈U

[
−
∑
y

P (y|x) logP (y|x)

]
(3.58)

Sequence Generation Uncertainty Measures

For generative tasks such as IC, uncertainty estimation becomes more complex due to the
sequential nature of text generation. MTE [29] addresses this challenge by aggregating
uncertainty across all generation steps:

MTE(x) =
1

T

T∑
t=1

H(yt|y<t,x) (3.59)

where T denotes the sequence length and H(yt|y<t,x) represents the entropy at genera-
tion step t given previous tokens and input x.

This approach effectively captures distributional uncertainty across the entire caption
generation process, making it particularly suitable for vision-language tasks where
sequence coherence is crucial.

3.3.3 Diversity Sampling Methodologies

Diversity sampling addresses fundamental limitations of uncertainty-based approaches by
ensuring representative coverage of the feature space [85]. This approach is particularly
important in CL scenarios where maintaining a balanced representation across domains
is crucial.

Core-Set Methods

Core-set approaches [85] formulate sample selection as a geometric optimization problem,
seeking to minimize the maximum distance between any unlabeled point and its nearest
labeled example:

S∗ = arg min
S⊂U

max
x∈U\S

min
s∈Dlabeled∪S

d(x, s) (3.60)
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where d(·, ·) represents a distance metric in the feature space, typically Euclidean distance
between learned representations.

The core-set approach provides theoretical guarantees on coverage while remaining
computationally tractable through greedy approximation algorithms.

Clustering-Based Selection

K-means clustering [86] provides an intuitive approach to diversity sampling by partition-
ing the feature space and selecting representative samples from each cluster:

{C1, . . . , Ck} = K-means(U, k) (3.61)

S∗ = {s∗i : s∗i = arg min
s∈Ci

∥s− µi∥2}ki=1 (3.62)

where Ci represents the i-th cluster, µi denotes the cluster centroid, and k represents the
desired sample count.

This approach ensures representative coverage across different regions of the feature
space while maintaining computational efficiency.

Multimodal Diversity Assessment

CLIP [10] learns joint representations by maximizing agreement between correctly paired
image-text examples while minimizing agreement between mismatched pairs, as illus-
trated in Figure 3.7.
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I2·T1 I2·T3 …

I3·T1 I3·T2 …
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Figure 3.7: CLIP architecture and training process [10]. (1) Contrastive pre-training:
Image and text encoders learn joint representations by maximizing similarity between
correct image-text pairs and minimizing similarity between incorrect pairs in the batch.
(2) Create dataset classifier: Class labels are converted to text prompts (e.g., "A photo
of a object") and processed through the text encoder. (3) Zero-shot prediction: For
inference, the image encoder processes the input image, and classification is performed by
comparing the image embedding with all text embeddings to find the highest similarity.

.

Encoder Architecture: CLIP utilizes separate encoders for the visual and textual modali-
ties, allowing each to specialize in processing its respective input.
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Vision Encoder: Images are processed via either a Vision Transformer (ViT) [8] or a
ResNet [80] architecture:

I = fθv (ximage) ∈ Rdv (3.63)

where fθv is the vision encoder with parameters θv, and dv denotes the visual feature
dimension.

Text Encoder: Captions are processed using a Transformer-based architecture [7]:

T = gθt(xtext) ∈ Rdt (3.64)

where gθt is the text encoder with parameters θt, and dt is the textual feature dimension.

Projection to Joint Space: Both modalities are projected into a shared embedding space:

hv = WvI+ bv ∈ Rd (3.65)

ht = WtT+ bt ∈ Rd (3.66)

where Wv ∈ Rd×dv and Wt ∈ Rd×dt are projection matrices, bv,bt ∈ Rd are bias vectors,
and d is the joint embedding dimension.

Contrastive Loss Formulation: CLIP is trained using a symmetric contrastive loss. For a
batch of N image-text pairs (Ii,Ti)i = 1N , the similarity matrix is computed as:

Sij = fvisual(i) · f text(j) = cos(h(i)
v ,h

(j)
t ) (3.67)

The contrastive loss encourages high similarity for matching image-text pairs (i = j) and
low similarity for mismatched pairs (i ̸= j):

Li → t(i) = − log
exp(Sii/τ)∑N
j=1 exp(Sij/τ)

(3.68)

Lt → i(i) = − log
exp(Sii/τ)∑N
j=1 exp(Sji/τ)

(3.69)

LCLIP =
1

2N

∑
i = 1N

(
Li → t(i) + Lt → i(i)

)
(3.70)

where τ is a learnable temperature parameter controlling the sharpness of the softmax
distribution.

3.3.4 Hybrid Sampling Strategies

Hybrid approaches combine uncertainty and diversity criteria, leveraging the strengths
of both methodologies while mitigating their limitations [87, 25].

Stratified Hybrid Selection

HUDS [25] employs a stratified approach that partitions samples by uncertainty levels
before applying diversity-based selection within each stratum. This method addresses
limitations of pure uncertainty or diversity sampling by ensuring balanced selection
across different uncertainty ranges.

Phase 1: Uncertainty Computation and Stratification: HUDS estimates the uncertainty
for an unlabeled sentence s using the normalized negative log-likelihood (NNLL):
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NNLL(X) = − 1

S

S∑
j=1

log p(xj |x1, x2, . . . , xj−1) (3.71)

where S denotes the sentence length and xj represents the j-th token in sequence X .
Lower NNLL values indicate greater model confidence, while higher values signal
greater uncertainty.

The range of uncertainty scores is then partitioned into strata, with the interval for the
i-th stratum defined as:

Stratumi =

[
smin +

i− 1

n
r, smin +

i

n
r

]
(3.72)

where smin is the minimum uncertainty, smax the maximum, r = smax − smin is the range,
and n is the number of strata.

Phase 2: Diversity Selection: Within each stratum, HUDS computes sentence embed-
dings (typically using pre-trained BERT), then clusters them using k-means. Diversity is
measured as the cosine distance between a sentence’s embedding and its cluster centroid:

Diversity(x) = d(x, ci) = 1− ex · ci
|ex||ci|

(3.73)

where ex is the embedding of sentence x and ci is the centroid of cluster i.

Phase 3: Hybrid Score Computation: The final hybrid sampling score combines uncer-
tainty and diversity via a weighted sum:

H(x) = λ · d(x, ci) + (1− λ) · ux (3.74)

where d(x, ci) is the diversity score, ux is the uncertainty score of sentence x, and λ ∈ [0, 1]
balances the contribution of uncertainty and diversity. The top-k instances with the
highest hybrid scores are selected for annotation.

This stratified approach ensures the selection of diverse samples from each uncertainty
subpopulation, allowing the model to learn from both challenging (high uncertainty)
and representative (high diversity) examples across the feature space.

3.4 Evaluation Frameworks

Comprehensive evaluation of CL systems requires metrics that assess both knowledge
retention and adaptation capabilities across multiple dimensions. This section establishes
the evaluation frameworks essential for assessing multimodal CL performance.

This section covers traditional image captioning metrics (Section 3.4.1) including n-gram
and semantic similarity measures, continual learning evaluation metrics (Section 3.4.2)
that capture knowledge retention and transfer capabilities, and human evaluation statis-
tical methods (Section 3.4.3) that provide the mathematical foundations for analyzing
subjective quality assessments.
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3.4.1 Traditional Image Captioning Metrics

N-gram Based Metrics

BLEU [73] is a precision-based metric that quantifies the degree of n-gram overlap
between candidate and reference captions.

BLEU = BP × exp

(
N∑

n=1

wn log pn

)
(3.75)

where pn represents n-gram precision, wn denotes uniform weights (wn = 1/N ), and BP
represents the brevity penalty:

BP =

{
1 if c > r

exp(1− r/c) if c ≤ r
(3.76)

where c is the candidate length and r is the reference length.

ROUGE [75] focuses on recall by measuring the length of the longest common subse-
quence between candidate and reference texts:

ROUGE-Lrecall =
LCS(X,Y)

|Y|
= RL (3.77)

ROUGE-Lprecision =
LCS(X,Y)

|X|
= PL (3.78)

ROUGE-LF1 =
(1 + β2) ·RL · PL

β2 · PL +RL
(3.79)

where LCS(X,Y) computes the longest common subsequence between candidate X and
reference Y, and β controls the importance of recall versus precision.

Semantic Similarity Metrics

CIDEr (Consensus-based Image Description Evaluation) [76] measures consensus
between multiple reference captions using term frequency-inverse document frequency (TF-
IDF) weighting.

TF-IDF Weighting Mechanism: The core innovation of CIDEr lies in its use of TF-IDF
weighting to create meaningful n-gram representations. The TF-IDF scheme consists of
two multiplicative components:

Term Frequency (TF): Measures how frequently a word appears within a specific caption,
normalized by caption length:

TF(w, c) =
count(w, c)

|c|
(3.80)

where count(w, c) represents the frequency of word w in caption c, and |c| denotes the
total number of words in the caption. This component ensures that words appearing
multiple times in a caption receive higher importance.
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Inverse Document Frequency (IDF): Measures the informativeness of a word by computing
its rarity across the entire corpus:

IDF(w) = log

(
|D|

|{c ∈ D : w ∈ c}|

)
(3.81)

where |D| represents the total number of captions in the corpus, and |{c ∈ D : w ∈ c}|
counts the number of captions containing the word w. The logarithm dampens the effect
while ensuring rare words receive exponentially higher weights than common words.

Combined TF-IDF Weight: The final weight combines both components:

TF-IDF(w, c) = TF(w, c)× IDF(w) (3.82)

This weighting scheme automatically emphasizes distinctive, content-bearing words
(e.g., "dog", "bicycle", "running") while downweighting common function words (e.g.,
"the", "and", "is").

N-gram Vector Construction: For each caption, CIDEr constructs TF-IDF weighted
n-gram vectors gn(c) where each dimension corresponds to an n-gram’s TF-IDF weight.
This creates a high-dimensional representation that captures both local word patterns
and their semantic importance.

CIDEr Score Calculation: Using the TF-IDF weighted n-gram vectors, CIDEr computes
semantic similarity between candidate and reference captions through cosine similarity:

CIDErn(ci, Si) =
1

m

m∑
j=1

gn(ci) · gn(sij)

∥gn(ci)∥∥gn(sij)∥
(3.83)

where gn(ci) represents the TF-IDF weighted n-gram vector for candidate caption ci,
gn(sij) denotes the corresponding vector for reference caption sij , and m is the number
of reference captions. The final CIDEr score typically combines multiple n-gram orders
(n=1,2,3,4) with equal weighting.

BERTScore [78] leverages contextualized embeddings from pre-trained language models
to assess semantic similarity between generated and reference captions, enabling robust
comparison beyond simple lexical overlap.

Precision =
1

|x|
∑
xi∈x

max
yj∈y

sim(xi,yj) (3.84)

Recall =
1

|y|
∑

yj ∈ ymaxxi ∈ xsim(xi,yj) (3.85)

F1 = 2 · Precision × Recall
Precision + Recall

(3.86)

where sim(xi,yj) computes the cosine similarity between contextualized embeddings,
enabling semantic matching even with different word choices.

Based on the GEM paper, here’s an improved version of the subsection:

Here’s the updated subsection with notation explanations integrated into the text:

Here’s the updated subsection with author names removed from citations:
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3.4.2 Continual Learning Evaluation Metrics

Building upon the foundational work in [16], we adopt a comprehensive evaluation
framework that captures both performance and knowledge transfer capabilities in con-
tinual learning scenarios. The evaluation is based on constructing a performance matrix
R ∈ RT×T , where T represents the total number of tasks, and Ri,j represents the test
classification accuracy on task tj after observing the last sample from task ti. Here, the
row index i indicates the temporal point of evaluation (after completing task i), while
the column index j specifies which task is being evaluated.

Core Performance Metrics

Average Accuracy measures overall performance across all tasks after sequential learning:

Average Accuracy (ACC) =
1

T

T∑
i=1

RT,i (3.87)

where RT,i denotes the final performance on task i after learning all T tasks, and 1
T

provides the averaging factor across all tasks.

Backward Transfer quantifies the influence of learning new tasks on previously acquired
knowledge [16]:

Backward Transfer (BWT) =
1

T − 1

T−1∑
i=1

(RT,i −Ri,i) (3.88)

where Ri,i represents the performance on task i immediately after learning it (the "fresh"
performance), RT,i is the final performance on task i after learning all subsequent tasks,
and 1

T−1 averages over all tasks except the last one (which cannot experience backward
transfer). The difference (RT,i−Ri,i) captures the performance change due to subsequent
learning. This metric captures:

• Positive backward transfer: BWT > 0 indicates that learning subsequent tasks im-
proves performance on previous tasks

• Negative backward transfer: BWT < 0 indicates CF, where new learning degrades
previous knowledge

Forward Transfer assesses the benefit of previously learned knowledge for acquiring
new tasks [16]:

FWT =
1

T − 1

T∑
i=2

(Ri−1,i − b̄i) (3.89)

where Ri−1,i is the performance on task i after learning tasks 1 through i − 1 (but
before learning task i itself), b̄i represents the baseline performance on task i at random
initialization, and 1

T−1 averages over all tasks except the first one (which cannot benefit
from forward transfer). The summation starts from i = 2 since the first task has no
previous knowledge to transfer from. Positive values indicate beneficial knowledge
transfer, enabling faster learning or zero-shot capabilities.
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Memory-Specific Metrics

For episodic memory-based approaches, we additionally consider:

Forgetting Measure following [20, 88]:

FM =
1

T − 1

T−1∑
i=1

max
k∈{i,...,T−1}

(Rk,i −RT,i) (3.90)

where maxk∈{i,...,T−1} Rk,i finds the peak performance achieved on task i during the
learning sequence (from when it was learned until before the last task), RT,i is the final
performance on task i, and the difference captures the maximum performance drop
experienced by task i. The range k ∈ {i, . . . , T − 1} ensures we only consider evaluations
after task i was learned but before the final evaluation.

Average Forgetting as a simplified metric [89]:

Average Forgetting (AF) =
1

T − 1

T−1∑
i=1

(Ri,i −RT,i) (3.91)

where (Ri,i −RT,i) directly measures the performance drop from when each task i was
first learned to the final evaluation, and 1

T−1 averages this drop across all tasks except
the last one. Lower values indicate better retention of previous knowledge.

This evaluation framework provides a principled approach to assess continual learning
systems, particularly focusing on the trade-offs between performance, memory efficiency,
and knowledge transfer capabilities that are central to the ALCIE framework’s objectives.

3.4.3 Human Evaluation Statistical Methods

This section provides the mathematical foundations and standard definitions for statisti-
cal analysis of human evaluation data in AI research.

Descriptive Statistical Measures

For human evaluation data with n participants rating k conditions, the following descrip-
tive measures are used:

Sample Mean: Definition: The arithmetic average of participant scores, representing the
central tendency of the data [90].

x̄ =
1

n

n∑
i=1

xi (3.92)

where xi represents individual rating scores.

Sample Standard Deviation: Definition: A measure of data dispersion, quantifying the
extent to which scores deviate from the sample mean [90].

s =

√√√√ 1

n− 1

n∑
i=1

(xi − x̄)2 (3.93)
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Standard Error of the Mean: Definition: An estimate of the variability of the sample
mean across different samples drawn from the same population [91].

SEx̄ =
s√
n

(3.94)

Range: Definition: The difference between the maximum and minimum mean values
across k conditions, indicating the spread of mean scores [92].

R = max(x̄1, x̄2, . . . , x̄k)−min(x̄1, x̄2, . . . , x̄k) (3.95)

Confidence Intervals

95% Confidence Interval (CI): Definition: An interval estimate that is expected to contain
the true population mean 95% of the time if the experiment were repeated [90].

CI95% = x̄± 1.96× SEx̄ (3.96)

Reliability Measurement

Cronbach’s Coefficient Alpha: Definition: A statistic that measures internal consistency
(reliability) of a set of scale or test items [93].

α =
k

k − 1

(
1−

∑k
i=1 σ

2
Yi

σ2
X

)
(3.97)

where k is the number of evaluation dimensions, σ2
Yi

is the variance of dimension i, and
σ2
X is the variance of total scores.

Preference Analysis

Preference Proportion: Definition: The proportion of participants who preferred a specific
condition, expressed as a percentage [94].

Pj =
xj

n
× 100% (3.98)

where xj represents the number of preferences for condition j.

Temporal Difference: Definition: The difference in mean scores between two time points
or experimental phases [91].

∆temporal = x̄late − x̄early (3.99)

These mathematical formulations provide the computational foundation for human
evaluation analysis, with specific implementation and interpretation determined by
study design and research objectives.



Chapter 4
Methodology

This methodology chapter presents our systematic approach to answering the central
research question: Can strategic sample selection significantly improve continual
learning performance beyond computationally efficient random approaches? We
introduce the ALCIE framework, which systematically compares uncertainty-based
sampling, diversity-based sampling, hybrid strategies, and random sampling baselines
across BLIP-2 and OFA architectures.

We begin with a comprehensive overview, establishing the theoretical foundations and
architectural components of our strategic vs. random memory management comparison
(Section 4.1). Next, we detail the benchmark architecture, focusing on the integration of
BLIP-2 and OFA models as the technical basis for systematic evaluation (Section 4.2). We
then introduce our novel AL integration, which incorporates uncertainty, diversity, and
hybrid sampling strategies into the CL workflow for direct comparison against random
baselines (Section 4.3). Subsequently, we describe our memory management strategies,
which transform random episodic memory selection into principled approaches for
strategic sample retention and replay (Section 4.4). Finally, we present our comprehensive
training infrastructure and implementation framework, establishing a foundation for
reproducible experimentation and systematic evaluation of strategic memory selection
in continual IC tasks (Section 4.5).

4.1 ALCIE Framework Overview

This section establishes the theoretical and architectural foundations of our ALCIE frame-
work, designed to systematically investigate whether strategic memory management
provides meaningful advantages over computationally efficient random sampling in
continual IC systems. We begin by introducing the core challenge of strategic episodic
memory management and our comparative approach (Section 4.1.1), followed by a dis-
cussion of the theoretical motivation grounded in information-theoretic principles while
questioning practical applicability (Section 4.1.2). Next, we present the full framework
architecture and pipeline, highlighting how our approach enables systematic comparison
between strategic and random memory selection (Section 4.1.3). Finally, we summarize

46
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our main contributions and detail the novel aspects of our cross-architectural validation
methodology (Section 4.1.4).

