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Abstract

With the advent of the Transformer architecture, large-scale models have rapidly advanced

across various domains such as vision, language, and multimodal learning. Increasing model

parameters and enlarging training datasets have become common strategies for improving

model performance. However, blindly scaling up model size no longer guarantees significant

gains and leads to higher training and deployment costs. As a result, reducing training costs

without further increasing model parameters has become a critical challenge, both during

model training and in adapting pre-trained models to new tasks.

Although numerous studies have been devoted to improving model training efficiency,

most existing approaches focus on general-purpose designs that are broadly applicable across

various model architectures and scales. However, they rarely perform adaptive customization

of such mechanisms in conjunction with model components (e.g., tokenizer of LLMs, Experts

or router mechanisms in MoE LoRA, and label mapping). As is well known, different compon-

ents and modalities often require distinct learning rate schedules or optimization algorithms

to resolve compatibility issues during training. This naturally raises an important question:

should training efficiency strategies also be adapted to the interactions of model components?

While prior work has largely overlooked the collaborative properties of components and

their task-specific connections, we take a step further by exploring component-collaborative

training efficiency strategies. We investigate how different implementation strategies enhance

adaptability through component coordination across model modalities.

Our study begins by investigating the integration of adaptive components within vision-

language models (VLMs), aiming to enhance training efficiency by explicitly exploiting the

unique cross-modal interactions between visual and textual modalities. First, building on

existing distillation-based continual learning methods, we introduce a sample re-weighting

mechanism that dynamically adjusts the influence of each teacher model for each sample.

The use of dual teachers ensures that each sample receives appropriate learning guidance.
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ABSTRACT vii

Moreover, we propose a novel graph-based multimodal proximity distillation approach, which

preserves both intra-modal and inter-modal relationships across visual and textual features,

leading to improving training efficiency. Second, to further enhance the fine-tuning efficiency

of vision-language models (VLMs) for the same task, we investigate whether full parameter

updates can be avoided. We design a multimodal Mixture-of-Experts (MoE) architecture

that jointly exploits both image and text inputs. This structure mitigates the risk of textual

representation collapse while promoting better cross-modal alignment. For each task, only a

subset of experts needs to be updated, significantly reducing training time and GPU burden

and thereby improving overall efficiency. For unimodal models such as CV backbones

or LLMs, which involve relatively simpler information structures, our study focuses on

lightweight, input/output-level adaptive components that are decoupled from the backbone.

This design reduces training costs and enables flexible, model-aware integration without

modifying the original architecture. Third, for large language models (LLMs), we investigate

the tokenizer, which serves as a critical interface between raw linguistic data and the model.

Since textual inputs must be tokenized before being processed by the model, we propose a

simple yet effective tokenizer learning method tailored to each LLM. Starting from a broad

initial vocabulary, we refine the tokenizer by tracking perplexity changes during training,

allowing us to select a tokenizer that aligns closely with the model’s evolving behavior.

Compared to training large-scale model parameters, customizing a tokenizer for each model

incurs much lower computational costs, significantly reducing training costs. Last, in the

context of large-scale vision models, we explore visual prompts as a lightweight and efficient

adaptation strategy that only modifies the input layer. We propose an Optimal Transport-based

Label Mapping (OTLM) strategy to minimize distribution shifts and reduce the adaptation

burden on visual prompts. Unlike existing approaches, our method explicitly models the

relationship between the pre-trained model and the downstream task to construct an optimal

label alignment, which facilitates better prompt transfer.
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CHAPTER 1

Introduction

Since the introduction of the Transformer architecture, transformer-based models have become

the dominant paradigm across a wide range of research fields, consistently achieving state-of-

the-art (SOTA) performance in computer vision (CV), natural language processing (NLP),

and multimodal learning. However, the increasing scale of foundation models is evident in

recent developments such as LLaVA-OneVision, with 72 billion parameters (Li et al. 2024),

and GPT-3, with 175 billion parameters (Brown et al. 2020). While these large-scale models

deliver impressive performance, they also impose significant computational and time costs on

both academic research and industrial deployment. As a result, improving training efficiency

and reducing computational overhead—during both pretraining and fine-tuning phases—has

emerged as a key research focus.

Improving the training efficiency of large-scale neural networks has become a central focus in

contemporary deep learning research (Shen et al. 2023a). One mainstream line of work in-

volves modifying the model architecture to reduce unnecessary computation. The motivation

behind this direction lies in the observation that, while large models are composed of billions

of parameters, not all of them are essential during training. To address this, various lightweight

architectures have been proposed. For instance, models such as ALBERT (Lan et al. 2019)

and MobileBERT (Sun et al. 2020) leverage parameter sharing and layer reduction to decrease

model size, while pruning techniques eliminate less important weights or structural com-

ponents (e.g., Transformer layers or CNN filters). Additionally, Mixture-of-Experts (MoE)

architectures adopt sparsely activated expert modules, enabling partial parameter activation

during training and inference, thus significantly reducing computational overhead. These

architectural interventions offer fine-grained control over internal computation pathways,

1



2 1 INTRODUCTION

allowing more efficient modeling of attention patterns and feature interactions. That said,

such methods often require direct modification of the backbone, making them more suitable

for improving open-source models with accessible architectures.

Alternatively, for models whose architectures cannot be modified due to cross-task parameter

sharing, task-module preservation, catastrophic forgetting avoidance, or deployment con-

straints, decoupled approaches have gained increasing attention. These methods optimize

the input or output interfaces to achieve efficiency gains without altering the backbone. For

example, visual prompt tuning introduces a small set of learnable embeddings at the input

level to enable efficient fine-tuning on downstream tasks. Similarly, dynamic input resizing

allows trade-offs between accuracy and computation by adjusting the image resolution. These

approaches are highly flexible and portable, making them well-suited for integration into

existing training pipelines and applicable across different models and tasks.

Together, these two classes of methods, architecture-level and external components, con-

stitute the dominant paradigms for improving training efficiency. However, despite their

effectiveness, most existing methods adopt model-agnostic designs that do not consider the

alignment between added components and the model. For instance, visual prompt meth-

ods typically rely on fixed frequency-based label mappings across different architectures,

pretraining datasets, and model sizes. For instance, Visual prompt methods typically rely

on fixed or frequency-based label mappings across different architectures and pretraining

datasets. However, such simple frequency-based mapping between the model and the target

task labels does not contribute to improving training efficiency — it merely serves the basic

purpose of achieving mapping. Currently, widely used tokenizers such as BPE and Unigram

are model-agnostic and do not take the characteristics or performance of the LLM itself

into account during training. As a result, they offer little to no benefit in improving train-

ing efficiency. In vision-language models (VLMs), MoE and knowledge distillation rarely

consider the inter-modal coordination between vision and language representations. While

generality facilitates reusability and deployment, it also leads to missed opportunities for

model adaptation—especially in multimodal models. Designing adaptive components based
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on the characteristics of multimodality and leveraging cross-modal interactions to improve

model efficiency is a promising direction worth exploring.

Although existing training acceleration methods generally bring performance gains across a

wide range of models, they are often designed as "one-size-fits-all" solutions, overlooking the

intrinsic characteristics of individual models. Just as researchers select different activation

functions, optimization algorithms, and objective functions tailored to specific architectures,

efficiency improvement strategies should also be adapted to the unique traits of each model.

To address the above mentioned limitation, we propose a framework of model adaptive

efficiency strategies, which explicitly aligns component design with the model’s architecture,

scale, and modality characteristics. Specifically, we explore adaptive components inside the

model for complex VLMs, leveraging the unique cross-modal interactions between vision

and language to improve training efficiency. For unimodal models such as CV backbones or

LLMs, where the information structure is relatively simpler, we focus on input/output-level

adaptive components, aiming to reduce training costs by optimizing external mechanisms in a

model-aware fashion. Next, we mainly summarize the specific challenges in the following

four aspects.

• Firstly, the proposed adaptive distillation strategy developed for vision-language

models. Multi-modal models such as CLIP possess remarkable zero-shot transfer

capabilities, making them highly effective in continual learning tasks. However, this

advantage is severely compromised by catastrophic forgetting, which undermines the

valuable zero-shot learning abilities of these models. Existing methods based on the

teacher-student paradigm primarily focus on preserving zero-shot capabilities. While

effective in retaining the original performance, they often fail to fully exploit the

rich multi-modal information inherent in VLMs, instead distilling the two modalities

separately.

• Secondly, the specialized MoE architecture for vision-language models enables fine-

tuning without touching the backbone. To further improve fine-tuning efficiency, we

explore whether it is possible to freeze all backbone parameters and introduce only a

small number of task-specific parameters for each fine-tuning task—a property that
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aligns well with the Mixture of Experts (MoE) paradigm. However, adapting MoE to

multimodal models such as CLIP poses significant challenges. Existing MoE-CLIP

architectures often lack effective cross-modal interaction, resulting in a misalignment

between image and text experts. Moreover, this deficiency in interaction limits the

diversity of learned representations, preventing the development of text-specific

experts. Evidently, simply combining the MoE architecture with the image encoder

and text encoder in VLMs is a straightforward yet suboptimal approach. Such a rigid

integration limits both the efficiency and effectiveness of model fine-tuning.

• Thirdly, the exploration of adaptive input-side components for large language models.

Tokenizers serve as crucial interfaces between models and linguistic data, substan-

tially influencing the efficacy and precision of large language models (LLMs). Tradi-

tional tokenization methods often rely on static frequency-based statistics and are

not inherently synchronized with LLM architectures, which may limit the efficency

of the model.

• Lastly, the investigation into adaptive output mechanisms for vision transformers.

Visual prompts provide a lightweight approach for adapting pre-trained models to

downstream tasks without modifying model parameters. This adaptation is typically

achieved by modifying the input through prompt engineering and the output through

label mapping. While existing studies have largely focused on refining prompts, label

mapping strategies remain predominantly frequency-based and have received limited

attention. However, such approaches clearly overlook the compatibility between the

mapping strategy and the model or prompt training dynamics. We argue that an ideal

label mapping approach should minimize the extent of output adjustments required

by the model to align with the target labels, thereby improving the overall efficiency

of prompt-based adaptation.

Building upon the four identified issues and underexplored potentials, this thesis presents four

corresponding algorithms, each introduced in a dedicated chapter to address these gaps, includ-

ing Distill Proximity from Dual Teachers in Vision-Language Models (AwoF), Multimodal

Mixture of Experts for Vision-Language Models (MM-MoE), Adaptive Tokenizers for large

language models (ADAT), Optimal Transport-based Label Mapping strategy (OTLM).
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1.1 Thesis Contributions

Chapters 3 to 6 present four model-specifc adaptive components designed to enhance model

efficiency. An overview of these algorithms is provided in Figure 1.1. Each proposed

algorithm is developed to address a specific challenge or untapped potential identified earlier.

This section summarizes the main contributions of each algorithm.

FIGURE 1.1. Algorithms for model adaptive for training efficiency.

1.1.1 Contributions of AwoF

In addressing the identified shortcomings of existing continual learning strategies for multi-

modal models, our research emphasizes alleviating the conflict between maintaining zero-shot

transfer abilities and adapting to new datasets by proposing a model-specific adaptive know-

ledge distillation strategy. This challenge is particularly significant, as preserving zero-shot

capabilities often hinders the model’s plasticity to new data. Our study introduces an innov-

ative dual-teacher distillation strategy, which focuses on maintaining the relative proximity

between samples rather than directly modeling individual outputs. Relative relationships are

more conducive to preserving a model’s inherent capabilities while ensuring its adaptability.

To effectively model these proximity, we introduce a sophisticated graph-based approach that

captures both intra- and inter-modal interactions. Then a proximity distillation method is

conducted with this graph to learn and preserve relationships from teachers. Additionally, we

propose a sample re-weighting mechanism designed to dynamically balance the insights from

the two teacher models from sample aspect, which allows us to further address the tension

between model stability and plasticity.
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In summary, our approach revolutionizes continual learning for multi-modal models by

introducing a graph-based multi-modal proximity distillation coupled with an innovative

sample re-weighting mechanism. A key contribution of our work is the novel use of a

graph structure to reveal both inter- and intra-modal relative relationships for CLIP models.

This methodology not only resolves the inherent conflict between maintaining zero-shot

capabilities and adapting to new datasets but also significantly enhances the adaptability and

stability of multi-modal models in continue learning learning environments.

1.1.2 Contributions of MM-MoE

In order to address the adaptation challenges of integrating the MoE architecture with vision-

language models, we propose a Multimodal MoE architecture that optimizes the interaction

between image and text modalities while preserving their alignment and addressing the

modality imbalance. Rather than independently altering text features, our architecture refines

task-specific label representations in the context of their associated images. Specifically,

textual embeddings are dynamically adjusted during their interaction with image embeddings,

ensuring that modifications remain contextual and localized to specific image-text pairs. This

approach preserves the distribution of textual features while enabling fine-grained, task-

specific adjustments. By anchoring textual updates to the visual context, we balance the

learning dynamics between the modalities, ensuring both contribute equally to the shared

representation space. Experimental results demonstrate a considerable improvement over

existing methodologies, which illustrate the effectiveness of the proposed method in the field

of continual learning.

This method can be considered as a context-aware adaptation not only maintains semantic

consistency but also improves the utilization of textual experts, allowing them to handle more

diverse and meaningful interactions, effectively mitigating the imbalance between modalities.

Additionally, we introduce a dynamic expert expansion mechanism that scales the expert

pool as new tasks emerge, ensuring sufficient capacity for both old and new tasks. Our

architecture leads to significant performance gains across various benchmarks, demonstrating

its effectiveness in multimodal continual learning. Extensive experiments demonstrate that
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our approach significantly enhances CLIP’s performance in continual learning, achieving

superior results across diverse benchmarks.

1.1.3 Contributions of ADAT

While traditional tokenization methods have been instrumental in enhancing the efficiency

and effectiveness of large language models (LLMs), they are typically decoupled from

the model’s learning mechanisms. This means they do not adapt or evolve based on the

model’s performance or the specific requirements of the tasks being addressed. Instead, these

methods prioritize compressing the vocabulary size, which can sometimes lead to suboptimal

performance in complex language tasks where adaptability and contextual understanding are

crucial. Recent advances in end-to-end learnable tokenization [17, 16, 38] aim to address these

deficiencies by more closely integrating tokenization with the model’s learning processes.

However, these systems, while innovative, introduce significant computational overhead

(e.g., gradient-based tokenization and pooling modules) and lack the flexibility of traditional

tokenization methods, which can be easily transferred across different models.

In this study, we address the limitations of traditional tokenization methods by creating a

system where the tokenizer’s development is coupled with the performance of the LLM itself.

Specifically, we introduce an adaptive tokenizer that begins with a comprehensive initial

vocabulary. As training progresses, we fine-tune this tokenizer by closely monitoring the

model’s perplexity. This ongoing adjustment allows the tokenizer to evolve in tandem with

the LLM, ensuring that the tokenization process remains optimally aligned with the model’s

dynamic learning patterns. Our empirical results confirm that this adaptive approach markedly

improves accuracy over traditional methods, demonstrating its potential to significantly

enhance LLM functionality.

1.1.4 Contributions of OTLM

The selection of label mapping strategies significantly impacts the effectiveness of visual

prompting. A carefully designed label mapping can significantly reduce the alterations
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required to adjust the output distribution to match the target labels. Less modification implies

a more efficient utilization of prompt optimization capabilities, leading to improved outcomes.

Existing label mapping methods have not enhanced the effectiveness from this perspective.

To address this, we propose an Optimal Transport-based Label Mapping strategy (OTLM)

that effectively reduces distribution migration and lessens the modifications required by

the visual prompts. Specifically, we reconceptualize label mapping as a partial optimal

transport problem, and introduce a novel transport cost matrix. Through the optimal transport

framework, we establish a connection between output-side label mapping and input-side

visual prompting. Additionally, we analyze frequency-based label mapping methods within

this framework. We also offer an analysis of frequency-based label mapping techniques and

demonstrate the superiority of our OTLM method. Our experiments across multiple datasets

and various model architectures demonstrate significant performance improvements, which

prove the effectiveness of the proposed method.

1.2 Thesis Outline

As outlined above, this thesis explores solutions to existing challenges and untapped potentials

through the lens of component-model adaptability. The structure of this thesis is organized as

follows:

Chapter 1 reviews existing approaches to improving model training efficiency, which can

be broadly categorized into two types: modifying the model architecture and modify-

ing input/output components. We further identify an underexplored potential in these ap-

proaches—their insufficient consideration of the compatibility between the components and

the underlying model architecture. In addition, we outline the main contributions of this

thesis, which include four proposed algorithms designed to address this gap.

Chapter 2 reviews the foundational literature relevant to our work, providing a general

overview of the research landscape. More focused discussions of related work are provided in

later chapters where appropriate.
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In Chapter 3, we investigate an adaptive distillation strategy tailored for vision-language

models. We propose a novel graph-based multi-modal proximity distillation method that

effectively preserves both intra- and inter-modal information across visual and textual modal-

ities. To further improve its effectiveness, a sample re-weighting mechanism is introduced to

dynamically adjust the contribution of teacher models on a per-sample basis.

Chapter 4 extends our investigation to the possibility of freezing the backbone in order

to further reduce the training time cost. In this context, we introduce a multimodal MoE

architecture that jointly leverages image and text inputs, effectively mitigating textual diversity

collapse and improving cross-modal alignment.

In Chapter 5, we explore adaptive input-side components for large language models. We

propose a simple yet effective approach for learning tokenizers that are specifically designed

to integrate seamlessly with LLMs. This method, referred to as Adaptive Tokenizer (ADAT),

dynamically aligns tokenization with the model’s training dynamics.

In Chapter 6, we investigate adaptive output-side components for vision transformers (ViTs).

We introduce an optimal transport-based label mapping strategy (OTLM) that effectively

mitigates distributional shift and reduces the extent of modifications required in visual prompt

design.

In Chapter 7, we conclude the thesis by summarizing the key findings and outlining potential

directions for future research.