4.1.1 Active Learning for Continual Image Captioning

The ALCIE framework addresses the core challenge of strategic episodic memory man-
agement in CL systems by systematically comparing sophisticated approaches against
simple random sampling baselines. Conventional CL methods for IC typically rely on
random sampling to populate episodic memory buffers, a practice that may not make op-
timal use of limited memory resources [12]. However, the fundamental question remains:
do sophisticated selection strategies justify their computational overhead compared to
simple random approaches?

The framework operates on the principle that strategic sample selection should demon-
strate measurable advantages over random sampling to justify additional computational
complexity. Rather than assuming sophisticated approaches are superior, ALCIE utilizes
specialized query functions to evaluate sample informativeness based on uncertainty
estimation, diversity considerations, or a hybrid of both, then systematically compares
these against random selection across identical conditions.

ALCIE integrates seamlessly with existing vision-language architectures through mod-
ular trainer extensions that implement AL selection during the training process. The
framework maintains compatibility with different episodic memory approaches while
providing systematic improvements through strategic sample selection, making it ap-
plicable to various CL scenarios beyond IC. Critically, the framework measures both
performance improvements and computational overhead to determine practical deploy-
ment viability.

4.1.2 Theoretical Motivation and Design Principles

The theoretical foundation of ALCIE rests on information-theoretic principles that inform
effective sample selection in resource-constrained learning environments [95], while
explicitly questioning whether these theoretical advantages translate to practical benefits
over simple random sampling. In CL scenarios, a fundamental trade-off arises between
preserving previously acquired knowledge and adapting to new domains. Episodic mem-
ory acts as a key mechanism for knowledge retention, yet its effectiveness is determined
by which samples are chosen for storage and replay [16].

Information-Theoretic Foundation vs. Practical Efficiency: The central hypothesis of
ALCIE is that samples with higher information content should be more valuable for
mitigating CF, but this theoretical advantage must be validated against the computational
simplicity of random sampling. Information content can be quantified in several ways:
uncertainty-based measures identify samples where the model exhibits low confidence,
signaling prime opportunities for learning [23], while diversity-based measures ensure
broad coverage of the input distribution, reducing the risk of overfitting to specific
subsets [85]. However, the computational overhead of these sophisticated approaches
raises questions about their practical superiority over random selection.

Multimodal Considerations: Vision-language tasks introduce added complexity relative
to unimodal CL due to the need for coherent alignment between visual and linguistic
modalities as the model encounters new domains. ALCIE addresses this by leveraging
the robust multimodal representations of CLIP [10] for diversity assessment, ensuring
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that sample selection reflects both visual and textual informativeness. Yet this sophistica-
tion comes with computational costs that must be justified against random sampling’s
efficiency.

Design Principles: The framework is designed around three key principles: (1) Fair
Comparison: systematic evaluation of strategic vs. random approaches under identical
conditions; (2) Computational Transparency: explicit measurement of efficiency trade-offs
alongside performance metrics; and (3) Architectural Generalizability: validation that
findings hold across different vision-language architectures.

4.1.3 Framework Architecture and Pipeline

As depicted in Figure 4.1, the ALCIE system operates through a hierarchical pipeline
comprising four core components designed for systematic comparison of memory man-
agement strategies:

Vision-Language Model Layer: Pre-trained models are adapted via CL using the fashion
domain sequence detailed in Section 4.2.1.

Active Learning Selection Engine: Four sampling strategies enable systematic compari-
son: Random (computational efficiency baseline), Uncertainty (MTE-based), Diversity
(CLIP-based clustering), and Hybrid (HUDS stratified approach). Each strategy is eval-
uated under identical conditions to determine whether sophisticated selection criteria
justify their computational overhead. Detailed implementations are provided in Sec-
tion 4.3.

Episodic Memory Management System: Building on the approach from [12], the frame-
work incorporates an advanced memory buffer that retains strategically selected samples
from multiple domains through dynamic capacity allocation and score-based replace-
ment policies. Proportional deletion strategies are employed to prioritize the retention of
the most informative instances, ensuring that essential knowledge is preserved while
accommodating new data from emerging domains. The system maintains identical
capacity constraints across all strategies to ensure fair comparison.

Memory Replay Mechanism: A cluster-stratified sampling strategy ensures balanced
rehearsal across all previously encountered domains. Replay events are systematically
triggered after every 200 training samples, enabling effective cross-domain knowledge
transfer while preventing contamination from the current domain. This mechanism
maintains the integrity of past learning and supports continual adaptation across all
sampling strategies.

Continual Learning Pipeline

The ALCIE pipeline progresses through sequential domain phases, each corresponding
to a specific fashion category (accessories, bottoms, dresses, outerwear, shoes, tops). The
continual learning protocol is designed to support systematic knowledge accumulation
while actively mitigating CF through strategic vs. random memory management com-
parison:

Domain Initialization: Each new domain phase begins from the model checkpoint ob-
tained at the end of the previous phase, preserving continuity in learned representations.
The memory buffer is retained across transitions, with proportional deletion strategies
employed to allocate space for new domain samples while minimizing information loss.
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Figure 4.1: ALCIE Framework Architecture: The framework integrates four AL strategies
(Random, Uncertainty, Diversity, Hybrid) with episodic memory management for con-
tinual IC. Pre-trained vision-language models (BLIP-2/OFA) process sequential fashion
domain clusters from the FACAD dataset. The systematic comparison evaluates whether
strategic AL strategies provide meaningful advantages over random sampling baselines
while managing bounded memory constraints and preventing CF through balanced
rehearsal mechanisms.

Active Learning Integration: During each training iteration, the current batch is evalu-
ated using the chosen AL strategy. The top-k most informative samples (typically k = 16)
are selected according to the strategy-specific scoring function and marked for episodic
memory storage. Random sampling serves as the computational efficiency baseline
against which sophisticated strategies must demonstrate clear advantages.



50

Memory Update Protocol: Selected samples are integrated into the episodic memory
buffer through score-based replacement policies, which prioritize the retention of highly
informative instances and maintain balanced representation across domains.

Replay-Enhanced Training: At scheduled intervals, training batches are augmented with
samples strategically drawn from the episodic memory buffer. This replay mechanism
ensures consistent exposure to prior domain knowledge during new domain adaptation,
promoting robust knowledge retention and transfer.

Cross-Domain Knowledge Transfer

The framework implements sophisticated mechanisms to ensure effective knowledge
transfer across sequential learning episodes while maintaining domain-specific adapta-
tion capabilities:

Memory Stratification: The episodic memory buffer is organized into clusters corre-
sponding to each previously encountered domain, enabling balanced and representative
sampling across all domains during memory replay events.

Gradient Integration: During memory replay, the framework computes separate forward
and backward passes for historical samples, then integrates their gradients with those
from the current domain. This process helps to retain prior knowledge while minimizing
interference during continual adaptation.

Evaluation Protocol: After each training phase, model performance is systematically
evaluated on all previously encountered domains. This cross-domain assessment pro-
vides a quantitative measurement of both knowledge retention and the effectiveness of
transfer across domains.

4.1.4 Main Contributions and Novel Aspects

The ALCIE framework makes several novel contributions to the field of CL for vision-
language models by systematically questioning assumptions about memory strategy
sophistication:

1. Novel Framework for Strategic vs. Random Memory Management: We introduce
ALCIE, the first systematic framework to directly compare AL principles with ran-
dom sampling baselines in continual IC, challenging assumptions about whether
algorithmic sophistication provides meaningful advantages over computational
efficiency.

2. Adaptation of Active Learning to Continual Vision-Language Tasks: We adapt
and extend four distinct AL strategies: uncertainty sampling, diversity sampling,
hybrid sampling (HUDS), and random baseline specifically for multimodal CL sce-
narios, addressing the unique challenges of maintaining both visual and linguistic
knowledge across sequential domains while measuring computational trade-offs.

3. Cross-Architecture Validation Framework: We provide comprehensive evaluation
across two different vision-language architectures (BLIP-2’s modular design and
OFA’s unified transformer), demonstrating whether AL benefits are architecture-
agnostic and represent fundamental improvements or design-specific phenomena.

4. Strategic Memory Management with Bounded Resources: We develop sophisti-
cated memory buffer management protocols including score-based replacement
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policies, proportional deletion strategies, and cluster-stratified replay mechanisms
that maximize knowledge retention within fixed memory constraints while en-
abling fair comparison across strategies.

5. Systematic Benchmark for Continual Image Captioning: We establish a standard-
ized evaluation framework for CL in vision-language models using the FACAD
fashion dataset, providing reproducible protocols for comparing memory manage-
ment strategies across multiple performance dimensions.

6. Computational Efficiency Integration: We explicitly measure computational over-
head alongside performance metrics, moving beyond traditional AL evaluation to
consider practical deployment feasibility and resource allocation trade-offs.

4.2 Benchmark Architecture Design

This section presents the technical foundation and architectural components that enable
systematic evaluation of strategic vs. random memory management in multimodal learn-
ing systems. We begin with an overview of our modular benchmark design philosophy
and its advantages for CL research (Section 4.2.1). We then detail our selection and
implementation of two complementary vision-language architectures: BLIP-2’s modular
design (Section 4.2.2) and OFA’s unified transformer framework (Section 4.2.3). Each
architectural choice is accompanied by detailed justifications for its inclusion in our
comparative benchmark suite.

4.2.1 Benchmark Design Philosophy and Model Selection

The ALCIE framework establishes a comprehensive benchmark architecture that integrates
AL principles with episodic memory selection for continual IC, with the primary goal
of determining whether strategic approaches justify their computational overhead com-
pared to random sampling. The architecture adopts a modular design, separating the
core IC models from the memory management strategies. This separation ensures fair
and transparent comparison across different AL approaches while maintaining identical
experimental conditions.

This modular approach was deliberately chosen over integrated architectures for several
critical reasons. First, it allows performance improvements to be explicitly attributed to
strategic memory selection versus random baselines, rather than confounded by model-
specific optimizations. This addresses a key methodological concern in CL research,
where confounding factors often obscure the true contribution of individual components
[27]. Second, the modular design supports systematic ablation studies across archi-
tectural choices while maintaining consistent experimental conditions for fair strategy
comparison.

The framework leverages state-of-the-art vision-language models as foundational archi-
tectures, specifically BLIP-2 and OFA, which exemplify distinct paradigms in multimodal
learning [3, 2]. The selection of these models is motivated by their complementary
strengths and architectural diversity: BLIP-2 follows the frozen-encoder paradigm, uti-
lizing pre-trained components with minimal fine-tuning, while OFA adopts a unified
sequence-to-sequence approach, jointly optimizing all components. This diversity en-
ables a robust assessment of whether AL benefits are architecture-dependent or represent
fundamental advances in memory management over random approaches.
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The experimental pipeline employs the FACAD dataset [28] to investigate CL across
six fashion categories, chosen for their clear domain boundaries and relevance to e-
commerce applications. The dataset comprises six fashion categories with clear domain
boundaries: (1) accessories, (2) bottoms, (3) dresses, (4) outerwear, (5) shoes, and (6)
tops. Each category contains diverse image-caption pairs relevant to e-commerce appli-
cations, providing both visual and linguistic diversity essential for systematic analysis of
catastrophic forgetting and memory management effectiveness across different sampling
strategies.

4.2.2 BLIP-2 Architecture Implementation

BLIP-2 serves as our primary benchmark due to its modular design enabling isolated
continual learning effects and clear attribution of improvements to memory management
strategies rather than architectural modifications. The three-component architecture
(frozen ViT-L/14, trainable Q-Former, frozen OPT-2.7B) allows selective adaptation while
preserving robust pretrained representations.

For detailed architectural specifications, see Section 3.1.4. Our implementation focuses
on Q-Former adaptation during continual learning phases while maintaining frozen
component stability, enabling systematic comparison of how different memory strategies
affect the trainable components without confounding factors from architectural changes.

4.2.3 OFA Unified Transformer Framework

OFA provides architectural contrast through its unified parameter sharing across modal-
ities, enabling validation that strategic memory management benefits (if any) are
architecture-agnostic rather than specific to modular designs like BLIP-2.

Implementation details are provided in Section 3.1.5. Our methodology emphasizes the
unified optimization landscape differences compared to BLIP-2’s component isolation,
enabling assessment of whether memory strategy advantages persist across different
architectural paradigms.

4.3 Active Learning Integration

This section details the implementation of our four distinct query functions designed
specifically for multimodal CL scenarios, with particular emphasis on systematic compar-
ison between sophisticated strategies and random baselines. We begin with our baseline
random sampling approach (Section 4.3.1), followed by our uncertainty-based strategy
using MTE (Section 4.3.2). We then present our diversity sampling approach leveraging
CLIP features (Section 4.3.3), and conclude with our novel hybrid strategy that combines
uncertainty and diversity criteria (Section 4.3.4).

4.3.1 Random Sampling Baseline

Random sampling serves as the fundamental baseline for episodic memory selection,
representing the traditional approach employed in existing CL frameworks [16, 20]. This
strategy provides an unbiased selection mechanism that ensures equal probability of
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selection for all samples within a training batch while offering maximum computational
efficiency.

The random sampling implementation operates through a probability-based selection
mechanism where each sample has a 20% chance of being selected for memory storage:

P (select sample si) = 0.2 (4.1)

Random sampling provides computational efficiency and serves as the control condi-
tion for evaluating the effectiveness of principled AL strategies. This approach ensures
that performance improvements can be attributed to strategic selection rather than ar-
chitectural modifications or implementation artifacts. Importantly, random sampling
establishes the computational efficiency benchmark against which sophisticated strate-
gies must demonstrate clear advantages to justify their overhead.

4.3.2 Uncertainty Sampling

Our uncertainty sampling implementation employs MTE as detailed in Section 3.3.2.
For multimodal continual learning, MTE provides robust uncertainty estimation across
the sequential generation process by aggregating entropy across all token positions,
theoretically identifying samples with highest learning potential.

Mathematical Formulation: The MTE implementation performs forward passes to obtain
logit distributions zt at each token position t, computes probability distributions via
softmax transformation, then calculates token-wise entropy:

Ht = −
∑
v∈V

pt(v) log pt(v) (4.2)

where pt(v) =
exp(z

(v)
t )∑

v′∈V exp(z
(v′)
t )

represents the probability of token v at position t. The final

MTE score aggregates entropy across all sequence positions:

MTE(s) =
T∑

t=1

Ht (4.3)

Computational Trade-off: While uncertainty sampling theoretically identifies high-value
samples, it requires forward passes for uncertainty estimation, increasing computational
cost compared to random baseline. Our evaluation explicitly measures whether this
overhead translates to meaningful performance improvements.

4.3.3 Diversity Sampling

Our diversity sampling implementation follows the clustering-based selection methodol-
ogy detailed in Section 3.3.3. The strategy leverages CLIP’s multimodal representations
(see Section 3.1.3 for architectural details) to ensure comprehensive feature space cover-
age, theoretically providing better domain representation than random selection.

Feature Extraction and Fusion: CLIP embeddings are extracted for both visual and
textual modalities, then fused via element-wise averaging to create unified multimodal
representations:

ffused =
CLIPvision(xi) + CLIPtext(yi)

2
(4.4)
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Clustering-based Selection: K-means clustering partitions batches into k clusters based
on fused representations, selecting the sample maximizing distance to each centroid to
ensure representative coverage:

s∗j = argmax
s∈Cj

∥ffused(s)− µj∥2 (4.5)

where Cj represents cluster j and µj denotes the corresponding centroid.

Computational Trade-off: Diversity sampling incurs substantial computational overhead
through CLIP feature extraction and clustering operations. Our systematic evaluation
determines whether this sophistication provides meaningful advantages over random
selection’s simplicity.

4.3.4 Hybrid Sampling

Our hybrid sampling strategy implements the HUDS methodology described in Sec-
tion 3.3.4, adapting it for multimodal continual learning scenarios. The stratified ap-
proach addresses the limitations of simple weighted combinations, theoretically combin-
ing benefits of both uncertainty and diversity criteria.

Three-Phase HUDS Implementation: The implementation follows the systematic HUDS
process:

Uncertainty Stratification: Using MTE scores from Section 3.3.2:

Stratumi = {s ∈ B : Qi−1 ≤ MTE(s) < Qi} (4.6)

where Qi represents uncertainty quartile boundaries and B denotes the current batch.

Proportional Allocation: Sample allocation across strata maintains representativeness:

ki =

⌊
k · |Stratumi|

N

⌋
(4.7)

where k represents total samples to select and N denotes batch size.

Diversity Selection: K-means clustering on CLIP features (Section 3.3.3) selects diverse
representatives within each stratum, using equal weighting (α = 0.5) as established in
the HUDS [25] framework.

Computational Trade-off: Hybrid sampling combines computational overhead from
both uncertainty estimation and diversity clustering, representing the most sophisticated
but computationally expensive approach. Our evaluation determines whether this
complexity translates to meaningful improvements over simpler approaches.

4.4 Memory Management Strategies

This section presents the detailed mathematical formulations and algorithmic implemen-
tations of our memory buffer architectures, replay mechanisms, and deletion policies that
enable effective knowledge retention while accommodating adaptation to new domains.
The unified implementation ensures fair comparison across all sampling strategies. We
begin with the episodic memory buffer architecture design (Section 4.4.1), followed by
our memory replay mechanisms (Section 4.4.2), and conclude with our memory deletion
policies (Section 4.4.3).
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4.4.1 Episodic Memory Buffer Architecture

The episodic memory buffer M implements strategic storage, retrieval, and maintenance
of episodic experiences across CL episodes. The buffer maintains structured sample
representations through a mapping:

M : K → S × C ×R (4.8)

where K denotes unique sample identifiers, S indicates the multimodal sample space,
C contains cluster assignments (visualized by color coding in Figure 4.2), and R stores
relevance scores from AL query functions.

Capacity Management and Allocation

The buffer enforces strict capacity constraints while maintaining domain-balanced rep-
resentation across all sampling strategies. As demonstrated in Figure 4.2, initial buffer
population begins with a single domain (Stage 1: Accessories at 100% allocation), with
progressive evolution through six fashion categories requiring proportional reallocation
as new domains are introduced.

Figure 4.2: Progressive evolution of episodic memory buffer composition during contin-
ual learning across six fashion categories. Each stage (1-6) corresponds to the buffer state
after training on a new domain: (1) Accessories, (2) Bottoms, (3) Dresses, (4) Outerwear,
(5) Shoes, and (6) Tops. The proportional allocation demonstrates the cluster-aware
deletion strategy defined in Equation 4.17, showing how different sampling strategies
prioritize sample retention while maintaining balanced cross-domain representation
within the fixed capacity constraint Cmax = 10,000.
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The buffer enforces a strict capacity constraint across all sampling strategies:

|M| ≤ Cmax (4.9)

where Cmax is the maximum allowed buffer size, initially set to 10,000 samples to balance
memory usage and effective sample retention. This constraint ensures fair comparison
by providing identical resource limitations across random and strategic approaches. The
impact of this constraint becomes evident in Stages 2-6 of Figure 4.2, where each new
domain introduction necessitates a proportional reduction of existing allocations.

Score-based Sample Replacement

The memory buffer implements a sophisticated replacement policy that prioritizes re-
tention of samples with high AL scores while ensuring domain-balanced representation.
This approach extends traditional reservoir sampling methods by incorporating infor-
mativeness criteria derived from AL theory [22], enabling direct comparison of how
different strategies utilize limited memory resources.

For each new sample candidate snew with score ρnew and cluster assignment cnew, the
insertion policy operates as follows:

Capacity Check and Replacement Criteria:

Insert(snew) =


True if |M| < Cmax

True if |M| = Cmax and ρnew > ρ
(cnew)
min

False otherwise
(4.10)

where ρ
(c)
min represents the minimum relevance score among samples belonging to cluster

c:
ρ
(c)
min = min

si∈M,ci=c
ρi (4.11)

Cluster-aware Deletion Strategy: When buffer capacity is exceeded, the replacement
algorithm identifies the least relevant sample within the current cluster for deletion:

sdelete = arg min
si∈M,ci=cnew

ρi (4.12)

This cluster-aware policy ensures that memory replacement occurs within the same do-
main, preventing cross-domain interference while maintaining a balanced representation
across previously encountered domains.

4.4.2 Memory Replay Mechanisms

Replay Frequency and Scheduling

The memory replay mechanism adopts a periodic sampling strategy, integrating stored
experiences from the episodic memory buffer into the current training episode to mitigate
CF [15]. In both OFA and BLIP-2 trainers, the replay schedule is managed by maintaining
a running count of processed samples, with identical scheduling across all sampling
strategies to ensure fair comparison.
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Replay Trigger Condition:

Trigger Replay =

{
True if Nprocessed ≥ freplay

False otherwise
(4.13)

where Nprocessed is the cumulative number of training samples processed since the last
replay event, and freplay = 200 represents the replay frequency parameter. After each
replay, the sample counter is reset to zero.

Batch Composition for Memory Replay

The memory replay mechanism constructs mini-batches by sampling from the episodic
memory buffer while explicitly excluding samples originating from the current training
cluster. This exclusion prevents data leakage and maintains authentic cross-domain
knowledge transfer throughout CL across all sampling strategies.

Cluster-stratified Replay Sampling: The memory replay mechanism adopts a cluster-
stratified sampling strategy, where replay batches are constructed by sampling one rep-
resentative from each previously encountered domain cluster. For every replay event,
exactly one sample is drawn from each cluster preceding the current training domain,
ensuring that all past domains are represented in the replay batch.

Formally, the replay batch Breplay at each memory replay event is constructed as follows:

Breplay =
⋃

c∈Cprev

Sampleϕ
(
Mc, nper-cluster = 1

)
(4.14)

where:

• Cprev = {c | 1 ≤ c < ccurrent} denotes the set of all previous domain clusters,

• Mc = {si ∈ M : ci = c} is the subset of memory samples assigned to cluster c,

• nper-cluster = 1 specifies that one sample is drawn from each cluster,

• Sampleϕ(·) indicates random sampling from the available samples in each cluster.

4.4.3 Memory Deletion Policies

Proportional Deletion Strategy

The ALCIE framework employs a proportional deletion strategy to manage its episodic
memory buffer effectively during CL. This approach ensures that, as new domain data
arrive, the memory buffer maintains capacity by proportionally removing samples from
previously encountered domains while enabling each sampling strategy to retain its
highest-priority samples according to strategy-specific criteria.

Domain Transition Memory Management: During each transition from domain dt−1 to
domain dt, the buffer applies a proportional deletion policy, removing a fixed fraction of
samples from every previously encountered domain cluster:

δt =
1

t
(4.15)
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where δt is the deletion fraction applied to all previous clusters when entering domain t.

Cluster-wise Deletion Implementation: For every prior cluster c ∈ {1, 2, . . . , t− 1}, the
number of samples to delete is given by:

n
(c)
delete = ⌊δt · |Mc|⌋ (4.16)

where Mc is the set of buffer samples assigned to cluster c.

Samples to be deleted are selected according to the lowest relevance scores within each
cluster, enabling each sampling strategy to retain its most valuable samples:

Dc =
{
si ∈ Mc | ρi ∈ Min

n
(c)
delete

({ρj : sj ∈ Mc})
}

(4.17)

where ρj denotes the relevance score of sample sj as determined by the AL strategy, and
the n

(c)
delete samples with the lowest scores are selected for removal within each cluster.

Score-based Retention Criteria

The memory buffer employs score-based retention criteria to prioritize the preservation
of the most informative samples during domain transitions. Each sample is assigned a
relevance score according to the AL strategy in use, such as uncertainty, diversity, hybrid
combination, or random assignment. During memory maintenance, samples with higher
relevance scores are preferentially retained, while those with lower scores are removed
to free up space. This mechanism enables direct comparison of how different strategies
utilize limited memory resources.

Implementation of these retention and replay strategies is fully integrated into the
training pipeline through standard pickle-based serialization for buffer persistence,
ensuring that sample selection and buffer maintenance are consistently aligned with the
chosen AL objectives while maintaining identical conditions across all strategies.

4.5 Training Infrastructure and Implementation

This section presents the implementation details of our comprehensive training infras-
tructure designed to support scalable, reproducible, and systematic experimentation
across different AL strategies and vision-language models. The infrastructure ensures
fair comparison between strategic and random sampling approaches by maintaining
identical training conditions while measuring both performance and computational
efficiency. We begin with our system architecture and modular design (Section 4.5.1),
followed by our CL protocol implementation (Section 4.5.2), and conclude with our
hyperparameter configurations and training settings (Section 4.5.3).

4.5.1 System Architecture and Modular Design

The implementation realizes the modular design principles established in Section 4.1.2,
enabling systematic comparison of memory management strategies while maintaining
computational transparency.
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Hierarchical Software Architecture

Model Abstraction Layer: The framework offers unified interfaces for both encoder-
decoder architectures (OFA) [2] and cross-modal architectures (BLIP-2) [3] via standard-
ized trainer classes. Each model-specific trainer inherits from the base Hugging Face
Trainer class and implements custom training steps that integrate AL selection mecha-
nisms:

Ltotal = Lprimary + λreplayLreplay (4.18)

where Lprimary represents the loss on current domain data, Lreplay denotes the loss on
episodic memory samples, and λreplay = 1.0 ensures balanced weighting between current
and prior knowledge across all strategies.

Memory Management Layer: The framework implements four distinct memory buffer
classes, each corresponding to a specific AL strategy (Random, Uncertainty, Diversity,
Hybrid). All memory buffers inherit from a shared interface that standardizes key
operations, including sample insertion, deletion, and replay batch construction, ensuring
identical memory management conditions across strategies.

Orchestration Layer: A shell script-based distributed training system manages resource
allocation and experiment scheduling. The orchestration scripts automatically handle
model checkpointing, memory buffer persistence, and cross-cluster training coordination
while tracking computational efficiency metrics.

Cross-Model Compatibility Framework

To ensure consistent evaluation across different vision-language architectures, ALCIE
implements model-agnostic data processing and AL mechanisms:

Unified Data Collation: The framework provides specialized data collators for
each model architecture while maintaining consistent batch composition. For OFA
models, batches contain patch_images, input_ids, and decoder_input_ids
with return_loss=True. For BLIP-2 models, batches comprise pixel_values,
input_ids, and labels with appropriate attention masking.

Model-Agnostic Scoring: AL strategies utilize CLIP ViT-B/32 embeddings for diversity
assessment and model-specific uncertainty computation, ensuring comparable sample
selection criteria across architectures while maintaining strategy-specific computational
characteristics.

4.5.2 Continual Learning Protocol Implementation

Sequential Domain Training Pipeline

The CL protocol organizes training as a sequence of six domain phases corresponding
to the FACAD fashion categories (Section 4.2.1), with identical progression across all
sampling strategies to enable systematic comparison.

Domain Transition Management: Between consecutive domains, the framework imple-
ments automatic memory buffer management through proportional deletion policies.
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The deletion percentage for domain t is computed as:

δt =
1

t
(4.19)

Active Learning Integration: During each training step, samples are scored according to
the AL strategy in use. The top-k informative samples (typically k = 16 for computational
efficiency) are selected for episodic memory storage. Random sampling provides the
computational baseline against which sophisticated strategies are evaluated.

Memory Replay Scheduling

The framework implements periodic memory replay at regular intervals defined by the
replay frequency parameter freplay = 200 samples. At each replay step, the current batch
is augmented with strategically sampled experiences from the episodic memory buffer.

Cluster-Stratified Sampling: Memory replay constructs batches by sampling one repre-
sentative from each previously encountered domain cluster, ensuring balanced exposure
to historical knowledge across all strategies.

Gradient Integration: The replay mechanism computes separate forward and backward
passes for memory samples, then combines gradients with current domain updates
through standard loss addition.

4.5.3 Hyperparameter Configuration and Training Settings

The framework employs systematically tuned hyperparameters that address the unique
challenges of CL in vision-language models. Each hyperparameter selection is motivated
by extensive preliminary experiments and theoretical considerations for maintaining sta-
bility across sequential domain training while ensuring fair comparison across sampling
strategies.

Hyperparameter BLIP-2 OFA
Learning Rate 5× 10−5 5× 10−5

Batch Size 32 64
Optimizer AdamW AdamW
β1, β2 0.9, 0.98 0.9, 0.98
Weight Decay 0.1 0.0
LR Schedule Cosine with restarts Constant
Warmup Steps 500 500
Epochs per Domain 20 20
Max Sequence Length 128 512
Gradient Accumulation 2 steps 1 step
Precision Mixed (FP16) Mixed (FP16)
Memory Capacity 10,000 10,000
Replay Frequency 200 samples 200 samples

Table 4.1: Comprehensive hyperparameter configuration ensuring reproducible training
and fair comparison across model architectures and AL strategies.



61

Hyperparameter Selection and Computational Considerations

Key hyperparameters are selected for continual learning stability and fair comparison
across sampling strategies. Learning rate (5× 10−5) balances adaptation with knowledge
retention across all approaches. Architecture-specific configurations account for parame-
ter differences: BLIP-2 uses smaller batches (32) with gradient accumulation, while OFA
uses larger batches (64) directly. Learning rate scheduling differs by design paradigm
(cosine annealing for BLIP-2, constant with warmup for OFA). Mixed precision training
optimizes memory usage while maintaining stability.

Computational Efficiency Measurement: The infrastructure tracks computational over-
head for each sampling strategy, including time for uncertainty estimation, CLIP feature
extraction, clustering operations, and memory management. This measurement enables
explicit evaluation of efficiency trade-offs alongside performance improvements.

This implementation framework establishes a robust foundation for systematic eval-
uation of AL strategies in CL settings. The modular design ensures fair comparison
across approaches while maintaining compatibility with diverse vision-language models
and explicit measurement of computational trade-offs. The comprehensive infrastruc-
ture enables definitive assessment of whether strategic memory management provides
meaningful advantages over random sampling baselines, directly addressing our central
research question.



Chapter 5
Experiments and Results

This chapter presents a comprehensive empirical evaluation of the ALCIE framework
across multiple vision-language architectures and active learning strategies. We begin
with a detailed description of our experimental setup and implementation details (Sec-
tion 5.1), followed by our evaluation methodology and metrics framework (Section 5.2).
We then conduct systematic experiments across six memory management strategies
(Section 5.3), and conclude with a comprehensive discussion that examines performance
patterns, architectural dependencies, and practical implications for continual learning
system design (Section 5.4).

5.1 Experimental Setup

Our experimental evaluation systematically assesses the effectiveness of strategic
episodic memory management in continual image captioning scenarios. The evaluation
framework encompasses multiple dimensions of analysis, enabling thorough assessment
of both immediate performance and long-term knowledge retention.

5.1.1 Dataset and Domain Configuration

The experimental evaluation utilizes the FACAD dataset [28], a comprehensive fashion-
focused image captioning dataset that provides rich multimodal content across diverse
clothing and accessory categories.

FACAD Dataset Characteristics

Scale and Composition: The FACAD dataset encompasses 993,000 high-quality image
caption pairs distributed across 24 fashion categories including bags, boots, coats, dresses,
jackets, jeans, pants, pumps, sandals, shorts, sneakers, sweaters, tees, and tops. Each
image is accompanied by detailed natural language descriptions that capture both
visual attributes (color, texture, style) and functional characteristics (occasion, season, fit)
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relevant to fashion e-commerce applications. Key dataset statistics, including the number
of images per domain, data splits, and caption lengths, are summarized in Table 5.1.

Dataset Statistics Value

Total Images (Experimental) 72,000

Domain Clusters 6

Images per Domain 12,000

Training Images per Domain 9,000

Test Images per Domain 2,000

Validation Images per Domain 1,000

Average Caption Length 21 words

Original FACAD Categories 24

Total FACAD Dataset 993,000 pairs

Table 5.1: FACAD dataset statistics for continual learning experiments.

Linguistic Diversity: The captions in FACAD exhibit rich linguistic patterns with
domain-specific vocabulary, ranging from technical fashion terminology ("asymmetrical
hemline," "ribbed knit texture") to descriptive attributes ("flowing silhouette," "vintage-
inspired design"). The average caption length is 21 words, providing comprehensive
descriptive content that enables detailed vision-language learning while presenting sub-
stantial sequence generation challenges for continual learning scenarios.

Visual Characteristics: Images in FACAD Figure 5.1 represent real fashion products
photographed in controlled e-commerce settings, featuring consistent lighting, back-
grounds, and presentation styles. This consistency enables systematic evaluation of
domain transfer, while the diverse product categories provide natural semantic bound-
aries for continual learning scenarios.

Domain Clustering for Continual Learning

For continual learning evaluation, the 24 fine-grained FACAD categories are system-
atically grouped into six semantically coherent clusters that represent natural fashion
domain boundaries. Each cluster is carefully balanced to ensure consistent experimental
conditions across domains.

Dataset Split Configuration: Each of the six domain clusters contains exactly 10,000
training images, 2,000 test images, and 1,000 evaluation images (derived as 10% of the
training set), resulting in 12,000 total images per domain and 72,000 images across the
complete experimental setup. This balanced configuration ensures a fair comparison
across domains while providing sufficient data for both training and comprehensive
evaluation. The evaluation split is used for hyperparameter tuning and model selection
during training, while the test split provides an unbiased performance assessment for
continual learning evaluation.

Cluster 1 - Accessories: Comprises bags and related accessories, focusing on portable
fashion items with an emphasis on functionality, materials (leather, canvas, fabric), and
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doubling a a one-piece of art this
boxy statement bag with a sculpted
transparent handle is handmade in

italy from calfskin supplied by
leather master paolo

ACCESSORIES

a smooth metallic finish elevates
these sleek high waisted pants

meant to complete your edgy chic
ensemble

BOTTOMS

side slit add an airy finish to an
unstructured maxi dress in a soft

cotton modal blend

DRESSES

sleek fabric modernizes the look of
a classic front zip jacket finished
with a mock neck and clean hem

OUTERWEAR

modern style with major comfort
this square toe sandal offer

polished good look and patent
pending memory foam cushioning

SHOES

rich texture shine on this loosely
structured top cut from a light and

breezy organic linen and cotton
blend for a feel that s supersoft

and breathable

TOPS

FACADE Fashion Dataset: Category Overview

Figure 5.1: Representative FACAD dataset samples from six fashion categories used in
experiments.

usage contexts (casual, formal, travel). The vocabulary centers on storage features, design
elements, and practical characteristics essential for accessory descriptions.

Cluster 2 - Bottoms: Aggregates pants, jeans, and shorts into a unified lower-body
garment domain. This cluster features diverse fits (slim, relaxed, wide-leg), materials
(denim, cotton, synthetic blends), and style variations (casual, formal, athletic). The
linguistic patterns emphasize fit characteristics, length variations, and styling contexts.

Cluster 3 - Dresses: Constitutes a standalone category due to dresses’ unique charac-
teristics as complete garments spanning multiple body regions. This domain features
rich vocabulary describing silhouettes (A-line, sheath, wrap), necklines (scoop, V-neck,
halter), and occasion-specific styling (cocktail, casual, formal).
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Cluster 4 - Outerwear: Combines coats and jackets into a single domain focused on
layering garments and weather-appropriate clothing. The cluster includes specialized
vocabulary related to insulation (down, fleece, wool), weather protection (waterproof,
windproof), and seasonal usage (winter, transitional, lightweight).

Cluster 5 - Shoes: Unifies boots, sandals, sneakers, and pumps into a comprehensive
footwear domain. The vocabulary spans functional aspects (comfort, support, traction),
style categories (athletic, formal, casual), and construction details (heel height, toe shape,
closure types).