CHAPTER 2

Literature Review

2.1 Vision Language Models.

Inspired by the human multi-modal learning process, pretrained vision-language models

(VLMs) have been proposed and are rapidly gaining attention for their ability to handle the

complexities inherent in multimodal tasks (Li et al. 2022a; Liu et al. 2024). Unlike traditional

vision models such as ViT (Dosovitskiy et al. 2020a; Jia et al. 2021; Yao et al. 2021),

VLMs demonstrate impressive zero-shot generalization (zhang2023vision), enabling their

application across a broader range of downstream tasks (Zhou et al. 2022; Gao et al. 2023b),

including image captioning, visual question answering, and text-to-image generation (Li et al.

2023a). A representative model in this field is CLIP (Radford et al. 2021), which consists

of an image encoder and a text encoder trained with contrastive learning (Chen et al. 2020b)

to align the embeddings of paired image-text samples while separating mismatched pairs.

Thanks to pretraining on massive image-text data, CLIP not only achieves remarkable zero-

shot performance on classification tasks without fine-tuning, but also serves as a backbone

for various vision and multimodal benchmarks (Zhang et al. 2024b; Geng et al. 2023).

Maintaining such zero-shot capability is thus essential for downstream performance. Building

upon CLIP, recent methods like ADEM-VL (Hao et al. 2024) further enhance training

efficiency by introducing parameter-free similarity metrics and reformulated cross-attention

mechanisms, significantly reducing the number of trainable parameters. Meanwhile, some

studies focus on scaling up CLIP and continuously improving its zero-shot performance.

EVA-CLIP-18B (Sun et al. 2024) expands the pretraining to an 18B-parameter scale and

achieves strong results on more than 20 benchmarks. Meanwhile, SigLIP-2 (Tschannen et al.
10



2.2 CONTINUAL LEARNING. 11

2025) enhances the extraction of dense features, enabling better zero-shot, retrieval, and

feature representation capabilities, and achieves breakthroughs in segmentation and depth

estimation tasks.

2.2 Continual Learning.

Continual Learning (CL) aims to train models sequentially on a long series of tasks while

maintaining performance across all previously learned tasks without suffering from cata-

strophic forgetting (Li and Hoiem 2017; Wang et al. 2024). Existing approaches to mitigating

forgetting can be broadly categorized into three classes: replay-based, regularization-based (Li

and Hoiem 2017; Kirkpatrick et al. 2017; Aljundi et al. 2018), and parameter isolation meth-

ods (Mallya and Lazebnik 2018; Fernando et al. 2017). Replay-based methods (Rebuffi et al.

2017; Buzzega et al. 2020; Kamra et al. 2017) store and reuse past data during training on new

tasks, but face scalability issues and data privacy constraints, especially in vision-language

models (VLMs), where data access is often restricted. Parameter isolation methods (Li et al.

2019; Yoon et al. 2017; Wang et al. 2020) assign a dedicated sub-network or parameters to

each task, effectively avoiding interference but leading to rapid model size growth when ap-

plied to long task sequences. Regularization-based methods instead constrain model updates

to retain prior knowledge, often via knowledge distillation.

In the context of CLIP-based continual learning (Thengane et al. 2022), such methods are

particularly promising due to CLIP’s inherent zero-shot capabilities. Techniques like LWF-

VR (Ding et al. 2022) distill generated sentences from the vocabulary to simulate both

zero-shot and seen classes, while ZSCL (Zheng et al. 2023a) introduces reference images and

sentences to compute KD-divergence from CLIP across tasks. However, these approaches

often focus on incorporating auxiliary data, without jointly optimizing for both zero-shot

transfer and the retention of previously acquired knowledge. Models like DyTox (Douillard et

al. 2022) further address practical deployment concerns, such as task identifier dependency, by

introducing task-attention modules, underscoring the importance of scalability and flexibility

in real-world continual learning scenarios.
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On the other hand, some existing continual learning methods are specifically designed for

vision-language models (Liu et al. 2023d; Zheng et al. 2023b; Zheng et al. 2025a; Yu et al.

2024). Continual-CLIP (thengane2022clip) experimentally demonstrated that CLIP can

achieve impressive continual learning performance without any finetuning. ZSCL (Zheng

et al. 2023b) helps maintain zero-shot capabilities by introducing reference data and utilizing

knowledge distillation. Adapt without Forgetting (Zheng et al. 2025a) employs first-order

and second-order proximities, along with dual distillation, to prevent catastrophic forgetting.

MoE-adapters (Yu et al. 2024) integrate MoE into the CLIP model and leverage DDAS to

significantly enhance learning efficiency. However, MoE-adapters do not consider the dual-

modal nature of multimodal models. In contrast, our approach fully leverages the relationship

between images and text to guide MoE.



CHAPTER 3

Model-Adaptive Distillation Strategy for Vision-Language Models

3.1 Related Work

3.1.1 Knowledge Distillation.

Knowledge distillation was proposed for model compression initially (Sau and Balasub-

ramanian 2016; Lopes et al. 2017; Yim et al. 2017), which is also an efficient method for

preventing catastrophic forgetting in Continual Learning (Ding et al. 2022). Hinton et al. (Hin-

ton et al. 2015) presents a teacher-student framework to allow knowledge transformed from

pretrained large model to student model. Different from some works only concentrating

on transforming instance features, such as final predicted probabilities (Ding et al. 2022),

and features of intermediate layers (Zagoruyko and Komodakis 2016; Romero et al. 2014).

Several existing works pay attention to the images relationships. (Liu et al. 2019) distilled an

instance relationship graph from some intermediate layers. To transform local relationship

of the features, (Chen et al. 2020a) distilled the relationship between one feature and its

k-nearest neighbors. Unlike such distilling relationships approaches, our methods are able to

maintain first-order proximity and second-order proximity to capture intra- and inter-modal

interactions.

3.2 Motivation

Recently, multi-modal pretrained models, particularly exemplified by CLIP (Radford et al.

2021), have emerged as a cornerstone in generalization capabilities (Yao et al. 2021). These
13
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models, benefiting from extensive pre-training on large-scale text-image datasets, exhibit two

distinct advantages (Yu et al. 2022; Schuhmann et al. 2022; Nie et al. 2023). Firstly, their

zero-shot transfer ability enables them to maintain considerable accuracy on previously unseen

data, a crucial feature for models expected to adapt to ever-changing real-world scenarios (Li

et al. 2022b; Yao et al. 2022). Secondly, they demonstrate remarkable efficiency in adapting

to new downstream tasks with limited training data (Zang et al. 2022; Xing et al. 2022).

The potential of these multi-modal pretrained models in continual learning (CL) scenarios,

where adaptability and long-term learning are essential, appears immense. However, recent

research shows that fine-tuning on downstream tasks could damage to the generalization

ability of the pretrained models. This decline not only impairs the zero-shot capabilities but

also leads to a gradual loss in performance gains on continual learning progress. Moveover,

such phenomenon aligns closely with the notorious issue of “catastrophic forgetting” in

continual learning (Aljundi et al. 2018; Shmelkov et al. 2017; Rannen et al. 2017), posing

a significant hurdle in leveraging the full potential of multi-modal models in dynamic and

evolving real-world applications.

While replay-based methods and the teacher-student learning paradigm have made significant

progress in addressing the decline in generalization capabilities of pretrained models within a

continual learning framework (Radford et al. 2021; Ding et al. 2022), they face limitations in

balancing knowledge retention and adaptation to new data. Replay-based methods depend on

pre-training phase data and labels, struggling to integrate this knowledge with new domain

data (Rebuffi et al. 2017; Lopez-Paz and Ranzato 2017). Conversely, the teacher-student

paradigm, though effective in preserving original capabilities, often fails to exploit the full

potential of rich multi-modal information, particularly in adapting to diverse and evolving

datasets. Approaches like ZSCL (Zheng et al. 2023a) within the teacher-student framework

introduce reference data to mitigate forgetting, providing valuable insights but not fully

addressing the dynamic complexity of multi-modal information.

To address the limitations of current continual learning strategies for multi-modal models,

our research focuses on mitigating the conflict between preserving zero-shot transferability
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and adapting to new datasets. This tension is particularly critical, as maintaining zero-shot

capabilities often restricts a model’s flexibility in learning from novel data.

We propose a novel dual-teacher distillation framework that shifts the focus from directly

matching output predictions to preserving the relative proximity between samples. Modeling

these relative relationships better supports the retention of the model’s core capabilities

while enabling adaptation. To capture such proximity effectively, we design a graph-based

mechanism that encodes both intra- and inter-modal interactions. Using this structure, we

perform a proximity-based distillation process to transfer relational knowledge from the

teacher models.

Furthermore, we introduce a sample-level re-weighting strategy that dynamically adjusts

the influence of the two teacher models based on individual sample characteristics. This

mechanism allows for an adaptive trade-off between model stability and plasticity.

In summary, our approach redefines continual learning for multi-modal models by introducing

a graph-based multi-modal proximity distillation method, coupled with an adaptive sample

re-weighting strategy. A key innovation lies in leveraging graph structures to explicitly

model relative relationships across and within modalities for CLIP-like architectures. This

methodology not only resolves the trade-off between zero-shot retention and adaptability but

also significantly boosts the robustness and flexibility of multi-modal models in continual

learning settings. Experimental results demonstrate a considerable improvement over existing

methodologies, which illustrate the effectiveness of the proposed method in the field of

continual learning.