Cluster 6 - Tops: Aggregates tops, tees, and sweaters into a unified upper-body garment
domain. This cluster encompasses diverse garment types with vocabulary focusing on
fit (fitted, loose, oversized), necklines (crew, V-neck, scoop), and fabric characteristics
(cotton, wool, synthetic blends).

5.2 Evaluation Metrics

Our comprehensive evaluation employs both traditional image captioning IC metrics
and continual learning CL specific measures to assess model performance across multiple
dimensions of caption quality and knowledge retention. We evaluate model performance
using multiple established image captioning metrics to ensure comprehensive assessment.
While all metrics are computed across experiments, the main body of this work presents
results using BLEU-4 and BERTScore-F1 as our primary evaluation measures, with
additional metrics detailed in supplementary analysis.

BLEU-4: We adopt BLEU-4 [73] as our primary lexical evaluation metric because of its
widespread adoption and established benchmarking role within the vision-language
community. It measures n-gram precision up to four grams and incorporates a brevity
penalty, providing a standard quantification of lexical similarity between generated
and reference captions. All results are reported in continual learning matrix format,
illustrating performance across all domain combinations during sequential learning.

BERTScore-F1: We employ BERTScore-F1 as our primary semantic evaluation metric due
to its ability to capture semantic meaning and its robustness to paraphrasing. Unlike n-
gram-based approaches, it leverages contextual embeddings to assess semantic similarity,
making it particularly suitable for evaluating knowledge retention, where retention of
semantic understanding is critical. Results are presented in continual learning matrix
format corresponding to the BLEU-4 tables.

Additional Metrics: We further employ ROUGE-L [75] and METEOR [74], all presented
in continual learning matrix format. These supplementary metrics provide complemen-
tary perspectives on caption generation quality and support comprehensive evaluation
across different aspects of caption quality. Detailed results for all additional metrics are
provided in Appendix 7.4.4.

From the BERTScore-F1 performance matrices, we derive three key continual learning
summary metrics, following the established framework of Lopez-Paz and Ranzato [16]:

ACC: This metric measures overall performance across all tasks after sequential learning
and represents the model’s final capability across the entire task sequence.

BWT: Backward transfer quantifies knowledge retention by measuring the change in
performance on previous tasks due to subsequent learning. Negative values indicate
catastrophic forgetting, whereas positive values suggest beneficial knowledge transfer.
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AF: Average forgetting directly measures performance degradation from initial learning
to final evaluation, providing an intuitive quantification of knowledge loss. Higher
values indicate more significant forgetting.

These metrics enable comparative analysis across all memory management strategies,
and the results are presented graphically in Section 5.3.

5.3 Experiments

In this section, we present the results of our comprehensive experimental evaluation.
Each experiment was conducted over three independent runs with different random
seeds to ensure robustness and to capture potential sources of variability.

Experiment 1: We benchmark the catastrophic forgetting baseline without episodic
memory (No Memory), establishing the severity of knowledge degradation in sequential
learning scenarios, following established experimental protocols [12].

Experiment 2: We compare traditional random sampling memory management as
proposed by Anagnostopoulou et al. [12] against the no-memory baseline, reflecting
standard practice in the continual learning literature.

Experiment 3: We assess unrestricted memory growth through random sampling without
deletion constraints, providing an upper bound for memory-based approaches.

Experiment 4: We evaluate uncertainty-based sample selection using MTE [96], which
targets samples with high model uncertainty in the caption generation sequence.

Experiment 5: We investigate diversity-based memory management via CLIP-based
clustering [97], ensuring representative coverage of the multimodal feature space.

Experiment 6: We conduct a comparative analysis of hybrid sampling strategies that
combine uncertainty and diversity selection through HUDS [25], leveraging the benefits
of both informative and representative sample selection.

For each experiment, we provide detailed analyses of results across both the OFA and
BLIP-2 architectures, using evaluation metrics such as BLEU-4, ROUGE-L, METEOR,
BERTScore, ACC, BWT, and AF. The subsequent discussion interprets the implications
of these results for continual learning in fashion image captioning.

5.3.1 Experimental Protocol

Multiple Run Validation: To ensure statistical reliability and account for training vari-
ability, each experimental configuration was executed three times using different random
seeds (42, 123, 456). These seeds control the initialization of model parameters, data
shuffling, and memory selection processes. The final results are reported as the arithmetic
mean across these three independent runs, providing robust performance estimates that
mitigate the effects of random initialization and sampling variation.

Sequential Learning Protocol: All experiments follow a predetermined training se-
quence: Accessories → Bottoms → Dresses → Outerwear → Shoes → Tops. Model
performance is assessed after each domain training phase using the complete test sets
from all previously encountered domains, enabling systematic measurement of both
knowledge retention and overall performance throughout the learning process.
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Memory Management: All constrained memory strategies operate under identical stor-
age budgets (10,000 samples) with proportional deletion at domain transitions, following
established practices [98] for complex datasets like MiniImageNet [99]. This capacity
(16.7% of total training data) establishes an upper bound enabling complete single-
domain retention while maintaining realistic deployment constraints. Memory replay
occurs every 200 training samples using batch sampling for balanced rehearsal across
previously learned domains [12].

5.3.2 Experiment 1: No Memory Baseline

This experiment establishes the catastrophic forgetting baseline by training models
sequentially on fashion categories without any episodic memory mechanism. Standard
fine-tuning is applied at each domain transition, allowing complete parameter adaptation
without retention of previous knowledge. This configuration serves as the critical baseline
for assessing the effectiveness of all subsequent memory-based approaches.

Results

Tables 5.2 and 5.3 present the evaluation results for both OFA and BLIP-2 architectures,
demonstrating the significant impact of catastrophic forgetting in the absence of memory
mechanisms.

BLEU-4 Performance Without Memory

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.320 0.710 0.021(7%) 0.071(10%) 0.004(1%) 0.005(1%) 0.002(1%) 0.000(0%) 0.001(0%) 0.001(0%) 0.000 0.000

Bottoms 0.270 0.504 0.007(3%) 0.083(16%) 0.006(2%) 0.014(3%) 0.000(0%) 0.001(0%) 0.002(1%) 0.011(2%)

Dresses 0.369 0.718 0.029(8%) 0.069(10%) 0.002(1%) 0.001(0%) 0.003(1%) 0.006(1%)

Outerwear 0.374 0.705 0.030(8%) 0.023(3%) 0.030(8%) 0.014(2%)

Shoes 0.261 0.570 0.035(13%) 0.301(53%)

Tops 0.445 0.782

Table 5.2: BLEU scores showing complete catastrophic forgetting without episodic mem-
ory. Subscript percentages show retention levels, with bold indicating higher values
between architectures.

Analysis

Severe Lexical Generation Degradation: Without memory mechanisms, both architec-
tures exhibit complete lexical generation failure. BLIP-2 shows catastrophic transition
drops as demonstrated in Table 5.2: Accessories BLEU-4 retention drops to 10.0% after
Bottoms training (0.710 → 0.071), then to 0.7% after Dresses (0.710 → 0.005), reaching
0.0% final retention by sequence end (0.710 → 0.000). OFA demonstrates similar patterns
with 6.6% BLEU-4 retention after Bottoms (0.320 → 0.021) and complete elimination by
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BERTScore-F1 Performance Without Memory

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.898 0.928 0.839(93%) 0.844(91%) 0.832(93%) 0.832(90%) 0.836(93%) 0.836(90%) 0.838(93%) 0.838(90%) 0.831(93%) 0.831(90%)

Bottoms 0.891 0.911 0.840(94%) 0.852(94%) 0.841(94%) 0.841(92%) 0.838(94%) 0.838(92%) 0.837(94%) 0.838(92%)

Dresses 0.902 0.930 0.844(94%) 0.847(91%) 0.837(93%) 0.835(90%) 0.840(93%) 0.840(90%)

Outerwear 0.905 0.931 0.847(94%) 0.845(91%) 0.839(93%) 0.841(90%)

Shoes 0.895 0.922 0.842(94%) 0.886(96%)

Tops 0.915 0.943

Table 5.3: BERTScore-F1 scores demonstrating severe semantic degradation despite better
retention than lexical metrics. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

final domains. These extreme drops establish the severity of catastrophic forgetting in
sequential learning scenarios.

Semantic Preservation Versus Lexical Collapse: Table 5.3 reveals fundamentally differ-
ent forgetting patterns compared to BLEU-4 metrics. BLIP-2 maintains 91% BERTScore-
F1 retention for Accessories (0.928 → 0.844) after Bottoms training, in stark contrast to
the 10.0% BLEU-4 retention. Throughout the sequence, semantic degradation remains
moderate: final Accessories BERTScore-F1 retention of 90% (0.928 rightarrow0.831)
versus 0.0% BLEU-4 retention (0.710 → 0.000). This disparity indicates that models
preserve conceptual understanding while losing surface-level generation capabilities.

Architecture-Specific Forgetting Patterns: BLIP-2 demonstrates superior initial perfor-
mance (2.22× higher initial BLEU-4 scores) as shown in Table 5.2 but exhibits similar
catastrophic forgetting trajectories to OFA. Despite the frozen visual encoder architecture,
BLIP-2 shows 90% final BERTScore-F1 retention compared to OFA’s 93% retention
(Table 5.3), indicating that architectural sophistication alone cannot prevent semantic
degradation or lexical generation collapse without explicit memory mechanisms.

Progressive Interference Accumulation: The data in Table 5.2 reveal systematic inter-
ference accumulation. Middle domains suffer severe degradation: Bottoms BLEU-4
retention drops from 16.5% to 2.2% across subsequent learning phases for BLIP-2. This
progressive deterioration demonstrates that catastrophic forgetting compounds over
extended learning sequences.

Performance Baseline Establishment: These results establish quantitative thresh-
olds for evaluating memory management effectiveness. Any viable memory strategy
must achieve substantial improvements over the 0-53% BLEU-4 retention and 90-96%
BERTScore-F1 retention observed without memory in Tables 5.2 and 5.3.

5.3.3 Experiments 2-3: Random Sampling Memory Management

These experiments evaluate random sampling approaches for episodic memory man-
agement as proposed by Anagnostopoulou et al. [12], representing both constrained
and unconstrained memory scenarios. Experiment 2 implements traditional random
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sampling with a fixed memory buffer of 10,000 samples (DEL +), while Experiment 3
removes storage constraints through unlimited memory growth (DEL -). Together, these
configurations establish the performance range achievable through random memory
selection strategies.

Results

Tables 5.4, 5.5, 5.6, and 5.7 present comprehensive evaluation results comparing con-
strained (DEL+) and unconstrained (DEL-) random sampling approaches.

BLEU-4 Performance: OFA Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.320 0.316 0.111(35%) 0.132(42%) 0.128(40%) 0.124(39%) 0.151(47%) 0.136(43%) 0.127(40%) 0.137(43%) 0.125(39%) 0.146(46%)

Bottoms 0.266 0.259 0.067(25%) 0.071(27%) 0.065(24%) 0.071(27%) 0.065(24%) 0.059(23%) 0.055(21%) 0.069(27%)

Dresses 0.349 0.318 0.091(26%) 0.077(24%) 0.079(23%) 0.080(25%) 0.051(15%) 0.062(19%)

Outerwear 0.365 0.371 0.154(42%) 0.121(33%) 0.085(23%) 0.098(26%)

Shoes 0.255 0.245 0.116(45%) 0.127(52%)

Tops 0.465 0.459

Table 5.4: BLEU-4 performance comparison for OFA with constrained (DEL+) vs uncon-
strained (DEL-) random sampling. Subscript percentages show retention levels, with
bold indicating higher values between strategies.

BLEU-4 Performance: BLIP2 Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.709 0.710 0.222(31%) 0.213(30%) 0.195(28%) 0.221(31%) 0.220(31%) 0.231(33%) 0.205(29%) 0.226(32%) 0.248(35%) 0.259(36%)

Bottoms 0.480 0.493 0.127(26%) 0.134(27%) 0.092(19%) 0.106(21%) 0.091(19%) 0.112(23%) 0.097(20%) 0.110(22%)

Dresses 0.702 0.699 0.201(29%) 0.196(28%) 0.091(13%) 0.119(17%) 0.064(9%) 0.063(9%)

Outerwear 0.705 0.698 0.214(30%) 0.367(53%) 0.141(20%) 0.168(24%)

Shoes 0.637 0.643 0.477(75%) 0.456(71%)

Tops 0.772 0.774

Table 5.5: BLEU-4 performance comparison for BLIP-2 with constrained (DEL+) vs
unconstrained (DEL-) random sampling. Subscript percentages show retention levels,
with bold indicating higher values between strategies.

Analysis

Substantial Knowledge Preservation Through Memory Mechanisms: Random sam-
pling demonstrates significant improvement over no-memory baselines across both
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BERTScore-F1 Performance: OFA Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.898 0.899 0.864(96%) 0.866(96%) 0.866(96%) 0.864(96%) 0.870(97%) 0.868(97%) 0.866(96%) 0.867(96%) 0.867(97%) 0.868(97%)

Bottoms 0.891 0.890 0.857(96%) 0.857(96%) 0.858(96%) 0.858(96%) 0.858(96%) 0.856(96%) 0.855(96%) 0.856(96%)

Dresses 0.899 0.894 0.857(95%) 0.855(96%) 0.857(95%) 0.856(96%) 0.850(95%) 0.851(95%)

Outerwear 0.905 0.905 0.869(96%) 0.866(96%) 0.858(95%) 0.859(95%)

Shoes 0.892 0.892 0.872(98%) 0.874(98%)

Tops 0.917 0.919

Table 5.6: BERTScore-F1 performance comparison for OFA with constrained vs uncon-
strained random sampling. Subscript percentages show retention levels, with bold
indicating higher values between strategies.

BERTScore-F1 Performance: BLIP2 Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.928 0.928 0.874(94%) 0.871(94%) 0.871(94%) 0.873(94%) 0.871(94%) 0.874(94%) 0.869(94%) 0.872(94%) 0.875(94%) 0.877(94%)

Bottoms 0.908 0.910 0.863(95%) 0.862(95%) 0.859(95%) 0.861(95%) 0.859(95%) 0.861(95%) 0.859(95%) 0.860(95%)

Dresses 0.928 0.928 0.867(93%) 0.867(93%) 0.853(92%) 0.858(92%) 0.849(92%) 0.849(92%)

Outerwear 0.931 0.930 0.873(94%) 0.890(96%) 0.863(93%) 0.866(93%)

Shoes 0.929 0.930 0.912(98%) 0.909(98%)

Tops 0.942 0.942

Table 5.7: BERTScore-F1 performance comparison for BLIP-2 with constrained vs un-
constrained random sampling. Subscript percentages show retention levels, with bold
indicating higher values between strategies.

architectures. Table 5.5 shows BLIP-2 constrained (DEL+) random sampling achieves
35% Accessories retention (0.709 → 0.248) compared to only 0% without memory, repre-
senting a substantial improvement. Unconstrained (DEL-) random sampling achieves
strong 36% Accessories final retention (0.710 → 0.259), demonstrating that simple
episodic memory mechanisms provide fundamental continual learning capabilities with
potential benefits from unlimited memory capacity.

Benefits from Unconstrained Memory Capacity: Unconstrained (DEL-) memory demon-
strates substantial effectiveness across multiple domains as revealed in Tables 5.4 and
5.5. BLIP-2 unconstrained (DEL-) sampling achieves superior performance in key do-
mains: Accessories final retention of 36% (0.710 → 0.259) versus constrained (DEL+)
35% (0.709 → 0.248), and particularly strong Outerwear retention showing 53% perfor-
mance (0.698 → 0.367) compared to constrained (DEL+) 30% (0.705 → 0.214). However,
constrained (DEL+) memory maintains advantages in Shoes retention with 75% versus
unconstrained (DEL-) 71%. Conversely, OFA demonstrates consistent improvements
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with unconstrained memory across all domains, with Accessories retention increasing
from 39% (constrained) to 46% (unconstrained), indicating architecture-dependent mem-
ory utilization patterns where BLIP-2 shows domain-specific preferences while OFA
benefits uniformly from unconstrained (DEL-) capacity.

Architecture-Specific Memory Strategy Effectiveness: BLIP-2 maintains superior abso-
lute performance (2–3× higher BLEU-4 scores) with nuanced responses to memory con-
straints, showing domain-specific optimization patterns. Tables 5.6 and 5.7 demonstrate
BERTScore-F1 retention remains highly stable across approaches: BLIP-2 achieves 94%
semantic retention for both constrained (DEL+) and unconstrained (DEL-) approaches,
indicating robust semantic preservation regardless of memory capacity constraints.

Domain-Specific Performance Advantages: The results reveal compelling domain-
dependent memory capacity effects. Table 5.5 shows unconstrained (DEL-) memory
particularly excels in mid-sequence domains: Outerwear achieves remarkable 53% re-
tention versus constrained (DEL+) 30%, representing a 23 percentage point advantage.
Conversely, later domains like Shoes show constrained (DEL+) memory advantages (75%
vs 71%), while early and final domains (Accessories, Tops) demonstrate comparable
performance across both approaches, suggesting that optimal memory capacity strategies
should adapt to domain sequence position.

Computational Efficiency Versus Performance Trade-offs: The domain-specific improve-
ments from unlimited memory (ranging from equivalent performance to 23 percentage
point enhancements) demonstrate that memory capacity optimization yields substantial
benefits in specific contexts. While unconstrained (DEL-) approaches require greater
computational resources, the significant performance gains in critical mid-sequence
domains support adaptive memory management strategies that balance storage con-
straints with domain-specific retention requirements, particularly for applications where
mid-sequence knowledge preservation is crucial.

5.3.4 Experiment 4: Uncertainty Sampling Memory Management

This experiment evaluates uncertainty sampling for episodic memory management,
representing an active learning approach that prioritizes samples with the highest model
uncertainty. The strategy selects memory samples according to prediction confidence
using MTE [96], specifically targeting instances where the model exhibits the greatest
uncertainty to maximize learning efficiency.

Results

Tables 5.8 and 5.9 present the evaluation results for uncertainty sampling across both
OFA and BLIP-2 architectures.

Analysis

Uncertainty Sampling Shows Mixed Mid-Sequence Performance: Table 5.8 reveals
that uncertainty sampling achieves moderate results in middle domains. BLIP-2 Dresses
maintains 9% final retention (0.705 → 0.060), comparable to random sampling’s 9%
(constrained) but with different transition patterns. Bottoms retention reaches 19% final
performance (0.494 → 0.096) compared to random sampling’s 20% (constrained, 0.480
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BLEU-4 Performance: Uncertainty Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.320 0.710 0.116(36%) 0.211(30%) 0.103(32%) 0.181(25%) 0.081(25%) 0.208(29%) 0.084(26%) 0.199(28%) 0.096(30%) 0.225(32%)

Bottoms 0.247 0.494 0.060(24%) 0.101(20%) 0.046(19%) 0.068(14%) 0.045(18%) 0.082(17%) 0.052(21%) 0.096(19%)

Dresses 0.360 0.705 0.076(21%) 0.180(26%) 0.064(18%) 0.082(12%) 0.053(15%) 0.060(9%)

Outerwear 0.352 0.703 0.110(31%) 0.347(49%) 0.079(22%) 0.163(23%)

Shoes 0.243 0.646 0.092(38%) 0.465(72%)

Tops 0.458 0.777

Table 5.8: BLEU-4 performance with uncertainty-based memory selection. Subscript
percentages show retention levels, with bold indicating higher values between architec-
tures.

BERTScore-F1 Performance: Uncertainty Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.898 0.928 0.864(96%) 0.872(94%) 0.859(96%) 0.870(94%) 0.858(96%) 0.870(94%) 0.856(95%) 0.871(94%) 0.859(96%) 0.875(94%)

Bottoms 0.888 0.910 0.854(96%) 0.859(94%) 0.852(96%) 0.855(94%) 0.851(96%) 0.858(94%) 0.853(96%) 0.859(94%)

Dresses 0.900 0.928 0.852(95%) 0.865(93%) 0.850(94%) 0.854(92%) 0.849(94%) 0.848(91%)

Outerwear 0.902 0.931 0.863(96%) 0.889(95%) 0.852(94%) 0.863(93%)

Shoes 0.893 0.930 0.866(97%) 0.910(98%)

Tops 0.918 0.943

Table 5.9: BERTScore-F1 performance with uncertainty-based memory selection showing
robust semantic retention. Subscript percentages show retention levels, with bold indi-
cating higher values between architectures.

→ 0.097), indicating uncertainty-based selection provides similar but not superior mid-
sequence retention.

Uncertainty Sampling Shows Inferior Later Domain Recovery: Table 5.8 demonstrates
that uncertainty sampling achieves weaker performance for later domains compared
to random sampling. BLIP-2 maintains 72% Shoes retention (0.646 → 0.465) versus
random sampling’s superior 75% (0.637 → 0.477), while OFA shows 38% retention (0.243
→ 0.092) compared to random’s better 45% (0.255 → 0.116). This suggests uncertainty
estimation does not consistently identify the most informative samples for later domain
retention.

Architecture-Dependent Uncertainty Calibration: Table 5.9 shows OFA achieves supe-
rior semantic retention compared to BLIP-2 under uncertainty sampling. OFA maintains
96% semantic retention (0.898 → 0.859) versus BLIP-2’s 94% retention (0.928 → 0.875).
However, BLIP-2 achieves substantially higher absolute BLEU-4 performance across



73

domains, indicating that while uncertainty estimation preserves semantic knowledge
better in OFA, BLIP-2 maintains superior lexical generation capabilities.

5.3.5 Experiment 5: Diversity Sampling Memory Management

This experiment evaluates diversity sampling for episodic memory management, rep-
resenting an active learning approach that seeks to maximize sample coverage and
representativeness. The strategy selects memory samples using CLIP-based cluster-
ing [97] to ensure diverse representation across the feature space, thereby avoiding
redundant examples and promoting comprehensive knowledge retention.

Results

Tables 5.10 and 5.11 present the evaluation results for diversity sampling across both
OFA and BLIP-2 architectures.

BLEU-4 Performance: Diversity Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.320 0.712 0.109(34%) 0.401(56%) 0.107(33%) 0.252(35%) 0.114(36%) 0.176(25%) 0.102(32%) 0.155(22%) 0.116(36%) 0.157(22%)

Bottoms 0.261 0.506 0.079(30%) 0.231(46%) 0.065(25%) 0.118(23%) 0.064(25%) 0.110(22%) 0.055(21%) 0.101(20%)

Dresses 0.355 0.709 0.072(20%) 0.258(36%) 0.062(17%) 0.124(17%) 0.034(10%) 0.067(9%)

Outerwear 0.360 0.708 0.134(37%) 0.424(60%) 0.076(21%) 0.202(29%)

Shoes 0.253 0.644 0.099(39%) 0.510(79%)

Tops 0.457 0.775

Table 5.10: BLEU-4 performance with diversity-based memory selection demonstrating
superior transition stability. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

Analysis

Superior Transition Stability Through Feature Space Coverage: Diversity sampling
demonstrates exceptional transition stability compared to all alternative memory strate-
gies. Table 5.10 shows BLIP-2 maintains 56% Accessories retention after Bottoms training
(0.712 → 0.401), representing only a 44% performance drop, whereas random sampling
exhibits a 69% drop (0.709 → 0.222, 31% retention) and uncertainty sampling shows a
70% drop (0.710 → 0.211, 30% retention). This delivers a 25 percentage point advantage
in transition retention.

Optimal Later Domain Performance Recovery: Diversity sampling achieves the highest
retention rates for complex later domains among all evaluated strategies. Table 5.10
demonstrates BLIP-2 maintains exceptional 79% Shoes retention (0.644 → 0.510), sub-
stantially exceeding random sampling’s 75% (constrained) and uncertainty sampling’s
72%. This represents a 4-7 percentage point advantage, indicating comprehensive mem-
ory coverage enables superior knowledge transfer to sequential domains.
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BERTScore-F1 Performance: Diversity Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.898 0.928 0.862(96%) 0.892(96%) 0.860(96%) 0.875(94%) 0.859(96%) 0.864(93%) 0.860(96%) 0.862(93%) 0.861(96%) 0.861(93%)

Bottoms 0.890 0.911 0.859(96%) 0.875(96%) 0.854(96%) 0.861(95%) 0.855(96%) 0.859(94%) 0.854(96%) 0.859(94%)

Dresses 0.900 0.929 0.853(95%) 0.874(94%) 0.856(95%) 0.857(92%) 0.850(94%) 0.850(91%)

Outerwear 0.904 0.932 0.890(98%) 0.898(96%) 0.872(96%) 0.872(94%)

Shoes 0.895 0.930 0.916(102%) 0.916(98%)

Tops 0.943 0.943

Table 5.11: BERTScore-F1 performance with diversity-based memory selection showing
exceptional semantic stability. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

Mid-Sequence Performance Stability: Despite the challenging mid-sequence learning
phases, diversity sampling maintains stable performance comparable to other strategies.
Table 5.10 shows BLIP-2 achieves 9% Dresses final retention (0.709 → 0.067), similar
to random sampling’s 9% and uncertainty sampling’s 9%, while delivering superior
intermediate transitions that preserve more knowledge through the learning sequence.

Architecture-Independent Semantic Preservation Excellence: Table 5.11 reveals that
diversity sampling maintains robust semantic knowledge across both architectures. OFA
achieves 96% final semantic retention (0.898 → 0.861) while BLIP-2 maintains 93%
retention (0.928 → 0.861), demonstrating that comprehensive feature space coverage
effectively preserves conceptual understanding regardless of architectural differences.

5.3.6 Experiment 6: Hybrid Memory Management

This experiment evaluates hybrid memory management that combines multiple active
learning strategies, representing a sophisticated approach that leverages both uncertainty
and diversity principles. The hybrid strategy integrates uncertainty sampling, diversity
selection, and additional heuristics using HUDS [25] to create a comprehensive memory
curation system. This approach aims to achieve an optimal balance between informative-
ness and representativeness while maximizing continual learning effectiveness.

Results

Tables 5.12 and 5.13 present the evaluation results for hybrid memory management
across both OFA and BLIP-2 architectures.

Analysis

Intermediate Transition Performance Through Multi-Criteria Selection: Hybrid mem-
ory management demonstrates moderate transition stability, positioning between di-
versity and uncertainty sampling approaches. Table 5.12 shows BLIP-2 maintains 33%



75

BLEU-4 Performance: Hybrid Memory Management

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.320 0.712 0.143(45%) 0.237(33%) 0.108(34%) 0.210(30%) 0.091(28%) 0.235(33%) 0.088(28%) 0.198(28%) 0.079(25%) 0.228(32%)

Bottoms 0.237 0.500 0.071(30%) 0.109(22%) 0.054(23%) 0.085(17%) 0.041(17%) 0.083(17%) 0.037(16%) 0.094(19%)

Dresses 0.344 0.708 0.088(26%) 0.187(26%) 0.068(20%) 0.084(12%) 0.029(8%) 0.055(8%)

Outerwear 0.382 0.707 0.137(36%) 0.354(50%) 0.057(15%) 0.135(19%)

Shoes 0.258 0.644 0.094(36%) 0.472(73%)

Tops 0.436 0.772

Table 5.12: BLEU-4 performance with hybrid memory management demonstrating
balanced multi-criteria selection. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

BERTScore-F1 Performance: Hybrid Memory Management

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2 OFA BLIP2

Accessories 0.898 0.928 0.866(96%) 0.873(94%) 0.858(96%) 0.871(94%) 0.860(96%) 0.876(94%) 0.859(96%) 0.871(94%) 0.855(95%) 0.873(94%)

Bottoms 0.887 0.910 0.854(96%) 0.861(95%) 0.852(96%) 0.857(94%) 0.851(96%) 0.854(94%) 0.851(96%) 0.851(94%)

Dresses 0.898 0.928 0.857(95%) 0.865(93%) 0.855(95%) 0.855(92%) 0.847(94%) 0.847(91%)

Outerwear 0.907 0.932 0.868(96%) 0.890(95%) 0.853(94%) 0.863(93%)

Shoes 0.895 0.930 0.872(97%) 0.911(98%)

Tops 0.914 0.942

Table 5.13: BERTScore-F1 performance with hybrid memory management showing
balanced semantic retention. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

Accessories retention after Bottoms training (0.712 → 0.237), compared to diversity sam-
pling’s superior 56% retention (0.712 → 0.401) but outperforming uncertainty sampling’s
30% retention (0.710 → 0.211). This indicates multi-criteria selection achieves balanced
but not optimal transition retention.

Competitive Later Domain Recovery Performance: Hybrid management demonstrates
strong recovery for later domains, achieving results competitive with specialized strate-
gies. Table 5.12 shows BLIP-2 maintains 73% Shoes retention (0.644 → 0.472) compared
to diversity sampling’s superior 79% and uncertainty sampling’s similar 72%. This
pattern suggests that multi-criteria approaches provide stable later domain performance
without achieving peak effectiveness.

Consistent Mid-Sequence Performance Limitations: Despite combining multiple selec-
tion criteria, hybrid management exhibits similar mid-sequence vulnerabilities to other
approaches. Table 5.12 reveals BLIP-2 achieves only 8% Dresses final retention (0.708
→ 0.055), comparable to diversity sampling’s 9% and uncertainty sampling’s 9%. This
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indicates that mid-sequence catastrophic forgetting remains challenging regardless of
memory selection sophistication.

Cross-Architecture Semantic Stability: Table 5.13 demonstrates that hybrid memory
management maintains robust semantic retention across architectures. OFA achieves 95%
final semantic retention (0.898 → 0.855) while BLIP-2 maintains 94% retention (0.928
→ 0.873). These results show that multi-criteria memory curation preserves conceptual
understanding while ensuring consistent performance across model architectures.

5.3.7 Continual Learning Metrics Analysis

This section provides a comprehensive analysis of continual learning effectiveness across
all evaluated memory management strategies using established metrics for sequential
learning assessment. The analysis employs ACC and AF) metrics [16] to quantify overall
performance and knowledge retention capabilities, enabling systematic comparison of
memory management approaches across both OFA and BLIP-2 architectures.

Results

Figure 5.2 and Figure 5.3 present comprehensive continual learning metrics for
BERTScore-F1 performance across all evaluated memory management strategies, show-
ing Average Accuracy and Average Forgetting values for both OFA and BLIP-2 architec-
tures.
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Figure 5.2: Average Accuracy across memory management strategies for BERTScore-
F1 metrics. BLIP-2 consistently achieves higher average accuracy than OFA across all
strategies, with multiple strategies achieving optimal performance of 0.883 for BLIP-2.
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Figure 5.3: Average Forgetting across memory management strategies for BERTScore-F1
metrics. OFA demonstrates consistently lower forgetting rates than BLIP-2, with Random
DEL- achieving the lowest forgetting of 0.034 for OFA.

Analysis

BLIP2 Performance Ceiling: Figure 5.2 demonstrates that Random DEL+, Uncertainty,
Diversity, and Hybrid strategies all achieve nearly identical Average Accuracy of 0.883 for
BLIP-2, with Random DEL- achieving slightly higher performance at 0.884. This indicates
that once a basic memory mechanism is implemented, sophisticated selection strategies
provide minimal additional semantic benefits for the BLIP-2 architecture, suggesting
semantic knowledge retention is primarily dependent on having memory rather than
memory quality.

OFA Unconstrained Memory Preference: Figure 5.2 shows OFA achieves its highest
Average Accuracy of 0.871 with Random DEL- (unconstrained), outperforming all other
strategies, including Random DEL+’s 0.870. Combined with Figure 5.3, Random DEL-
also delivers the lowest Average Forgetting of 0.034 for OFA, establishing unconstrained
random sampling as the optimal strategy for this architecture.

Architecture-Dependent Memory Capacity: The graphs reveal contrasting memory
capacity preferences between architectures. BLIP-2 performs better with constrained
memory (Random DEL+ achieving 0.883 ACC and 0.053 AF) versus unconstrained mem-
ory (Random DEL- achieving 0.884 ACC and 0.053 AF), showing minimal difference but
slightly favoring unconstrained capacity. Conversely, OFA benefits from unconstrained
memory (0.871 ACC and 0.034 AF) versus constrained memory (0.870 ACC and 0.037
AF), indicating architectural differences in optimal memory utilization.

Memory vs No-Memory Performance Gains: Figure 5.2 and Figure 5.3 demonstrate
significant improvements from memory mechanisms. No-memory baselines achieve
0.851 ACC with 0.061 AF for OFA and 0.863 ACC with 0.077 AF for BLIP-2, while optimal
memory strategies improve to 0.871 ACC with 0.034 AF (OFA) and 0.884 ACC with 0.053
AF (BLIP2), representing substantial enhancements in retention and forgetting reduction.
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OFA Stability vs BLIP2 Performance: Figure 5.3 reveals OFA consistently achieves
lower Average Forgetting across all strategies (0.034-0.042 range) compared to BLIP-2
(0.053-0.055 range). Despite BLIP-2 achieving higher absolute semantic performance, OFA
demonstrates superior stability in semantic knowledge retention, suggesting architectural
trade-offs between performance ceiling and retention consistency.

5.4 Discussion

This section evaluates six memory management strategies for continual learning in
fashion image captioning across OFA and BLIP2 architectures, combining quantitative
performance analysis with qualitative caption examination.

5.4.1 Key Experimental Findings
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Figure 5.4: Catastrophic forgetting analysis revealing systematic lexical-semantic dis-
connect. While lexical generation (BLEU-4, left panels) suffers severe degradation with
universal early transition vulnerability, semantic understanding (BERTScore-F1, right
panels) remains remarkably stable across all memory strategies. This 60-85 percentage
point gap explains why random sampling achieves competitive performance: sophisti-
cated approaches primarily optimize surface-level generation while essential semantic
capabilities are preserved regardless of algorithmic complexity.
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Three critical findings emerge from our experimental evaluation:

First, catastrophic forgetting without memory mechanisms results in 0–53% lexical
retention while preserving 90–96% semantic understanding (Tables 5.2 and 5.3). This
indicates models maintain conceptual knowledge while losing surface-level generation
capabilities.

Second, episodic memory provides substantial improvements, with random sampling
achieving competitive performance (35% final retention for BLIP-2) compared to sophis-
ticated strategies. Third, we discover a systematic lexical-semantic forgetting disconnect:
while BLEU-4 metrics show severe degradation (0-35% retention), BERTScore-F1 demon-
strates robust preservation (86-93% retention), indicating that catastrophic forgetting
primarily affects surface-level generation while preserving deep semantic understanding.

Third, BLIP-2 shows strategy convergence to identical 0.883 accuracy across multiple
approaches, while OFA exhibits strategy sensitivity ranging 0.865–0.871 (Figure 5.2).

5.4.2 Memory Strategy Performance

Random Sampling Effectiveness with Domain-Specific Advantages: Experimental
results demonstrate that random sampling achieves robust performance across both
architectures (Tables 5.4 and 5.5), with unconstrained (DEL-) memory showing partic-
ularly strong performance in specific domains. BLIP-2 unconstrained (DEL-) random
sampling demonstrates 36% Accessories final retention and exceptional 53% Outerwear
retention, substantially outperforming constrained (DEL+) variants in mid-sequence
domains. Similarly, OFA benefits consistently from unconstrained memory, achieving
46% Accessories final retention compared to constrained memory’s 39%, with uncon-
strained approaches showing superior performance across all domains including 52%
Shoes retention versus constrained’s 45%.

The performance validates random sampling as a strong baseline approach, with con-
strained (DEL+) and unconstrained (DEL-) variants showing complementary strengths
across different domain positions for BLIP-2, while OFA demonstrates consistent prefer-
ence for unconstrained memory allocation. Semantic retention remains highly robust
across random sampling approaches (Tables 5.6 and 5.7), with both architectures main-
taining 94–97% BERTScore-F1 retention.