3.3 Preliminary

3.3.1 CLIP on Continual Learning.

CLIP (Radford et al. 2021) is renowned as a multimodal model, distinguished by its excep-

tional zero-shot transfer ability for various downstream tasks. Unlike traditional computer
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vision systems, such as ResNet, which categorize images using predefined labels, CLIP integ-

rates a text encoder. This encoder effectively translates labels described in natural language

into text features, aligning them with corresponding visual representations. The CLIP model

undergoes pre-training on a vast corpus of over 400 million image-text pairs, leveraging

a strategy that synergizes these two modalities for improved performance and versatility.

Specifically, the training objective is defined as:

LC = −
N∑
i=1

log
exp(sim(Eimg(xi), Etxt(y)/τ)∑N

j=1 exp(sim(Eimg(xi), Etxt(tj))/τ)
, (3.1)

where sim(u, v) = uTv/∥u∥ · ∥v∥ is the cosine similarity function, τ is a temperature

parameter, y is the text that correctly pairs with image x, and Eimg(xi) and Etxt(tj) are

the embeddings from the image and text encoders for the i-th and j-th elements in a batch,

respectively. This approach enables the model to effectively bridge the semantic gap between

visual and textual data, fostering a robust multimodal understanding.

In the context of continual learning, the CLIP model is sequentially fine-tuned across a series

of tasks, each associated with distinct datasets denoted as T1, T2, ..., TN . A crucial objective

in this process is for CLIP to preserve its inherent zero-shot capabilities and simultaneously

mitigate catastrophic forgetting. In this paper, the fine-tuned model for each specific task Ti is

represented by Ci, which is iteratively built upon the foundation of the preceding model Ci−1.

For reference, the original pre-trained CLIP model is designated as C0.

3.3.2 Knowledge Distillation in Data-Unknown Scenarios.

The concept of conducting knowledge distillation in scenarios where the training data of

teacher model is unknown, as highlighted in works like wild distillation (Chen et al. 2021a)

and the ZSCL (Zheng et al. 2023a) framework, is of notable relevance to the field. This

approach gains significance in the context of models like CLIP, characterized by extensive yet

undefined pre-training datasets. Here, the student network NS is tailored to leverage ’wild’

data, often unaligned with the teacher’s training regime. The distillation process adapts to this



3.4 METHODOLOGY 17

complexity as:

LKD =
∑
i=0

[LCE (NT (xi, t),NS(xi, t))], (3.2)

where x ∼ pwild(x) and t ∼ pwild(t) denote the diverse, unstructured data samples and LCE

represents the cross-entropy loss function. This paradigm, resonating with ZSCL’s emphasis

on leveraging varied data for continual learning, showcases the necessity of refining student

models to function effectively in data-ambiguous environments, underscoring a nuanced

approach to knowledge distillation.

3.4 Methodology

In this section, we outline our proximity distillation strategy to learn from two teacher models.

We construct a graph utilizing multi-modal information and define both first-order and second-

order proximity. Then we employ a teacher-student paradigm, focusing on distilling the

proximity defined on this graph from both the original CLIP model and a model fine-tuned on

previous datasets. To balance the above two teachers and further alleviate the conflict between

stability and plasticity, a sample re-weighting mechanism is incorporated to our method.We

conclude the framework of the proposed method in Figure 3.1.

3.4.1 Graph-Based Multi-modal Representation

As mentioned above, preserving relationships between samples rather than their individual

features, offers a more flexible constraint, allowing the model ample freedom to adapt to

varying data distributions while maintaining its inherent capabilities. In this part, we develop

a cross-modal graph where each node represents a sample, and the edges reflect the model’s

depiction of relationships between these samples across different modalities.

We define this graph as G = (VI , VT , E), where VI and VT respectively represent sets of

from image and text modalities. Each vertex is categorized either as an image vertex vI ∈ VI

or a text vertex vT ∈ VT , with the edges e ∈ E being undirected to illustrating the mutual
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FIGURE 3.1. Overview of the proposed continual learning framework for
vision-language models. (a) The dual-teacher distillation with CLIP models
C0 and Ci−1 using reference data. (b) Cross-modal graph construction for first-
order and second-order proximity modeling. (c) The adaptive re-weighting
mechanism for balanced knowledge distillation from different teacher.

interaction that exist between the visual and textual components. This graph is constructed to

encapsulate the relationships inherent in multi-modal model. It serves as a foundation for our

advanced manifold distillation technique, which we elaborate on in the following sections.

3.4.1.1 First-Order Proximity.

A fundamental component of our methodology is the integration of first-order proximity within

the framework of the CLIP model to optimize its performance in continual learning contexts.

We utilize a graph G = (VT , VI , E) to capture the direct pairwise relationships between the

visual and textual modalities. The concept of first-order proximity is essential in quantifying

the immediate similarity between two vertices, thereby facilitating a understanding of these

modality interactions.

In graph embedding learning (Tang et al. 2015), first-order proximity is typically defined by

the probability of two vertices sharing similarities. It can be mathematically represented as:

p̂1(vi, vj) = sim(ui,uj), ∀(i, j) ∈ E, (3.3)
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where ui and uj are the embeddings of the respective vertices, and sim(u, v) = uT v
∥u∥·∥v∥ is the

cosine similarity function as illustrated above. The first-order proximity is defined as zero for

any pair of vertices that are not connected by an edge.

It is important to note that within the CLIP model, direct connections only occur between

vertices from two distinct modalities. Consequently, the first-order proximity effectively

aligns with the classification mechanism of the CLIP model. This is achieved by extracting

embeddings for each modality using their respective encoders, such as uI = EncI(vI) for

image vertices and uT = EncT (vT ) for textual vertices. In this context, a higher value of

p̂1(vi, vj) denotes a stronger correlation between the vertices, indicating a higher likelihood

of the image sample vi being associated with the label represented by text vertex vj .

Through the lens of first-order proximity, we define the relationships between image and

text modalities within our graph-based framework. This approach not only characterizes the

classification mechanism of the model but also serves as a flexible regularization. This form

of proximity is particularly informative in preserving the capability of a model, making it a

valuable asset in our continual learning strategy.

3.4.1.2 Second-Order Proximity.

Building on the first-order proximity that focuses on immediate and inter-modal proximity in

our multi-modal framework, we integrate second-order proximity (Tang et al. 2015) to model

a broader and global perspective. This broader view enables us to delve into intra-modal

proximity within the CLIP model, going beyond direct image-text connections.

Second-order proximity assesses vertex similarity by examining neighborhood structures.

We initially define the proximity between two directly connected vertices vi and vj through

first-order proximity in eq. (3.3). From this foundation, the conditional distribution for a

vertex vi with a neighboring vertex vn is derived as:

p1(vn|vi) =
sim(ui,un)∑

(i,k)∈E sim(ui,uk)
, ∀(i, n) ∈ E. (3.4)
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Then we can model the second-order proximity between two vertices without direct con-

nections by measuring the similarity in their conditional distributions across respective

neighborhoods. Formally, we define the second-order proximity between two vertices vi and

vj as:

p̂2(vj, vi) = sim(p1(·|vi), p1(·|vj)), ∀(i, j) /∈ E. (3.5)

eq. (3.5) highlights that second-order proximity identifies similarities between unconnected

vertices based on neighborhood likeness. In the CLIP model, connections are established

between every image-text vertex pair. Consequently, unconnected vertices typically belong to

the same modality, making second-order proximity a measure of intra-modal proximity.

Our approach leverages the multi-modal proximity established by the CLIP model to construct

intra-modal connections. Specifically, in eq. (3.5), we define the proximity between vertices

of the same modality, such as images, utilizing the contextual associations provided by the

textual modality. This strategy differs from the standard pairwise similarity often calculated

as ui · uT
j , which typically does not incorporate multi-modal information. Through this,

we effectively utilize the unique strengths of the CLIP model in capturing cross-modal

interactions to enhance the modeling of same-modality proximity.

3.4.1.3 Comparison with existing knowledge distillation methods.

To elucidate the distinctions between our method and existing knowledge distillation ap-

proaches, we primarily focus on the calculation of cosine similarity between image nodes,

particularly emphasizing the relationships defined within our framework. Our method di-

verges from the standard normalization process to streamline the explanation and clarity of

the proximity representation. Consequently, we can reformulate eq. (3.5) as follows,

p′2(vj, vi) = uT
i ·UTU

T
T · uj, ∀(i, j) /∈ E, (3.6)

where UT = [uT0 ,uT1 , ...,uTN
] donates the embeddings for all text vertices vT extracted by

the corresponding encoder. eq. (3.6) demonstrates that our methodology for second-order

proximity extends beyond conventional pairwise comparisons, which typically achieved

through cosine similarity and denoted as ui · uT
j . By integrating weighted similarities,
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where the weights are informed by shared connections with text vertices, we provide a more

comprehensive analysis of relationships. This method distinctly differs from and surpasses

the conventional ui · uT
j approach by incorporating multi-modal information.

In summary, The foundational distinction of our method from existing knowledge distillation

techniques lies in its dual-focus on inter-modal and intra-modal relations. Firstly, our approach

introduces the concept of first-order proximity to encapsulate inter-modal relations. Secondly,

it explores second-order proximity by examining the similarity of neighborhood structures,

rather than direct feature similarity, thereby providing a more granular understanding of

intra-modal relations. This exploration of neighborhood structures represents a significant

departure from existing methods, which primarily focus on direct feature comparisons. In the

distillation phase, we utilize a conditional distribution model for second-order proximity, as

shown below,

p2(vj|vi) =
exp(p2(vi, vj))∑

(i,k)/∈E exp(p2(vi, vk))
, ∀(i, j) /∈ E. (3.7)

This refined approach, grounded in a comprehensive examination of both inter-modal and intra-

modal relationships, underscores our method’s innovation and its departure from traditional

knowledge distillation frameworks.

3.4.2 Dual Distillation with Samplewise Balance

In the domain of continual learning, maintaining the zero-shot transfer capabilities of the

CLIP model while adapting to novel data distributions is of paramount importance. Zero-shot

transfer encapsulates the model’s ability to generalize to untrained data, whereas adaptation

evaluates its performance post fine-tuning on novel datasets. This dual requirement often

leads to a dichotomy, where fine-tuning to optimize for a specific dataset might compromise

the model’s generalization ability.

To address this, we introduce a dual-teacher distillation framework that capitalizes on the

distinct advantages of the pre-trained CLIP model C0 and its preceding iteration Ci−1. This

approach is anchored in leveraging unpaired image and text data for distillation in the absence
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of original pre-training data, inspired by wild distillation (Chen et al. 2021a) and ZSCL (Zheng

et al. 2023a) methodologies. This approach enables effective knowledge transfer even without

access to the original multi-modal training dataset.

In our approach, a key objective is for the student model to preserve both first and second

order proximities as exhibited by the teacher model, using a set of reference data. This can be

achieved through the following objective function:

ℓpd(vk) = LCE (p1(·|vk), p1(·|vk)) + LCE (p2(·|vk), p2(·|vk)) , (3.8)

where p1(·|vk) and p2(·|vk) represent the first-order and second-order proximity of the original

CLIP model, respectively. In parallel, we utilize p̃1 and p̃2 to denote the first-order and second-

order proximity within the model Ci−1. It is straightforward to distill proximity from two

teachers as following objective function,

LPD =
1

N

N∑
k=1

[ℓpd(vk) + λ · ℓ̃pd(vk)]. (3.9)

Eq.(3.9) tries to balance the knowledge from two teachers applying a uniform weighting

across different samples, which does not account for the individual learning needs or the

diversity of the dataset, potentially limiting the efficacy of the distillation process. To address

this, we introduces a dynamic adjustment to the samples, towards a effective knowledge

transfer tailored to the specific needs of each sample. Specifically, for a sample vk, the

distance between teacher models C0 and student Ci is assessed as follows,

dp(vk) = d (p1(vk), p1(vk)) , (3.10)

where d(·, ·) denotes the distance metric. The distance d̃p(vk) between model Ci−1 and

Ci is similarly defined. Then the samplewise weights for the k-th sample are normalized

accordingly,

wk =
exp(dp(vk))

exp(dp(vk)) + exp(d̃p(vk))
. (3.11)

The weight w̃k for Ci−1 model is also similarly defined. This strategy tailors the learning

focus for each sample in the reference dataset, determining whether to align with C0 for
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zero-shot capabilities or Ci−1 for the adaptability. Then the proximity distillation loss can be

reformulated as

LPD =
1

N

N∑
k=1

[wk · ℓpd(vk) + (1− wk) · ℓ̃pd(vk)]. (3.12)

This adaptive sample-wise methodology not only preserves zero-shot abilities acquired during

pre-training but also allows for effective adaptation to new data distribution, crucial for

performance in dynamic learning environments. The final objective function encapsulates our

approach:

L = LPD + LCE. (3.13)

The second term LCE serves as the original objective function for fine-tuning the CLIP model

with a new dataset. Paired with our introduced first term LPD, this combined methodology

aims to better maintain the zero-shot learning capabilities of CLIP while it undergoes fine-

tuning on novel datasets. We have chosen to apply equal weighting to both loss components

because experimental results demonstrates low sensitivity to variations in weighting.

3.4.3 Algorithm of Method.

To help understand the training process of our method, we now provide the whole training

algorithm of our method in Algorithm 1.

3.5 Experiment

3.5.1 Experimental setup

3.5.1.1 Continual learning setting.

We mainly evaluate the proposed method on two continental learning settings. They are

multi-domain task incremental learning (MTIL) and class incremental learning (CIL).

MTIL (Zheng et al. 2023b) is a benchmark of cross-domain version of task incremental

learning, where different tasks are sourced from different datasets. This benchmark demands
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Algorithm 1 Implementing Graph Distillation in CLIP

Input: A series of task datasets T1, T2, ..., TN , wild images and text datasets pw(x) and pw(t),
pretrained CLIP model C0.

Input: Initializing the model fine-tuned on previous dataset Ci−1 by C0, the number of
iterations iter trained on each tasks, the batch size m for task dataset, and n for wild data,
temperature τ .
for i = 1, ..., N do

while iterations < iter do
Randomly sample {x(k),y(k)}mk=1 from Ti
Randomly sample {x(j)

w }mj=1 ∼ pw(x), {t(j)w }nj=1 ∼ pw(t), donate as {vk}m+n
k=1

Calculate LCE ← 1
m

∑m
i=1 CE(x(i),y(i), τ)

Calculate 1st-order proximity p1(·|vk), p̃1(·|vk), p1(·|vk).
Calculate 2nd-order proximity p2(·|vk), p̃2(·|vk), p2(·|vk) .
Calculate sample-wise distillate weights wk and w̃k of each vertex for C0 and Ci−1.
Calculate L← LCE + 1

m+n

∑m+n
k=1 [wk · ℓpd(vk) + w̃k · ℓ̃pd(vk)

Update the parameters θ of Ci with optimizer.
end while
Update the previous model Ci−1 = Ci.

end for
Output: A continual learning CLIP model CN .

models to learn knowledge from different domains to achieve promising performance. Spe-

cifically, MTIL benchmark consists of 11 datasets, which are Aircraft, Caltech101, CIFAR100,

DTD, EuroSAT, Flowers, Food, MNIST, OxfordPet, StanfordCars, and SUN397. Each dataset

serves as an individual task for continental learning. We follow the setting in (Zheng et al.

2023b) and utilize two orders of tasks for evaluation. The first one (Order I) follows the

alphabetical order, while the second one (Order II) follows a random order.

CIL is a essential setting for continual learning, requiring the model to be updated incre-

mentally with only new class instances (Masana et al. 2022). We evaluate our method on

CIFAR100 (Krizhevsky, Hinton et al. 2009) and TinyImageNet (Le and Yang 2015) datasets

by following the same evaluation setting in (Douillard et al. 2022). Specifically, with a t-step

setting, classes in CIFAR100 are split into t groups evenly and each group serves as a task.

We set t = {10, 20, 50}. Besides, 100 classes are learned in TinyImageNet at a base step and

the remaining 100 classes are split into t groups and we set t = {5, 10, 20} for TinyImageNet.



3.5 EXPERIMENT 25

3.5.1.2 Metric.

Three metrics are adopted in our experiments, which are “Transfer”, “Avg.” and “Last”. If

there are N continual learning tasks in total, and the model achieves an accuracy of A(i|j) on

task i after training on task j, then we can formulate these metrics as:

Transfer =
1

N − 1

N∑
j=2

1

j − 1

j∑
i=1

A(i|j),

Avg. =
1

N2

N∑
j=1

N∑
i=1

A(i|j), Last =
1

N

N∑
i=1

A(i|N).

(3.14)

The Avg. and the Last metrics are adopted across all our experiments. On the MTIL

benchmark, we also adopt the Transfer metric to evaluate zero-shot transfer ability of a trained

model.

3.5.1.3 Model.

We employ a pretrained CLIP (Radford et al. 2021) model with a ViT-B/16 image encoder in

our experiments. Input resolution and patch size are 224 and 16.

3.5.1.4 Baseline.

Since the CLIP model can adapt to new data distributions without re-training, we adopt

zero-shot transfer as one of the baseline (Thengane et al. 2022). Direct fine-tuning the CLIP

model on each task is also invited, which is condidered as an upper bound. Besides, we

compare the proposed method with not only conventional continual learning methods, but

also recent proposed method WiSE-FT (Wortsman et al. 2022), LwF-VR (Ding et al. 2022)

and ZSCL (Zheng et al. 2023b), which are specifically designed for CLIP.

3.5.1.5 Dataset.

The detailed characteristics of the 11 datasets applied in the MTIL benchmark are shown in

Table 3.1.
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TABLE 3.1. Detailed description of the 11 datasets in the multi-domain task
incremental learning benchmark.