Diversity Sampling Maintains Superior Early Transition Stability: Despite strong ran-
dom sampling performance, diversity sampling demonstrates optimal early transition
stability with 56% retention for BLIP-2 Accessories after Bottoms training, compared
to random sampling’s 30-36% retention range across constrained (DEL+) and uncon-
strained (DEL-) variants (Tables 5.5 and 5.10). However, the performance gap has
narrowed, particularly in mid-sequence domains where unconstrained (DEL-) random
sampling achieves 53% Outerwear retention, approaching diversity sampling’s consis-
tent performance levels.

Architecture-Dependent Memory Capacity Effects: Figure 5.5 illustrates the funda-
mental relationship between memory investment and performance gains across both
architectures, revealing critical efficiency patterns that inform deployment strategies.

Results reveal nuanced architecture-dependent memory capacity patterns with striking
efficiency differences. Efficiency analysis demonstrates that BLIP-2 exhibits diminishing
returns from memory investment, achieving only 1% performance improvement (35%
→ 36% Accessories retention) despite 6× memory growth (2.47 → 14.76 GB), while OFA
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Figure 5.5: Memory investment efficiency across architectures. BLIP-2 demonstrates
diminishing returns (6× memory for 1% performance gain), while OFA shows clear bene-
fits from additional memory capacity (6× memory for 7% performance gain), indicating
architecture-dependent memory utilization patterns critical for deployment planning.

shows clear benefits from memory capacity, achieving 7% performance improvement
(39% → 46% retention) for comparable memory investment (2.95 → 17.68 GB).

Domain-specific patterns reveal that BLIP-2 demonstrates domain-specific rather than
uniform capacity preferences, with unconstrained (DEL-) memory excelling in early do-
mains (Accessories: 36% vs 35%) and showing substantial advantages in mid-sequence
domains (Outerwear: 53% vs 30%), while constrained (DEL+) memory maintains advan-
tages in later domains (Shoes: 75% vs 71%). This pattern suggests that domain sequence
position fundamentally influences optimal memory management strategies, supporting
adaptive capacity allocation based on learning phase characteristics.

These findings indicate that optimal memory management strategies should consider
both architectural characteristics and domain sequence position, with BLIP-2-style archi-
tectures achieving near-optimal performance with constrained memory, while OFA-style
architectures justify memory investment through meaningful performance gains.

Semantic Preservation Robustness Across Capacity Variants: The experimental results
confirm that semantic knowledge preservation remains highly stable across memory
strategies and capacity constraints, with all random sampling variants maintaining 94-
98% BERTScore-F1 retention (Tables 5.6 and 5.7). This robustness indicates that episodic
memory mechanisms effectively preserve conceptual understanding regardless of spe-
cific implementation details, while memory capacity and strategy selection primarily
influence lexical generation capabilities and domain-specific retention patterns rather
than fundamental semantic comprehension.
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5.4.3 Continual Learning Performance Metrics

Comprehensive continual learning metrics confirm strategy effectiveness patterns. Fig-
ure 5.2 shows BLIP2 achieving identical 0.883 Average Accuracy across Random DEL+,
Uncertainty, Diversity, and Hybrid strategies, while OFA demonstrates clear strategy
sensitivity. Figure 5.3 reveals OFA’s superior forgetting reduction (0.034-0.042 range)
compared to BLIP2 (0.053-0.077 range), indicating that architectural differences funda-
mentally influence continual learning capabilities beyond memory strategy selection.

5.4.4 Cross-Domain Interference Patterns

Architecture-Specific Failure Modes: Tables 5.14 and 5.15 reveal distinct catastrophic for-
getting patterns. OFA exhibits sophisticated but incorrect domain adaptation, generating
detailed inappropriate descriptions (e.g., "pert ruffle sprout from the waist" for outerwear
images). BLIP2 shows more abrupt interference with frequent caption truncation ("ankle
skimming stretch crepe pants in"), indicating brittle generation under cross-domain
interference.

Image Domain DEL+ DEL- Ground Truth

Bottoms →
Outerwear

pert ruffle sprout from
the waist of these swingy
cropped trousers for an
unexpectedly romantic
take on the classically
sporty style

a flat front and precise
crease neatly style
versatile wool blend
pants cut with straight
leg and a look that can
carry across your casual
formal wardrobe

tonal grosgrain side
stripe add tuxedo
inspired polish to high
waist trousers tailored
from tropical weight
stretch wool

Dresses →
Tops

cut from soft crepe this
airy work to weekend
blouse feature an inset
neck with wide lapel
flowy abbreviated sleeve
and a curved hem

cut from smooth satin
this elegant day to night
blouse feature flowy back
pleat and a boxy drape

hit one over the net in
this tennis dress made
from nike dry fabric that
wick moisture to keep
you cool and dry

Bottoms →
Shoes

both casual and polished
these relaxed joggers
with grommet detailing
take you to and from the
workout studio in style

a clean flat front cut style
sharp trousers fashioned
from finely textured
plain weave wool and
fitted with a self sizer
waistband to ensure a
custom fit

iconic stripe race down
the leg of adidas s
timeless superstar warm
up pants here with zip
pocket and hem for a
sporty contemporary
look

Accessories →
Outerwear

store your cash key and
other small essential
while on the go with
your little one in this
trendy belt bag that s
always within reach

store your cash key and
other small essential
while on the go with
your little one in this
trendy belt bag that s
always within reach

a signature logo patch
brand the front of this
compact messenger bag
that s perfect for storing
essential while on the
move

Table 5.14: Cross-domain interference examples for OFA with constrained (DEL+) and
unconstrained (DEL-) memory strategies. The arrow notation (X → Y) indicates mod-
els trained on domain X and tested on domain Y images. Red highlights indicate
domain-inappropriate terminology, blue highlights show semantic confusion, and pur-
ple highlights demonstrate persistent domain overfitting.

Memory Strategy Effects on Interference: Constrained memory (DEL+) produces
shorter, focused captions, while unconstrained memory (DEL-) generates more elaborate
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Image Domain DEL+ DEL- Ground Truth

Bottoms →
Outerwear

a microdot print add a
breath of fresh air to
these ankle skimming
stretch crepe pants in

essential work pants in a
leg lengthening flared
cut are made to keep you
comfortable all day in
stretch

tonal grosgrain side
stripe add tuxedo
inspired polish to high
waist trousers tailored
from tropical weight
stretch wool

Dresses →
Tops

hit one over the net in
this tennis dress made
from nike dry fabric that
wick moisture to

this lightweight tank
with a henley inspired
button placket is a
relaxed and breathable
essential for the

hit one over the net in
this tennis dress made
from nike dry fabric that
wick moisture to keep
you cool and dry

Bottoms →
Shoes

stretchy soft modal fabric
mean all night comfort in
classic lounge pants
stamped with branded
waistband

a logo patch underscore
the classic athletic style
of these comfy joggers
pants that boast a
stretchy

iconic stripe race down
the leg of adidas s
timeless superstar warm
up pants here with zip
pocket and hem for a
sporty contemporary
look

Accessories →
Outerwear

a signature logo patch
front a smart crossbody
bag perfectly sized for
vacation or a walk
around the city

smooth lambskin leather
and eye catching
hardware elevate the
sophisticated appeal of a
vintage inspired saddle
bag

a signature logo patch
brand the front of this
compact messenger bag
that s perfect for storing
essential while on the
move

Table 5.15: Cross-domain interference examples for BLIP-2 with constrained (DEL+)
and unconstrained (DEL-) memory strategies. The arrow notation (X → Y) indicates
models trained on domain X and tested on domain Y images. Red highlights show
abrupt truncation in DEL+, orange highlights show more complete DEL- descriptions,
blue highlights show domain confusion, and green highlights show appropriate domain
descriptions.

but potentially inappropriate descriptions. This pattern appears consistently across both
architectures, supporting the memory capacity paradox observed in quantitative metrics.

5.4.5 Sequential Knowledge Evolution

Table 5.16 demonstrates distinct knowledge retention patterns across strategies. Di-
versity sampling maintains core terminology ("tough tech canvas", "modern compact
bag") throughout learning phases, supporting its superior quantitative performance
(Table 5.10). Random sampling exhibits hibernation-recovery patterns, temporarily
losing then regaining original terminology, consistent with its competitive performance
(Tables 5.4 and 5.5). Uncertainty sampling shows inconsistent retention with frequent vo-
cabulary substitutions, aligning with its variable quantitative results (Table 5.8). Hybrid
sampling demonstrates conservative elaboration without adaptive evolution, reflecting
its moderate performance (Table 5.12). No-memory conditions shows systematic do-
main replacement following the training sequence (bag → cargo pants → cocktail dress),
confirming catastrophic forgetting progression (Table 5.2).



83

GT: tough tech canvas defines a modern compact bag that offer easy access to your daily essential

Strategy +Accessories +Bottoms +Dresses +Outerwear +Shoes +Tops

Random

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
with easy access

durable tech canvas
mean lasting appeal
for a compact
modern messenger
bag with easy
waterproofing and
plenty of

durable tech canvas
mean lasting appeal
for a versatile
messenger bag with
a smart waterproof
lining for beachside

a signature logo
patch front a smart
crossbody bag
perfectly sized for
vacation or a walk
around the city

tough tech canvas
defines a compact
modern bag that
can be easily slung
over the shoulder or
carried

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
thanks to smart

Diversity

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
phone key wallet

a signature logo
patch front a smart
crossbody bag
perfectly sized for
vacation or a walk
around the city

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
phone key wallet

a signature logo
patch brand the
front of this
compact messenger
bag perfectly sized
for vacation or walk
around the

a signature logo
patch brand the
front of this
compact messenger
bag perfectly sized
for vacation or walk
around the

a signature patch
brand the front of
this compact
messenger bag
perfectly sized for
vacation or walk
around the city

Uncertainty

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
and versatile styling

durable tech canvas
comprises a
lightweight bag
designed with a
variety of
convenient pocket
and topped with an
adjustable

a signature logo
patch front a smart
crossbody bag
perfectly sized for
vacation or around
town carry all your

a signature logo
patch front a smart
crossbody bag
perfectly sized for
vacation or a walk
around the city

durable tech canvas
mean lasting appeal
for a versatile
messenger bag with
a smart waterproof
lining for all day

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
in a smart

Hybrid

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
phone key wallet

a signature logo
patch brand the
front of this
compact messenger
bag that s perfect
for storing essential
while on

a lightweight
messenger bag is
ideal for traveling
with a plethora of
zip pocket to keep
your essential
organized and

a signature logo
patch front a smart
crossbody bag
perfectly sized for
vacation or a walk
around the city

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
phone pocket and

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
goldtone hardware

No_Mem

tough tech canvas
defines a modern
compact bag that
offer easy access to
your daily essential
and versatile styling

a full cut and a
cropped profile
keep the look both
modern and
comfortable in
cotton blend cargo
pants topped

a modern take on
vintage flapper
style this vivacious
cocktail dress stuns
with a tiered

a classically
designed elongated
car coat drive away
in style with a clean
black outer shell
and a

a cool roll down
shaft mean casual
appeal for this
classic boot
featuring an
ortholite footbed
and

a clean classic
silhouette defines a
versatile chukka
boot built from
water resistant
material and fitted
with smart

Table 5.16: Sequential knowledge retention across learning phases for BLIP-2. The image
is shown from cluster Accessories, the first domain in the training sequence, which faces
maximum catastrophic forgetting risk as it is evaluated after every subsequent domain.
Green highlights show diversity sampling’s terminological stability, orange highlights
show random sampling’s hibernation-recovery pattern, purple highlights show uncer-
tainty sampling’s vocabulary inconsistency, blue highlights show hybrid’s conservative
elaboration, and red highlights show systematic domain replacement without memory.

5.4.6 Universal Early Transition Vulnerability

All strategies exhibit severe vulnerability during initial domain transitions rather than at
mid-sequence positions. Figure 5.4 demonstrates that the steepest performance degra-
dation occurs during the first transition (Accessories → Bottoms), with 40-70% perfor-
mance drops across all memory strategies regardless of sophistication. After this initial
catastrophic period, strategies show relatively stable and similar performance patterns,
indicating that memory management optimization has limited impact on fundamental
knowledge consolidation challenges.
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5.4.7 Architectural Performance Differences

Strategy Convergence in BLIP2: BLIP2 achieves identical semantic performance (0.883
accuracy) across Random DEL+, Uncertainty, Diversity, and Hybrid strategies (Figure 5.2).
This convergence suggests frozen encoder architectures reach performance ceilings
where memory strategy becomes less critical than architectural constraints, supported by
consistent semantic retention across strategies.

Strategy Sensitivity in OFA: OFA exhibits clear strategy sensitivity with performance
hierarchy: Random DEL- (0.871) > Random DEL+ (0.870) > Uncertainty/Diversity (0.866)
> Hybrid (0.865). This indicates end-to-end architectures benefit significantly from
memory management optimization, with semantic retention varying accordingly.

5.4.8 Practical Implications

Strategy Selection Guidelines: The discovery that random sampling preserves essen-
tial semantic capabilities (86-93% retention) while sophisticated strategies provide only
marginal lexical improvements suggests that computational efficiency should be the
primary optimization criterion. Given the universal early transition vulnerability affect-
ing all strategies and the minimal human-detectable differences between approaches,
practical deployments should prioritize random sampling for its optimal balance of
semantic preservation and computational efficiency.

Architecture-Specific Recommendations: BLIP-2’s performance with both constrained
(DEL+) and unconstrained (DEL-) memory approaches, showing domain-dependent
optimization rather than uniform capacity preferences, suggests that adaptive memory
management strategies may be more effective than fixed capacity approaches. The
varying performance patterns across domains (Outerwear: 53% unconstrained (DEL-) vs
30% constrained (DEL+); Shoes: 75% constrained (DEL+) vs 71% unconstrained (DEL-
)) indicate potential for dynamic memory allocation based on domain characteristics.
OFA’s strategy sensitivity confirms that memory optimization provides meaningful
performance improvements for end-to-end architectures, with consistent benefits from
unconstrained (DEL-) memory allocation.

Implications of Lexical-Semantic Stability for Strategy Selection: Building on the estab-
lished lexical-semantic retention gap demonstrated in Figure 5.4, the consistent semantic
stability across memory strategies (94-98% BERTScore-F1 retention) suggests that sophis-
ticated memory management primarily optimizes surface-level generation rather than
fundamental knowledge preservation. This explains why random sampling achieves
competitive performance: when essential semantic capabilities remain stable, computa-
tional efficiency becomes the primary optimization criterion rather than algorithmic
sophistication. The finding challenges continual learning strategy selection paradigms
that prioritize complex approaches without considering efficiency-performance trade-
offs in semantic knowledge preservation.

These findings establish both diversity and random sampling as viable strategies for con-
tinual learning applications, with diversity sampling optimal for early transition stability
and random sampling providing competitive performance with computational efficiency
and domain-specific advantages. The results highlight critical architectural dependencies
that influence optimal memory management approaches while demonstrating that con-
tinual learning effectiveness can be achieved without fundamental algorithmic changes.



Chapter 6
User Study

This chapter presents a comprehensive human evaluation of the ALCIE framework’s
memory management strategies through a controlled user study with fashion domain
experts. We investigate whether the technical performance differences observed in
Chapter 5 translate to perceptible quality differences for human users, and examine
human detection of catastrophic forgetting effects across sequential learning phases
using simple statistical analysis and professional visualization methods.

The chapter is organized as follows: Section 6.1 establishes the motivation for human eval-
uation in continual learning systems. Section 6.2 formulates the three core research ques-
tions addressing strategy equivalence, catastrophic forgetting detection, and technical-
human alignment. Section 6.3 details the experimental design, participant characteristics,
evaluation metrics, and simple statistical analysis framework. Section 6.4 presents com-
prehensive findings using descriptive statistics, range analysis, and confidence intervals.
Section 6.5 interprets the results and provides practical recommendations for continual
learning system deployment.

6.1 Introduction

While automated metrics provide objective measures of model performance, human eval-
uation provides essential insights into the practical utility of AI-generated content [100].
The technical evaluation in Chapter 5 demonstrated clear performance differences be-
tween memory management strategies and confirmed catastrophic forgetting through
BLEU-4 [73] and BERTScore-F1 [78] metrics. However, a critical question remains: Do
these technical differences translate to perceptible quality differences for end users?

6.2 Research Questions

This study addresses three research questions that examine the relationship between
technical performance metrics and human perception in continual learning systems.
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Research Question 1 (Strategy Performance): Do memory management strategies (random
sampling, diversity sampling, uncertainty sampling) produce meaningful differences in human-
perceived caption quality?

This question directly examines whether the technical performance differences observed
in Chapter 5 translate to perceptible quality variations for human evaluators using simple
statistical comparisons of mean ratings and range analysis.

Research Question 2 (Catastrophic Forgetting Detection): Can human evaluators reliably
detect systematic quality degradation associated with catastrophic forgetting across sequential
learning phases?

This question investigates whether the technical phenomenon of catastrophic forgetting
produces detectable quality differences in human evaluation by comparing early versus
late learning phase performance using basic descriptive statistics.

Research Question 3 (User Preference Alignment): Do human preference patterns show
clear distinctions between memory management strategies in forced-choice evaluation?

This question examines user preference distribution through simple percentage analysis
and determines whether technical optimization translates to user preference advantages.

6.3 Methodology

6.3.1 Experimental Design

The study employed a within-subjects repeated measures design where participants
evaluated captions generated by three memory management strategies. Each participant
assessed 24 fashion images, rating three captions per image on four established dimen-
sions. The design controlled for order effects through systematic randomization of both
image presentation and caption ordering within each trial.

6.3.2 Participants

Fifteen participants (N=15) were recruited based on self-reported fashion interest and
provided informed consent following standard ethical guidelines. The sample comprised
participants across relevant age groups and gender distributions representing the primary
demographic for fashion e-commerce applications. Each participant completed the full
evaluation protocol, providing comprehensive evaluation data across 24 fashion images
with ratings for three captions across four quality dimensions, yielding 4,320 individual
dimension ratings and 360 preference judgments.