Dataset # classes # train # test Description

Aircraft (Maji et al. 2013) 100 3334 3333 aircraft model
Caltech101 (Fei-Fei et al. 2004) 101 6941 1736 real-life object
CIFAR100 (Krizhevsky, Hinton et al. 2009) 100 50000 10000 real-life object
DTD (Cimpoi et al. 2014) 47 1880 1880 texture database
EuroSAT (Helber et al. 2019) 10 21600 5300 satellite images
Flowers (Nilsback and Zisserman 2008) 102 1020 6149 images of flowers
Food (Bossard et al. 2014) 101 75750 25250 images of food
MNIST (Deng 2012) 10 60000 10000 handwritten digits
OxfordPet (Parkhi et al. 2012) 37 3680 3669 pet image dataset
Cars (Krause et al. 2013) 196 7144 8041 car images
SUN397 (Xiao et al. 2010) 397 87003 21751 scene categories

Total 1201 319352 97109

3.5.2 Results on MTIL

We compare the proposed method with baselines on the MTIL benchmark. The CLIP model is

trained on each task for 1000 iterations with a batch size of 64. The learning rate is configured

at 3e-5 for the initial task and 1e-5 for all subsequent tasks. Adam is adopted as the optimizer.

Table 3.2 and Table 3.3 showcases the results under both task order settings I and II. As

the results show, the proposed method outperforms all other baselines under every metric.

Notably, when task order settings I is adopted, the Transfer performance of our proposed

method is 69.8%, which is 0.4% higher than even the original CLIP model. Meanwhile

all existing methods demonstrate declined Transfer performance. This result shows the

superiority of our method in preserving the zero-shot performance of the CLIP model while

achieving preferable fine-tuning performance during continual learning. The results obtained

under task order settings II demonstrate a similar trend.

Table 4.3 provides more details about the performance of each method on each task under

task order setting I. It presents performance of final trained models on each task in the MTIL

benchmark. In terms of both the Transfer and the Avg. performance, the proposed method

achieved consistent performance improvement over existing baselines on all tasks. Even under

the Last metric, our method also achieves competitive performance, with only a marginal gap
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TABLE 3.2. Comparison results on the MTIL benchmark under task order
setting I. ∆ represents the performance gap between a CLIP model after
continual learning and the original CLIP model (Zero-shot).

Method Transfer ∆ Avg. ∆ Last ∆

Zero-shot 69.4 - 65.3 - 65.3 -
Continual FT 44.6 -24.8 55.9 -9.4 77.3 +12.0

LwF (Li and Hoiem 2017) 56.9 -12.5 64.7 -0.6 74.6 +9.0
iCaRL (Rebuffi et al. 2017) 50.4 -19.0 65.7 +0.4 80.1 +14.8
LwF-VR (Ding et al. 2022) 57.2 -12.2 65.1 -0.2 76.6 +11.3
WiSE-FT (Wortsman et al. 2022) 52.3 -17.1 60.7 -4.6 77.7 +12.4
ZSCL (Zheng et al. 2023b) 68.1 -1.3 75.4 +10.1 83.6 +18.3
Ours 69.8 +0.4 76.9 +11.6 85.1 +19.8

TABLE 3.3. Comparison results on the MTIL benchmark under task order
setting II. ∆ represents the performance gap between a CLIP model after
continual learning and the original CLIP model (Zero-shot).

Method Transfer ∆ Avg. ∆ Last ∆

Zero-shot 65.4 - 65.3 - 65.3 -
Continual FT 46.6 -18.8 56.2 -9.1 67.4 +2.1

LwF (Li and Hoiem 2017) 53.2 -12.2 62.2 -5.2 71.9 +6.6
iCaRL (Rebuffi et al. 2017) 50.9 -14.5 56.9 -8.4 71.6 +6.3
LwF-VR (Ding et al. 2022) 50.9 -14.5 56.9 -8.4 71.6 +6.3
WiSE-FT (Wortsman et al. 2022) 51.0 -14.4 61.5 -5.9 72.2 +6.9
ZSCL (Zheng et al. 2023b) 64.2 -1.2 74.5 +9.2 83.4 +18.1
Ours 65.4 +0.0 75.9 +10.6 85.4 +20.1

on two datasets. More results on the MTIL benchmark can be found in the supplementary

material.

3.5.3 Details of Experimental Results.

Table 4.4 shows the accuracy results on all datasets after training on each task in the MTIL

benchmark under task order setting I. Each row represents the accuracy results of our model

on each dataset after completing training for the current task.
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TABLE 3.4. Performance of trained model on each task in the MTIL bench-
mark under task order setting I.
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Zero-shot 24.3 88.4 68.2 44.6 54.9 71.0 88.5 59.4 89.0 64.7 65.2
Fine-tuning 62.0 95.1 89.6 79.5 98.9 97.5 92.7 99.6 94.7 89.6 81.8

Transfer

Continual FT 67.1 46.0 32.1 35.6 35.0 57.7 44.1 60.8 20.5 46.6
LwF 74.5 56.9 39.1 51.1 52.6 72.8 60.6 75.1 30.3 55.9
iCaRL 56.6 44.6 32.7 39.3 46.6 68.0 46.0 77.4 31.9 60.5
LwF-VR 77.1 61.0 40.5 45.3 54.4 74.6 47.9 76.7 36.3 58.6
WiSE-FT 73.5 55.6 35.6 41.5 47.0 68.3 53.9 69.3 26.8 51.9
ZSCL 86.0 67.4 45.4 50.4 69.1 87.6 61.8 86.8 60.1 66.8
Ours 88.8 68.4 46.1 56.2 70.6 87.9 62.4 88.1 62.2 67.0

Avg.

Continual FT 25.5 81.5 59.1 53.2 64.7 51.8 63.2 64.3 69.7 31.8 49.7
LwF 36.3 86.9 72.0 59.0 73.7 60.0 73.6 74.8 80.0 37.3 58.1
iCaRL 35.5 89.2 72.2 60.6 68.8 70.0 78.2 62.3 81.8 41.2 62.5
LwF-VR 29.6 87.7 74.4 59.5 72.4 63.6 77.0 66.7 81.2 43.7 60.7
WiSE-FT 26.7 86.5 64.3 57.1 65.7 58.7 71.1 70.5 75.8 36.9 54.6
ZSCL 45.1 92.0 80.1 64.3 79.5 81.6 89.6 75.2 88.9 64.7 68.0
Ours 46.6 93.4 82.0 67.4 82.6 83.7 90.0 75.7 89.9 66.8 68.4

Last

Continual FT 31.0 89.3 65.8 67.3 88.9 71.1 85.6 99.6 92.9 77.3 81.1
LwF 26.3 87.5 71.9 66.6 79.9 66.9 83.8 99.6 92.1 66.1 80.4
iCaRL 35.8 93.0 77.0 70.2 83.3 88.5 90.4 86.7 93.2 81.2 81.9
LwF-VR 20.5 89.8 72.3 67.6 85.5 73.8 85.7 99.6 93.1 73.3 80.9
WiSE-FT 27.2 90.8 68.0 68.9 86.9 74.0 87.6 99.6 92.6 77.8 81.3
ZSCL 40.6 92.2 81.3 70.5 94.8 90.5 91.9 98.7 93.9 85.3 80.2
Ours 42.4 92.7 83.2 73.2 97.0 91.8 92.2 99.1 93.9 87.4 82.6

Meanwhile, we provide additional experiments details about order setting II. Firstly, the

sequence of order setting II is StanfordCars, Food, MNIST, OxfordPet, Flowers, SUN397,

Aircraft, Caltech101, DTD, EuroSAT, and CIFAR100. Moverover, the complete experiment

result of our method are shown in Table 4.5. Lastly, Table 4.6 displays the experimental

results, showcasing a comparative results of our method against others using the Transfer,
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Avg., and Last metrics under task order setting II. Despite varying order settings, our method

consistently demonstrates significant improvements across nearly all metrics.