6.3.3 Stimuli and Conditions

Dataset: Images were systematically sampled from the FACAD dataset [28], stratified
across six fashion categories representing the continual learning sequence: Accessories
(Phase 1), Bottoms (Phase 2), Dresses (Phase 3), Outerwear (Phase 4), Shoes (Phase 5),
and Tops (Phase 6).

Caption Generation: Three captions per image were generated using BLIP-2 models
trained with different memory management strategies:
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• Random Sampling: Episodic memory with random sample selection [12]

• Diversity Sampling: CLIP-based clustering for sample coverage [97]

• Uncertainty Sampling: Uncertainty-based sample prioritization using MTE [96]

Sample Allocation Strategy: To address catastrophic forgetting during early learning
phases, we allocated samples with decreasing frequency across domains: Accessories (6
images), Bottoms (5 images), Dresses (4 images), Outerwear (3 images), Shoes (3 images),
and Tops (3 images).

6.3.4 Evaluation Metrics

Participants rated each caption on four dimensions using 5-point Likert scales (1=Very
Poor, 5=Excellent):

Relevance (1-5): Semantic accuracy and correctness of caption content relative to image.

Fluency (1-5): Grammatical correctness, syntactic well-formedness, and language flow.

Descriptiveness (1-5): Level of detail, informativeness, and completeness of description.

Novelty (1-5): Creativity, non-generic language use, and engaging descriptive style.

Additionally, participants completed a forced-choice preference task, selecting their
preferred caption for each image.

6.3.5 Analysis Framework

Our analysis employs simple descriptive statistics focused on practical interpretation
rather than complex statistical testing. This approach emphasizes clear, interpretable
results that directly inform deployment decisions.

Basic Statistical Measures

For each analysis, we calculate:

• Mean (x̄): Average rating for each strategy and condition

• Standard Deviation (s): Measure of rating variability

• Range: Difference between highest and lowest means

• 95% (CI): Precision estimates using standard error

• Sample Size (n): Number of ratings in each analysis group

Practical Interpretation Thresholds

To ensure meaningful interpretation of results, we establish simple thresholds for practi-
cal significance:

Strategy Performance Differences:

• Range < 0.1 points = Practically equivalent performance
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• Range 0.1− 0.3 points = Small but detectable differences

• Range > 0.3 points = Meaningful performance differences

Catastrophic Forgetting Effects:

• Difference < 0.1 points = Minimal forgetting detected

• Difference 0.1− 0.3 points = Some forgetting present

• Difference > 0.3 points = Clear forgetting pattern

User Preference Patterns:

• Range < 5% = No clear preference

• Range 5− 10% = Slight preference trend

• Range > 10% = Clear preference pattern

Reliability Assessment

Internal consistency across the four evaluation dimensions is assessed using Cronbach’s
coefficient alpha (α) to ensure coherent measurement. Values α ≥ 0.9 indicate excellent
reliability, 0.8 ≤ α < 0.9 indicate good reliability, and 0.7 ≤ α < 0.8 indicate acceptable
reliability [93].

6.4 Results

6.4.1 Participant Characteristics and Data Quality

All 15 recruited participants successfully completed the full evaluation protocol, provid-
ing complete datasets across all study components. The sample comprised primarily
participants aged 25-34 years (85.7%) with balanced gender distribution (50.0% male,
42.9% female, 7.1% prefer not to disclose).

Data Quality Assessment: Internal consistency analysis revealed excellent reliability
across rating dimensions (Cronbach’s α = 0.924), indicating that participants applied
coherent evaluation criteria throughout the study. This high reliability confirms that
the four-dimensional rating framework (relevance, fluency, descriptiveness, novelty)
measures a unified construct of caption quality rather than independent, unrelated
aspects. The excellent internal consistency validates that participants understood the
evaluation task clearly and that observed differences between strategies reflect genuine
quality variations rather than measurement noise or random rating patterns. This
level of reliability exceeds established thresholds for excellent measurement consistency
(α > 0.9), providing strong confidence in the validity of all subsequent comparative
analyses across memory management strategies.
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6.4.2 RQ1: Strategy Performance Analysis

Overall Performance Comparison

Figure 6.1 presents the overall performance comparison across memory management
strategies with 95% confidence intervals.

Figure 6.1: Overall performance by strategy showing practically equivalent results.
Error bars represent 95% confidence intervals. The 0.07-point range falls well below the
practical significance threshold.

Random and uncertainty sampling achieved identical overall performance (3.48), while
diversity sampling showed marginally lower performance (3.41). The confidence inter-
vals demonstrate substantial overlap: Random [3.43, 3.53], Diversity [3.36, 3.46], and
Uncertainty [3.43, 3.53]. The performance range of 0.07 points falls well below our practi-
cal significance threshold of 0.1 points, indicating that the three memory management
strategies are practically equivalent from a user experience perspective.

Dimensional Performance Analysis

Dimension Range (points) Interpretation

Relevance 0.04 Practically equivalent

Fluency 0.10 At threshold boundary

Descriptiveness 0.13 Small difference

Novelty 0.07 Practically equivalent

Table 6.1: Range analysis across evaluation dimensions for significance assessment.
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Figure 6.2: Performance by evaluation dimension showing strategy equivalence. Error
bars represent 95% confidence intervals.

As shown in Table 6.1 and Figure 6.2, three dimensions show practically equivalent
performance (relevance: 0.04, fluency: 0.10, novelty: 0.07), while descriptiveness exhibits
a small but detectable difference (0.13 points). CI demonstrates substantial overlap
across strategies: Random [3.43, 3.53], Diversity [3.36, 3.46], and Uncertainty [3.43, 3.53],
confirming equivalent performance across all evaluation dimensions.

6.4.3 RQ2: Catastrophic Forgetting Detection

Learning Phase Performance Pattern

Figure 6.3: Catastrophic forgetting pattern across learning phases. The non-monotonic
trajectory shows initial low performance (Accessories), recovery (Bottoms), mid-sequence
vulnerability (Dresses), and late-phase stabilization. Error bars represent 95% confidence
intervals.
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As shown in Figure 6.3, the pattern reveals initial low performance in Accessories (3.30,
95% CI [3.24, 3.37]), recovery in Bottoms (3.52, 95% CI [3.46, 3.57]), a notable dip in
Dresses (3.43, 95% CI [3.35, 3.51]), and stabilization in later phases: Outerwear (3.54,
95% CI [3.47, 3.62]), Shoes (3.55, 95% CI [3.47, 3.63]), and Tops (3.53, 95% CI [3.45, 3.60]).
This non-monotonic pattern aligns with technical findings regarding mid-sequence
vulnerability to CF.

Early versus Late Phase Comparison

Comparison Difference Interpretation

Late vs Early Phases +0.14 points Some forgetting detected

Phase 1 vs Phase 6 +0.23 points Moderate quality recovery

Lowest vs Highest Phase 0.25 points Notable performance variation

Table 6.2: Summary of catastrophic forgetting effects across learning phases.

Figure 6.4: Early versus late learning phase comparison showing detectable forgetting
effects. The 0.14-point difference represents meaningful quality degradation. Error bars
represent 95% confidence intervals.

As shown in Table 6.2 and Figure 6.4, the 0.14-point difference between early and late
phases indicates measurable quality degradation that affects user experience. Confidence
intervals for Early phases [3.32, 3.48] and Late phases [3.47, 3.61] show minimal overlap,
confirming statistical reliability of this difference.
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6.4.4 RQ3: User Preference Analysis

Figure 6.5: User preference distribution in forced-choice evaluation showing no clear
preference pattern. The 2.5 percentage point range indicates practically equivalent user
satisfaction across all memory management strategies.

As shown in Figure 6.5, the preference distribution shows Random (34.7%), Diversity
(33.1%), and Uncertainty (32.2%) with a range of only 2.5 percentage points. Based
on binomial confidence intervals, these preferences are statistically indistinguishable:
Random [29.9%, 39.9%], Diversity [28.3%, 38.3%], and Uncertainty [27.4%, 37.4%]. This
falls well below our threshold for clear preference (5 percentage points), indicating no
clear user preference for any particular memory management strategy.

Metric Value Interpretation

Preference Range 2.5 percentage points No clear preference

Highest vs Lowest 9 choices difference Minimal practical impact

Total Evaluations 360 forced choices Sufficient sample size

Table 6.3: Practical significance assessment of user preference patterns.
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Table 6.3 confirms this finding strongly supports the strategy equivalence conclusion
from RQ1, demonstrating that sophisticated memory management approaches do not
translate to user preference advantages.

6.5 Discussion

6.5.1 Strategy Equivalence: Confirming Technical-Human Disconnect

The practical equivalence of memory management strategies (0.07-point range) reveals a
significant disconnect between technical performance metrics and human perception.
While Chapter 5 demonstrated substantial differences, diversity sampling achieving 56%
BLEU-4 retention versus 31% for random sampling. Human evaluators perceived these as
practically equivalent differences. This disconnect suggests that BLEU-4 captures lexical
precision differences that are imperceptible to human evaluators, who prioritize semantic
adequacy over exact word matching. The technical superiority in memory management
translates to improved automated metrics but operates below the threshold of human
quality perception, challenging fundamental assumptions that technical improvements
automatically translate to user experience benefits.

6.5.2 Catastrophic Forgetting: A Detectable User Experience Issue

The 0.14-point difference between early and late phases provides clear evidence that
catastrophic forgetting represents a genuine user experience challenge. Unlike strategy
optimization effects, which operate below perception thresholds, catastrophic forgetting
produces quality degradation detectable by end users. This suggests that forgetting
mitigation should be prioritized over memory strategy optimization in practical deploy-
ments.

6.5.3 No Clear User Preferences

The minimal preference variation (2.5 percentage points) confirms that sophisticated
memory management approaches do not translate to user preference advantages. This
finding supports resource allocation toward computationally efficient approaches (ran-
dom sampling) rather than complex optimization strategies.

6.5.4 Practical Implications

Based on these findings, the experimental evidence supports:

• Use simple random sampling for memory management (computationally efficient,
user-equivalent performance)

• Prioritize catastrophic forgetting mitigation over memory strategy optimization

• Focus development resources on user-detectable improvements rather than techni-
cal metric optimization

• Deploy evaluation frameworks that emphasize practical significance over statistical
significance
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This study establishes that while technical advances in memory management strategies
are algorithmically meaningful, they operate below human perception thresholds, redi-
recting attention toward catastrophic forgetting mitigation as the primary user experience
challenge in continual learning deployment. These findings have broader implications
for the field, suggesting that future research should prioritize human-centered evaluation
metrics alongside traditional automated measures. The disconnect between technical
performance and user perception highlights the need for evaluation frameworks that
bridge this gap, ensuring that algorithmic improvements translate to meaningful user
experience enhancements in practical applications.



Chapter 7
Conclusion and Future Work

This chapter synthesizes the key contributions and implications of the ALCIE framework,
providing a comprehensive assessment of strategic memory management in continual
IC systems. We summarize our main contributions and paradigm-shifting insights (Sec-
tion 7.1), discuss practical implications for system design and deployment (Section 7.2),
acknowledge limitations (Section 7.3), and outline future research directions (Section 7.4).

7.1 Summary of Contributions and Key Insights

The ALCIE framework represents the first systematic investigation of whether strategic
memory management provides meaningful advantages over computationally efficient
random sampling in continual IC. Through comprehensive cross-architectural evaluation,
this research has uncovered counterintuitive insights that fundamentally challenge
prevailing assumptions about optimization priorities in CL systems.

Our central investigation asked: Can strategic sample selection significantly improve continual
learning performance beyond computationally efficient random approaches? The systematic
evaluation across BLIP-2 and OFA architectures reveals a nuanced answer that challenges
expectations about the relationship between algorithmic sophistication and practical
effectiveness.

While strategic AL approaches demonstrate measurable technical improvements, partic-
ularly diversity sampling’s superior early transition stability (56% retention vs. 30-36%
for random sampling), the practical significance of these gains operates below human
perception thresholds. This finding represents a paradigm shift: technical metric opti-
mization does not necessarily translate to meaningful user experience improvements.

7.1.1 Research Question Answers

RQ1: Memory Strategy Effectiveness and Architecture Dependency Diversity sam-
pling achieves superior early transition stability (56% retention vs. 30–36% for random
sampling), while architectures demonstrate different strategy sensitivities, BLIP-2 exhibit
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strategy convergence (0.883 accuracy across multiple approaches) while OFA demon-
strate a clear strategy sensitivity (0.865–0.871) range.

RQ2: Lexical versus Semantic Forgetting Patterns We identified a systematic lexical-
semantic forgetting disconnect, with severe lexical generation degradation (0-35% reten-
tion) occurring alongside robust semantic understanding preservation (86-93% retention).
All strategies exhibit universal early transition vulnerability rather than position-specific
effects, with the steepest performance drops occurring during initial domain transitions
regardless of memory management sophistication.

RQ3: Memory Capacity Optimization and Resource Efficiency Both architectures
benefit from unconstrained memory, but BLIP-2 demonstrates minimal differences (0.884
vs. 0.883 accuracy) while OFA demonstrates clearer benefits (0.871 vs. 0.870 accuracy),
suggesting architecture-dependent memory utilization patterns.

User Study Findings: Memory management strategies do not produce meaningful
differences in human-perceived caption quality, with only a 0.07-point range across all
evaluation dimensions. However, human evaluators detected a meaningful 0.14-point
quality degradation between early and late learning phases, confirming that CF repre-
sents a genuine user experience challenge while strategy optimization effects operate
below human perception thresholds.

7.1.2 Paradigm-Shifting Insights

Lexical-Semantic Forgetting Paradigm: The most fundamental discovery is that catas-
trophic forgetting operates differentially across knowledge types, with severe lexical
generation degradation occurring alongside robust semantic understanding preservation.
This 60-85 percentage point gap explains why random sampling remains competitive
and challenges community assumptions about forgetting severity in vision-language
models.

The Unexpected Competitiveness of Random Sampling: Perhaps the most significant
finding is that random sampling achieves competitive performance across multiple
dimensions while providing substantial computational efficiency advantages. Random
sampling’s effectiveness (36% Accessories retention, 53% Outerwear retention for BLIP-
2) challenges the assumption that sophisticated algorithmic approaches necessarily
outperform simple baselines.

Technical-Human Performance Disconnect: The discovery that technical improvements
operate below human perception thresholds while CF effects are clearly detectable repre-
sents a fundamental insight for CL research. This disconnect suggests that evaluation
frameworks focusing solely on automated metrics may optimize for improvements that
provide no practical benefit to end users.

Universal Early Transition Vulnerability: The identification of severe performance
drops during initial domain transitions (40-70% degradation) across all strategies, regard-
less of sophistication, reveals fundamental limitations in knowledge consolidation that
transcend memory management optimization.
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7.2 Practical Implications

7.2.1 Strategy Selection Guidelines

Lexical-Semantic Optimization: Given that semantic understanding remains stable
across strategies while lexical generation shows greater variability, practitioners should
prioritize approaches that maintain essential conceptual knowledge. Random sampling
effectively preserves semantic capabilities while providing computational efficiency
advantages.

Computational Efficiency Priority: Given the unexpected competitiveness of random
sampling and minimal human-detectable differences between strategies, practical de-
ployments should prioritize computational efficiency over algorithmic sophistication.
Random sampling provides an optimal balance of performance and resource utilization.

Architecture-Specific Recommendations: BLIP-2’s performance ceiling effect suggests
frozen encoder architectures benefit minimally from memory management optimization,
making random sampling particularly attractive. OFA’s strategy sensitivity indicates
end-to-end architectures may justify more sophisticated memory management, though
practical benefits remain modest.

Resource Allocation Principle: Rather than investing computational resources in so-
phisticated memory selection algorithms, practitioners should focus on catastrophic
forgetting mitigation mechanisms that operate above human perception thresholds. This
represents a fundamental shift in optimization priorities for continual learning systems.

7.3 Limitations

Our evaluation is limited to the fashion domain using the FACAD dataset, which may
not generalize to domains with greater visual variability. We evaluate only BLIP-2 and
OFA architectures, use fixed domain sequences, and conduct human evaluation with 15
participants and 24 images, limiting statistical power and generalizability.

Memory management strategies rely on basic score-based replacement and proportional
deletion. Advanced methods like hierarchical memory, adaptive allocation, or meta-
learning remain unexplored. The study uses offline batch processing and provides limited
computational efficiency analysis, so practical trade-offs in inference time, memory use,
or energy consumption remain unaddressed.

In summary, the ALCIE framework contributes essential insights that fundamentally
challenge prevailing assumptions about optimization priorities in CL systems. The
unexpected competitiveness of random sampling, combined with the technical-human
performance disconnect, suggests that continual learning research should prioritize
CF mitigation mechanisms over memory strategy optimization. For practitioners, this
research establishes that computational efficiency should be prioritized over algorithmic
sophistication, with random sampling providing an optimal balance for most deployment
scenarios. These principles provide foundations for developing more effective and user-
centered CL systems.

The lexical-semantic forgetting paradigm represents our most significant theoretical
contribution, demonstrating that continual learning challenges are primarily surface-
level rather than conceptual. This insight explains the competitive effectiveness of
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random sampling and provides theoretical foundation for prioritizing computational
efficiency over algorithmic sophistication.

7.4 Future Work

7.4.1 Addressing Fundamental Continual Learning Limitations

Given the universal early transition vulnerability and lexical-semantic performance dis-
connect, future research should prioritize developing novel approaches to CF mitigation
that operate above human perception thresholds.

7.4.2 Domain and Task Expansion

Cross-Domain and Multi-Task Extension: Validate ALCIE across diverse domains such
as medical imaging, natural scenes, and scientific visualization, each presenting unique
challenges that could reveal domain-specific memory management requirements. Exten-
sion beyond image captioning to tasks such as visual question answering, image-text
retrieval, and multimodal dialogue would address our current task-specific limitation
and reveal how memory management strategies perform when models must simultane-
ously maintain knowledge across different objectives.

Multilingual Investigation: Explore multilingual continual learning where models
adapt simultaneously to novel visual domains and languages, addressing the global
applicability limitation of our English-only evaluation. Building on recent progress in
multilingual and multimodal language models [101], this work could establish whether
architecture-dependent memory patterns observed in our experiments hold across di-
verse linguistic contexts.