TABLE 3.5. Accuracy(%) on every dataset after training on each task in the
MTIL benchmark under task order setting I.
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Aircraft 59.3 88.8 67.7 46.0 54.6 70.6 88.5 56.4 88.6 62.8 65.8
Caltech101 50.0 94.8 69.1 45.8 59.0 68.9 87.7 58.7 86.2 62.3 66.0
CIFAR100 48.3 94.1 87.5 46.6 55.2 70.3 88.0 63.0 87.7 61.8 67.0
DTD 48.2 94.5 86.6 77.6 55.8 71.5 87.8 64.7 89.1 62.1 67.2
EuroSAT 47.8 94.4 85.6 76.9 98.4 71.5 87.9 67.0 89.1 62.3 67.5
Flowers 45.5 94.1 85.3 76.8 98.3 97.2 87.3 63.1 88.0 61.6 67.5
Food 44.8 93.7 84.8 75.1 97.9 95.5 92.6 63.6 88.2 62.6 67.8
MNIST 43.0 93.4 84.0 74.6 97.7 94.8 92.5 99.2 88.1 62.1 66.7
OxfordPet 42.9 93.7 83.9 74.6 97.5 94.6 92.5 99.2 95.3 62.0 67.0
Cars 40.0 93.3 84.0 73.8 97.3 94.1 92.3 99.1 94.5 88.1 67.0
SUN397 42.4 92.7 83.2 73.2 97.0 91.9 92.2 99.1 94.0 87.4 82.6

Transfer 88.8 68.4 46.1 56.2 70.6 87.9 62.4 88.1 62.2 67.0
Avg. 46.6 93.4 82.0 67.4 82.6 83.7 90.0 75.7 89.9 66.8 68.4
Last 42.4 92.7 83.2 73.2 97.0 91.8 92.2 99.1 93.9 87.4 82.6

3.5.4 Ablation study

3.5.4.1 Impact of proposed proximities.

We conduct experiments on the MTIL benchmark to study the impact of these the 1st-order

and the 2nd-order proximities on continental learning performance. We perform 5 experiments

and report the mean and standard deviation of the results in Table 3.8. The results indicate that

the model exhibits the poorest performance across all three metrics when neither proximity

is preserved. Introducing either the 1st-order or the 2nd-order proximity independently

enhances the model’s performance. Furthermore, the best result is achieved when both the

two proximities are adopted, with the maximum performance improvements being 25.2% for

Transfer, 21.0% for Avg., and 7.8% for Last metrics.
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TABLE 3.6. Accuracy(%) on every dataset after training on each task in the
MTIL benchmark under task order setting II.

C
ar

s

Fo
od

M
N

IS
T

O
xf

or
dP

et

Fl
ow

er
s

SU
N

39
7

A
ir

cr
af

t

C
al

te
ch

10
1

D
T

D

E
ur

oS
A

T

C
IF

A
R

10
0

Cars 88.7 88.6 59.3 87.7 71.2 65.6 22.6 89.0 45.7 54.4 68.6
Food 88.4 92.9 64.1 87.6 70.6 67.2 22.0 89.3 45.0 55.5 68.8
MNIST 88.0 92.8 99.2 87.1 70.3 66.8 22.2 89.3 45.0 55.6 69.0
OxfordPet 87.5 92.6 99.1 95.2 70.7 66.6 22.7 89.2 45.1 54.1 68.3
Flowers 86.9 92.4 99.0 94.5 97.0 66.4 22.0 89.6 45.3 51.9 68.5
SUN397 86.1 92.2 99.0 93.9 95.1 82.8 22.3 89.8 47.1 53.6 69.0
Aircraft 84.3 91.9 98.9 93.2 94.1 81.9 60.3 88.7 45.8 49.8 67.8
Caltech101 84.4 91.9 98.8 93.0 92.7 81.4 53.4 94.0 45.4 52.9 68.2
DTD 84.5 91.8 98.8 92.6 93.2 81.3 52.9 93.8 77.9 55.1 69.0
EuroSAT 84.7 91.7 98.8 92.7 92.8 81.2 51.8 93.8 77.2 98.5 70.2
CIFAR100 83.9 91.5 97.6 92.7 89.2 80.7 50.6 92.9 75.3 97.0 87.8

Transfer 88.6 61.7 87.5 70.7 66.5 22.3 89.3 45.5 53.6 68.7
Avg. 86.1 91.8 92.0 91.8 85.2 74.7 36.6 90.9 54.1 61.7 70.5
Last 83.9 91.5 97.6 92.7 89.2 80.7 50.6 92.9 75.3 97.0 87.8

3.5.4.2 Adaptive weighting.

To assess the effectiveness of the proposed sample re-weighting mechanism, we conduct ex-

periments to compare it with several other weighting schemes on the MTIL benchmark, which

are 1-0 weighting (Only C0), 0-1 weighting (Only Ci−1), and average weighting. Table 3.9

illustrates the results. With the proposed method using Ci−1 as the teacher only incurs a slight

decline in the Transfer performance, but achieving remarkable performance improvement

under the other two metrics, compared to using C0 as the teacher. This demonstrates the

effectiveness of the proposed method in preserving the original structure of out-domain

feature space. Combining both teacher C0 and Ci−1 by average weighting further leads to

improved downstream performance, while it also suffers from lower zero-shot performance.

In contrast, adopting the proposed adaptive weighting scheme achieves competitive Avg.

and Last performance and significantly improves the Transfer performance. The experiment

results demonstrate that our adaptive weighting scheme effectively balances the stability and

plasticity of the CLIP model during continual learning.
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TABLE 3.7. Performance of trained model on each task in the MTIL bench-
mark under task order setting II.
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Zero-shot 64.7 88.5 59.4 89.0 71.0 65.2 24.3 88.4 44.6 54.9 68.2
Fine-tuning 89.6 92.7 99.6 94.7 97.5 81.8 62.0 95.1 79.5 98.9 89.6

Transfer

Continual FT 85.9 59.6 57.9 40.0 46.7 11.1 70.0 30.5 26.6 37.7
LwF Li and Hoiem 2017 87.8 58.5 71.9 46.6 57.3 12.8 81.4 34.5 33.7 46.8
iCaRL Rebuffi et al. 2017 86.1 51.8 67.6 50.4 57.9 11.0 72.3 31.2 32.7 48.1
LwF-VR Ding et al. 2022 88.2 57.0 71.4 50.0 58.0 13.0 82.0 34.4 29.3 47.6
WiSE-FT Wortsman et al. 2022 87.2 57.6 67.0 45.0 54.0 12.9 78.6 35.5 28.4 44.3
ZSCL Zheng et al. 2023b 88.3 57.5 84.7 68.1 64.8 21.1 88.2 45.3 55.2 68.2
Ours 88.6 61.7 87.5 70.7 66.5 22.3 89.3 45.5 53.6 68.7

Avg.

Continual FT 42.1 70.5 92.2 80.1 54.5 59.1 19.8 78.3 41.0 38.1 42.3
LwF Li and Hoiem 2017 49.0 77.0 92.1 85.9 66.5 67.2 20.9 84.7 44.6 45.5 50.5
iCaRL Rebuffi et al. 2017 52.0 75.9 77.4 74.6 58.4 59.3 11.7 79.6 42.1 43.2 51.7
LwF-VR Ding et al. 2022 44.9 75.8 91.8 85.3 63.5 67.6 16.9 84.9 44.0 40.6 51.3
WiSE-FT Wortsman et al. 2022 52.6 79.3 91.9 83.9 63.4 65.2 23.3 83.7 45.4 40.0 48.2
ZSCL Zheng et al. 2023b 81.7 91.3 91.1 91.0 82.9 72.5 33.6 89.7 53.3 62.8 69.9
Ours 86.1 91.8 92.0 91.8 85.2 74.7 36.6 90.9 54.1 61.7 70.5

Last

Continual FT 24.0 67.3 99.1 87.4 44.3 67.0 29.5 92.3 61.3 81.0 88.1
LwF Li and Hoiem 2017 34.6 69.6 99.3 88.7 61.1 72.5 32.5 88.1 65.6 90.9 87.9
iCaRL Rebuffi et al. 2017 46.0 81.5 91.3 82.8 66.5 72.2 16.3 91.6 68.1 83.2 87.8
LwF-VR Ding et al. 2022 27.4 61.2 99.4 86.3 60.6 70.7 23.4 88.0 61.3 84.3 88.1
WiSE-FT Wortsman et al. 2022 35.6 76.9 99.5 89.1 62.1 71.8 27.8 90.8 67.0 85.6 87.6
ZSCL Zheng et al. 2023b 78.2 91.1 97.6 92.5 87.4 78.2 45.0 92.3 72.7 96.2 86.3
Ours 83.9 91.5 97.6 92.7 89.2 80.7 50.6 92.9 75.3 97.0 87.8

3.5.5 Convergence performance

We evaluate the accuracy of the model at different training iterations on Aircraft. As illustrated

in Figure 3.2a, our method exhibits significantly faster convergence compared to ZSCL.

Particularly, the accuracy of our proposed model after training for 500 iterations is higher

than that achieved by ZSCL after 1000 iterations.
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TABLE 3.8. Impact of the first-order and second-order proximity on continual
learning performance under Order I and Order II settings.

Order I Order II

1st-order 2nd-order Transfer Avg. Last Transfer Avg. Last

✗ ✗ 44.6±0.3 55.9±0.2 77.3±0.4 46.6±0.3 56.2±0.3 67.4±0.6
✓ ✗ 68.9±0.2 76.2±0.3 84.5±0.4 63.8±0.2 75.1±0.2 84.2±0.3
✗ ✓ 67.6±0.3 73.9±0.1 83.4±0.5 62.9±0.3 73.0±0.4 81.6±0.5
✓ ✓ 69.8±0.1 76.9±0.1 85.1±0.2 69.8±0.1 76.9±0.2 85.1±0.2

TABLE 3.9. Comparison of different weighting schemes under Order I and
Order II evaluation settings.

Order I Order II

Scheme Transfer Avg. Last Transfer Avg. Last

Only C0 69.3±0.2 76.4±0.3 84.0±0.4 65.2±0.2 75.6±0.3 84.7±0.5
Only Ci−1 69.2±0.1 76.7±0.1 84.8±0.5 65.1±0.2 75.8±0.2 85.2±0.5
Average weighting 69.1±0.1 76.6±0.2 84.6±0.5 65.0±0.1 75.5±0.3 84.8±0.4
Adaptive weighting 69.8±0.1 76.9±0.1 85.1±0.2 65.4±0.1 75.9±0.2 85.4±0.2

We also present the immediate accuracy on each task during continual learning in Figure 3.2b,

where the accuracy on each task is measured after completing the training on this task.