7.4.3 Architectural Innovation and Scalability

Parameter-Efficient and Foundation-Based Designs: Test the generalizability of current
findings on large multimodal models and parameter-efficient adaptation methods such
as C-LoRA [57] and adapters, as reviewed in recent work on fine-tuning modular archi-
tectures [102]. Our findings about architecture-dependent memory utilization patterns
were established on models with specific parameter ranges (BLIP-2: 2.7B, OFA: 470M),
but may not generalize to foundation models exceeding 10B parameters.

Mixture-of-Experts and Memory Co-Design: Investigate sparse mixture-of-experts
architectures combined with memory selection strategies to enable more scalable and
specialized representations. This approach could potentially address the universal mid-
sequence vulnerability identified in our experiments through expert-specific memory
allocation. Foundational work on sparsely-gated experts provides guidance for expert-
memory pairing [103].
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7.4.4 Human-Centered Continual Learning and Methodological Inno-
vations

Research should develop optimization frameworks that explicitly target improvements
above human perception thresholds rather than focusing solely on automated metric
improvements.

Scalable Human Evaluation: Expand human-centered evaluation across larger and
more demographically diverse populations to assess interpretability, alignment, and real-
world utility [104]. Our human evaluation findings revealed a critical technical-human
performance disconnect, but were limited to 15 participants and 24 fashion images.
Comprehensive human studies would investigate whether this disconnect persists across
different user populations and application domains.

These research directions collectively aim to transform continual learning from a focus
on algorithmic sophistication to practical effectiveness, ensuring that technical advances
translate to meaningful improvements in real-world applications.
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Appendix: Supplementary
Experiments Results

This appendix presents comprehensive evaluation results for supplementary metrics
employed in the experimental evaluation described in Chapter 5. While the main body
focuses on BLEU-4 and BERTScore-F1 as primary evaluation measures, this appendix
provides complete results for ROUGE-L and METEOR across all experimental conditions
and memory management strategies.

Evaluation Metrics Overview

The supplementary experimental evaluation employs two complementary metrics to
assess caption generation quality across multiple dimensions:

ROUGE-L: Measures longest common subsequence overlap, capturing structural simi-
larity and word ordering between generated and reference captions.

METEOR: Incorporates stemming, synonymy, and paraphrase matching for nuanced
semantic evaluation that accounts for linguistic variations.

Each metric provides a different perspective on model performance, enabling com-
prehensive assessment of continual learning effectiveness across lexical and structural
dimensions.



111

Experiment 1: No Memory Baseline - Complete Results

ROUGE-L Performance Without Memory

ROUGE-L Performance Without Memory

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.443 0.650 0.132(30%) 0.168(26%) 0.117(26%) 0.119(18%) 0.111(25%) 0.111(17%) 0.115(26%) 0.117(18%) 0.100(23%) 0.107(16%)

Bottoms 0.389 0.536 0.114(29%) 0.192(36%) 0.114(29%) 0.125(23%) 0.096(25%) 0.102(19%) 0.098(25%) 0.114(21%)

Dresses 0.467 0.661 0.158(34%) 0.189(29%) 0.121(26%) 0.116(18%) 0.126(27%) 0.128(19%)

Outerwear 0.468 0.662 0.154(33%) 0.149(23%) 0.117(25%) 0.136(21%)

Shoes 0.395 0.593 0.136(34%) 0.393(66%)

Tops 0.530 0.734

Table 1: ROUGE-L scores showing severe structural degradation without episodic mem-
ory. Subscript percentages show retention levels, with bold indicating higher values
between architectures.

METEOR Performance Without Memory

METEOR Performance Without Memory

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.439 0.583 0.115(26%) 0.132(23%) 0.097(22%) 0.083(14%) 0.091(21%) 0.078(13%) 0.087(20%) 0.081(14%) 0.079(18%) 0.074(13%)

Bottoms 0.391 0.503 0.105(27%) 0.168(33%) 0.105(27%) 0.100(20%) 0.076(19%) 0.071(14%) 0.081(21%) 0.088(17%)

Dresses 0.459 0.598 0.141(31%) 0.154(26%) 0.095(21%) 0.078(13%) 0.108(24%) 0.099(17%)

Outerwear 0.464 0.604 0.134(29%) 0.112(19%) 0.098(21%) 0.103(17%)

Shoes 0.379 0.545 0.114(30%) 0.352(65%)

Tops 0.521 0.683

Table 2: METEOR scores demonstrating semantic degradation without memory mecha-
nisms. Subscript percentages show retention levels, with bold indicating higher values
between architectures.
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Experiments 2-3: Random Sampling Memory Management
- Complete Results

ROUGE-L Performance: Random Sampling

ROUGE-L Performance: OFA Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.442 0.443 0.261(59%) 0.272(61%) 0.268(61%) 0.264(60%) 0.284(64%) 0.275(62%) 0.266(60%) 0.272(61%) 0.263(59%) 0.286(65%)

Bottoms 0.381 0.379 0.207(54%) 0.207(55%) 0.191(50%) 0.200(53%) 0.194(51%) 0.184(49%) 0.184(48%) 0.196(52%)

Dresses 0.450 0.424 0.203(45%) 0.188(44%) 0.219(49%) 0.219(52%) 0.177(39%) 0.188(44%)

Outerwear 0.468 0.472 0.272(58%) 0.255(54%) 0.211(45%) 0.219(46%)

Shoes 0.389 0.378 0.263(68%) 0.274(72%)

Tops 0.549 0.552

Table 3: ROUGE-L performance comparison for OFA with constrained (DEL+) vs un-
constrained (DEL-) random sampling. Subscript percentages show retention levels, with
bold indicating higher values between strategies.

ROUGE-L Performance: BLIP-2 Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.649 0.650 0.324(50%) 0.317(49%) 0.299(46%) 0.324(50%) 0.315(49%) 0.328(50%) 0.302(47%) 0.325(50%) 0.334(51%) 0.342(53%)

Bottoms 0.518 0.528 0.249(48%) 0.246(47%) 0.220(42%) 0.234(44%) 0.220(42%) 0.247(47%) 0.220(42%) 0.246(47%)

Dresses 0.647 0.646 0.300(46%) 0.293(45%) 0.220(34%) 0.239(37%) 0.178(28%) 0.185(29%)

Outerwear 0.662 0.656 0.322(49%) 0.421(64%) 0.253(38%) 0.276(42%)

Shoes 0.641 0.643 0.529(83%) 0.511(79%)

Tops 0.727 0.729

Table 4: ROUGE-L performance comparison for BLIP-2 with constrained (DEL+) vs
unconstrained (DEL-) random sampling. Subscript percentages show retention levels,
with bold indicating higher values between strategies.



113

METEOR Performance: Random Sampling

METEOR Performance: OFA Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.439 0.441 0.266(61%) 0.270(61%) 0.265(60%) 0.258(59%) 0.278(63%) 0.272(62%) 0.264(60%) 0.264(60%) 0.255(58%) 0.276(63%)

Bottoms 0.387 0.387 0.200(52%) 0.201(52%) 0.199(51%) 0.199(51%) 0.198(51%) 0.193(50%) 0.176(45%) 0.193(50%)

Dresses 0.440 0.413 0.207(47%) 0.197(48%) 0.205(47%) 0.206(50%) 0.161(37%) 0.172(42%)

Outerwear 0.466 0.466 0.265(57%) 0.247(53%) 0.201(43%) 0.211(45%)

Shoes 0.371 0.362 0.242(65%) 0.260(72%)

Tops 0.541 0.546

Table 5: METEOR performance comparison for OFA with constrained vs unconstrained
random sampling. Subscript percentages show retention levels, with bold indicating
higher values between strategies.

METEOR Performance: BLIP-2 Random Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL- DEL+ DEL-

Accessories 0.582 0.583 0.280(48%) 0.271(46%) 0.269(46%) 0.295(51%) 0.270(46%) 0.285(49%) 0.264(45%) 0.280(48%) 0.289(50%) 0.295(51%)

Bottoms 0.486 0.495 0.229(47%) 0.224(45%) 0.199(41%) 0.213(43%) 0.198(41%) 0.220(44%) 0.203(42%) 0.222(45%)

Dresses 0.583 0.583 0.256(44%) 0.250(43%) 0.183(31%) 0.199(34%) 0.153(26%) 0.152(26%)

Outerwear 0.604 0.598 0.283(47%) 0.371(62%) 0.220(36%) 0.240(40%)

Shoes 0.591 0.595 0.482(82%) 0.467(78%)

Tops 0.678 0.678

Table 6: METEOR performance comparison for BLIP-2 with constrained vs unconstrained
random sampling. Subscript percentages show retention levels, with bold indicating
higher values between strategies.
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Experiment 4: Uncertainty Sampling - Complete Results

ROUGE-L Performance: Uncertainty Sampling

ROUGE-L Performance: Uncertainty Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.442 0.650 0.254(57%) 0.315(48%) 0.237(54%) 0.303(47%) 0.227(51%) 0.313(48%) 0.217(49%) 0.311(48%) 0.233(53%) 0.331(51%)

Bottoms 0.369 0.526 0.189(51%) 0.227(43%) 0.176(48%) 0.199(38%) 0.175(47%) 0.213(40%) 0.178(48%) 0.221(42%)

Dresses 0.460 0.651 0.206(45%) 0.285(44%) 0.200(43%) 0.220(34%) 0.172(37%) 0.183(28%)

Outerwear 0.457 0.660 0.246(54%) 0.408(62%) 0.191(42%) 0.258(39%)

Shoes 0.381 0.647 0.246(65%) 0.520(80%)

Tops 0.547 0.733

Table 7: ROUGE-L performance with uncertainty-based memory selection. Subscript
percentages show retention levels, with bold indicating higher values between architec-
tures.

METEOR Performance: Uncertainty Sampling

METEOR Performance: Uncertainty Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.439 0.583 0.251(57%) 0.274(47%) 0.238(54%) 0.262(45%) 0.240(55%) 0.272(47%) 0.224(51%) 0.269(46%) 0.237(54%) 0.288(49%)

Bottoms 0.372 0.492 0.194(52%) 0.206(42%) 0.180(48%) 0.185(38%) 0.183(49%) 0.199(40%) 0.183(49%) 0.204(41%)

Dresses 0.451 0.588 0.194(43%) 0.243(41%) 0.190(42%) 0.185(31%) 0.158(35%) 0.150(26%)

Outerwear 0.452 0.603 0.246(54%) 0.360(60%) 0.186(41%) 0.216(36%)

Shoes 0.367 0.597 0.236(64%) 0.472(79%)

Tops 0.539 0.683

Table 8: METEOR performance with uncertainty-based memory selection showing robust
semantic retention. Subscript percentages show retention levels, with bold indicating
higher values between architectures.
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Experiment 5: Diversity Sampling - Complete Results

ROUGE-L Performance: Diversity Sampling

ROUGE-L Performance: Diversity Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.442 0.652 0.249(56%) 0.441(68%) 0.254(57%) 0.341(52%) 0.252(57%) 0.281(43%) 0.245(55%) 0.263(40%) 0.251(57%) 0.265(41%)

Bottoms 0.381 0.535 0.207(54%) 0.323(60%) 0.191(50%) 0.239(45%) 0.194(51%) 0.231(43%) 0.184(48%) 0.220(41%)

Dresses 0.455 0.654 0.204(45%) 0.338(52%) 0.190(42%) 0.240(37%) 0.159(35%) 0.191(29%)

Outerwear 0.462 0.665 0.258(56%) 0.465(70%) 0.189(41%) 0.305(46%)

Shoes 0.389 0.641 0.236(61%) 0.554(86%)

Tops 0.544 0.730

Table 9: ROUGE-L performance with diversity-based memory selection demonstrating
superior transition stability. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

METEOR Performance: Diversity Sampling

METEOR Performance: Diversity Sampling

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.439 0.585 0.250(57%) 0.388(66%) 0.253(58%) 0.295(50%) 0.249(57%) 0.238(41%) 0.240(55%) 0.220(38%) 0.243(55%) 0.225(38%)

Bottoms 0.380 0.502 0.206(54%) 0.300(60%) 0.186(49%) 0.217(43%) 0.194(51%) 0.209(42%) 0.182(48%) 0.199(40%)

Dresses 0.445 0.590 0.188(42%) 0.292(49%) 0.177(40%) 0.204(35%) 0.141(32%) 0.157(27%)

Outerwear 0.458 0.607 0.252(55%) 0.418(69%) 0.176(38%) 0.267(44%)

Shoes 0.374 0.593 0.212(57%) 0.509(86%)

Tops 0.536 0.679

Table 10: METEOR performance with diversity-based memory selection demonstrating
exceptional structural preservation. Subscript percentages show retention levels, with
bold indicating higher values between architectures.
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Experiment 6: Hybrid Memory Management - Complete
Results

ROUGE-L Performance: Hybrid Management

ROUGE-L Performance: Hybrid Memory Management

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.442 0.652 0.274(62%) 0.330(51%) 0.257(58%) 0.321(49%) 0.234(53%) 0.333(51%) 0.235(53%) 0.307(47%) 0.215(49%) 0.325(50%)

Bottoms 0.363 0.531 0.206(57%) 0.234(44%) 0.192(53%) 0.213(40%) 0.179(49%) 0.220(41%) 0.161(44%) 0.220(41%)

Dresses 0.448 0.655 0.226(50%) 0.288(44%) 0.210(47%) 0.216(33%) 0.159(35%) 0.177(27%)

Outerwear 0.483 0.663 0.270(56%) 0.415(63%) 0.186(39%) 0.253(38%)

Shoes 0.390 0.643 0.256(66%) 0.527(82%)

Tops 0.526 0.729

Table 11: ROUGE-L performance with hybrid memory management demonstrating
balanced multi-criteria selection. Subscript percentages show retention levels, with bold
indicating higher values between architectures.

METEOR Performance: Hybrid Management

METEOR Performance: Hybrid Memory Management

+ Accessories + Bottoms + Dresses + Outerwear + Shoes + Tops

Test
Domain

OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2 OFA BLIP-2

Accessories 0.439 0.585 0.270(61%) 0.283(48%) 0.250(57%) 0.279(48%) 0.229(52%) 0.290(50%) 0.236(54%) 0.265(45%) 0.213(49%) 0.281(48%)

Bottoms 0.365 0.497 0.207(57%) 0.217(44%) 0.198(54%) 0.198(40%) 0.179(49%) 0.207(42%) 0.173(47%) 0.204(41%)

Dresses 0.441 0.591 0.214(49%) 0.245(41%) 0.198(45%) 0.178(30%) 0.141(32%) 0.144(24%)

Outerwear 0.479 0.605 0.265(55%) 0.369(61%) 0.173(36%) 0.218(36%)

Shoes 0.374 0.594 0.235(63%) 0.480(81%)

Tops 0.518 0.679

Table 12: METEOR performance with hybrid memory management showing balanced
semantic retention. Subscript percentages show retention levels, with bold indicating
higher values between architectures.
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Summary of Supplementary Metrics

The comprehensive evaluation across ROUGE-L and METEOR metrics confirms the
primary findings presented in the main experimental chapter:

Consistent Cross-Metric Patterns: All supplementary metrics demonstrate the same
fundamental patterns observed in BLEU-4 and BERTScore-F1 results. Diversity sampling
achieves superior early transition stability across ROUGE-L (68% vs 50% retention for
BLIP-2 Accessories after Bottoms training), while random sampling provides competitive
performance with computational efficiency advantages.

Lexical and Structural Stability: ROUGE-L and METEOR results show consistent pat-
terns with the primary evaluation metrics, validating that episodic memory mechanisms
effectively preserve both structural and semantic understanding while lexical metrics
show greater sensitivity to memory management strategies.

Architecture-Independent Validation: The supplementary metrics confirm architecture-
specific patterns, with BLIP-2 demonstrating performance convergence across strategies
while OFA shows clear strategy sensitivity. These patterns appear consistently across all
evaluation dimensions, reinforcing the architectural dependency conclusions presented
in the main results.

Universal Mid-Sequence Vulnerability: All metrics confirm the universal mid-sequence
vulnerability at the Dresses position, with 8-15% retention across ROUGE-L, METEOR,
and BLEU-4 metrics regardless of memory management sophistication. This cross-metric
validation strengthens the evidence for position-dependent forgetting effects in continual
learning scenarios.

Diversity Sampling Excellence: The complete metric evaluation validates diversity
sampling’s superior performance across multiple dimensions. Beyond the early transi-
tion stability advantages demonstrated in ROUGE-L and METEOR, diversity sampling
achieves exceptional semantic preservation in BERTScore components, with some do-
mains showing retention above baseline performance, indicating potential positive
transfer effects through comprehensive feature space coverage.

Cross-Architecture Metric Consistency: The supplementary results confirm that archi-
tectural differences manifest consistently across all evaluation frameworks. BLIP-2’s
superior absolute performance combined with strategy convergence appears across
ROUGE-L (0.650 baseline vs OFA’s 0.442), METEOR (0.585 vs 0.439), and all BERTScore
components, while OFA’s superior retention stability appears consistently across seman-
tic metrics.

Memory Strategy Effectiveness Validation: The comprehensive metric analysis confirms
that:

• Random sampling provides robust baseline performance with 59-65% ROUGE-L
retention for OFA and 47-53% for BLIP-2

• Uncertainty sampling shows moderate effectiveness with 48-57% ROUGE-L reten-
tion patterns

• Diversity sampling demonstrates optimal early transition performance with 56-68%
retention after first transitions

• Hybrid approaches achieve balanced but not superior performance with 49-62%
retention ranges
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These comprehensive results demonstrate that the primary conclusions drawn from
BLEU-4 and BERTScore-F1 analysis are robust across multiple evaluation frameworks,
providing strong empirical support for the memory management strategy recommen-
dations and architectural insights presented in the main experimental chapter. The
cross-metric validation using ROUGE-L and METEOR strengthens confidence in the
practical applicability of diversity sampling for optimal continual learning performance
and random sampling for computational efficiency, while confirming the fundamental
architectural dependencies that influence optimal memory management approaches.
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