Similarly, our proposed method outperforms ZSCL across all tasks with only a half iterations.

It is noteworthy that on the OxfordPet, our method even outperforms direct fine-tuning of the

original CLIP model, which can be considerated as upper bound. This phenomenon can be

attributed to capability of our method to retain knowledge from previous tasks and apply it to

the learning of current tasks. The better convergence performance of the proposed method

shows that our trained model is adapted to new tasks easier.

3.5.6 Class Incremental Learning

To evaluate the proposed methods under the CIL setting, we conduct experiments on both

CIFAR100 and TinyImageNet datasets. Results achieved on CIFAR100 and TinyImageNet

are presented in Table 4.9 and Table 3.11, respectively. On both datasets, our method

outperforms existing approaches in terms of both Avg. and Last performance. The learning
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FIGURE 3.2. Convergence performance. (a) Convergence performance of
ZSCL and our proposed method on Aircraft. Result achieved by Fine-tune
performs as the upper bound. (b) Immediate accuracy measured after training
on each task during continual learning.

task becomes more challenge with the value CIL steps increases, but the propose method

still surpass the others by a significant margin. Specifically, when training on CIFAR100

with 50 steps, our method achieves 81.91% Avg. accuracy and 70.17% Last accuracy, which

are 1.98% and 2.81% higher than that achieved by the second best baseline, respectively.

When training on TinyImageNet with 20 steps, the gaps even increase to 3.50% and 7.18%,

respectively. The results in CIL benchmark further demonstrate our method is capable of not

only preserving zero-shot transfer but also retaining knowledge acquired from previous tasks,

which contributes to mitigating catastrophic forgetting in continual learning.

TABLE 3.10. Results on the CIFAR-100 dataset under the class-incremental
learning (CIL) benchmark with 10, 20, and 50 steps.

10 steps 20 steps 50 steps

Method Avg. Last Avg. Last Avg. Last

UCIR (Hou et al. 2019) 58.66 43.39 58.17 40.63 56.86 37.09
DER (Yan et al. 2021) 74.64 64.35 73.98 62.55 72.05 59.76
DyTox+ (Douillard et al. 2022) 74.10 62.34 71.62 57.43 68.90 51.09

Zero-shot 74.57 65.98 75.34 65.98 75.88 65.98
Continual FT 65.46 53.23 59.69 43.13 39.23 18.89
LwF (Li and Hoiem 2017) 65.86 48.04 60.64 40.56 47.69 32.90
iCaRL (Rebuffi et al. 2017) 79.35 70.97 73.32 64.55 71.28 59.07
LwF-VR (Ding et al. 2022) 78.81 70.75 74.54 63.54 71.02 59.45
Cont.-CLIP (Thengane et al. 2022) 75.17 66.72 75.95 66.72 76.49 66.72
ZSCL (Radford et al. 2021) 82.15 73.65 80.39 69.58 79.92 67.36
Ours 86.15 79.75 85.38 77.68 81.91 70.17
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TABLE 3.11. Results on the TinyImageNet dataset under the class-incremental
learning (CIL) benchmark with 10, 20, and 50 steps.

5 steps 10 steps 20 steps

Method Avg. Last Avg. Last Avg. Last

EWC (Kirkpatrick et al. 2017) 19.01 6.00 15.82 3.79 12.35 4.73
UCIR (Hou et al. 2019) 50.30 39.42 48.58 37.29 42.84 30.85
DyTox (Douillard et al. 2022) 55.58 47.23 52.26 42.79 46.18 36.21

Zero-shot 69.68 65.47 69.62 65.47 69.56 65.47
Continual FT 61.54 46.66 57.05 41.54 54.62 44.55
LwF (Li and Hoiem 2017) 60.97 48.77 57.60 44.00 54.79 42.26
iCaRL (Rebuffi et al. 2017) 77.02 70.39 73.48 65.97 69.65 64.68
LwF-VR (Ding et al. 2022) 77.56 70.89 74.12 67.05 69.94 63.89
Cont.-CLIP (Thengane et al. 2022) 70.49 66.43 70.55 66.43 70.51 66.43
ZSCL 80.27 73.57 78.61 71.62 77.18 68.30
Ours 82.43 77.53 81.74 76.51 80.68 75.48

3.6 Conclusion

In this paper, we present a novel strategy for improving continual learning in vision-language

models while preserving zero-shot capabilities. Specifically, Our approach focuses on balan-

cing the model’s zero-shot transfer capabilities with its adaptability to new data distributions.

By constructing a cross-modal graph, we explore both inter- and intra-modal proximity. A

distillation paradigm is introduced to preserve these proximity from two teachers, incorpor-

ated with a strategic sample re-weighting mechanism. This method effectively mitigates the

potential conflict between model stability and plasticity, allowing both of these abilities to

improve simultaneously. The results of the experiment, conducted on several benchmarks,

demonstrate the effectiveness of the proposed approach.



CHAPTER 4

Model-Adaptive Mixture-of-Experts Architecture for Vision-Language

Models

4.1 Related Work

4.1.1 Mixture of Experts.

The mixture of experts (MoE) has proven to be an efficient approach for significantly in-

creasing model capacity while keeping computational overhead minimal (Rajbhandari et al.

2022; Lewis et al. 2021; Liu et al. 2023b). The MoE consists of multiple experts and a

gating network (Shazeer et al. 2017). Several existing works aim to enhance model efficiency

and capability by designing the structure of experts and routers, as well as incorporating

regulation losses to reduce computational costs (He et al. 2021; He et al. 2022; Dai et al.

2024). Other studies have explored applying MoE to multimodal models to address existing

challenges (Shen et al. 2023b). For example, LIMoE (Mustafa et al. 2022) is applied to the

training of image and text data, and leverages contrastive loss and entropy-based regularization

to address the load balancing issues typical of MoE systems. MoCLE (MOCLE) utilizes

LoRA within the MoE and introduces a distinct universal expert to activate parameters of

task-specific models according to the instruction clusters.

4.2 Motivation

In recent years, vision-language models like CLIP (Radford et al. 2021) have demonstrated

exceptional performance across tasks such as image classification (Dong et al. 2022) and
35
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text-based retrieval by aligning image and text representations within a shared embedding

space. This cross-modal alignment enables CLIP to generalize to new tasks with minimal fine-

tuning (Zhang et al. 2022), making it an ideal candidate for continual learning (CL) (Thengane

et al. 2022), where models must adapt incrementally to new tasks while retaining previously

learned knowledge. Similarly, Mixture of Experts (MoE) (Shazeer et al. 2017) architectures,

which dynamically allocate computational resources, excel in CL by routing task-specific

inputs to specialized experts, helping to mitigate catastrophic forgetting and enhancing adapt-

ability to new tasks. However, integrating MoE with CLIP presents challenges, particularly in

maintaining cross-modal alignment and balancing the learning dynamics between modalities,

which can limit their effectiveness when combined.

Recently, continual learning approaches have focused on regularization, knowledge distil-

lation, and MoE. Regularization techniques, such as EWC (Kirkpatrick et al. 2017) and

LwF (Li and Hoiem 2017), constrain parameter updates to prevent forgetting but struggle

with scaling to pretrained models. Knowledge distillation methods, like ZSCL (Zheng et al.

2023b) utilize reference data to maintain the relationship between modalities, balancing the

model’s zero-shot capability with adaptability to new tasks. MoE-enabled CLIP (Yu et al.

2024), enables separately expert selection to handle multiple tasks, but faces challenges in

maintaining the cross-modality alignment and diverse task coverage.

While effective in certain contexts, these methods fall short in addressing the unique challenges

of applying CLIP to continual learning. First, existing MoE implementations typically operate

within single modalities, optimizing experts for either image or text inputs independently.

This disrupts the cross-modal alignment central to CLIP’s success, altering the representation

distributions of image and text embeddings separately, which can degrade the shared semantic

space. Second, this modality-specific design leads to an imbalance between the two modalities.

For tasks like image classification, the text modality, typically corresponding to a fixed and

limited set of labels, interacts with far fewer and less diverse samples than the image modality.

This imbalance reduces the effectiveness of MoE in the text encoder, as its capacity cannot be

fully utilized, limiting the model’s ability to learn robust textual representations.
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To tackle the aforementioned challenges, we propose a multimodal Mixture-of-Experts

(MoE) architecture designed to enhance interaction between image and text modalities,

while maintaining cross-modal alignment and mitigating modality imbalance. Instead of

modifying textual features in isolation, our approach refines task-specific label representations

in conjunction with their corresponding visual context. Specifically, textual embeddings are

adaptively adjusted through interaction with image embeddings, ensuring that the updates

are context-dependent and localized to specific image-text pairs. This design preserves the

overall distribution of textual representations while allowing precise, task-aware refinements.

Our method serves as a context-aware adaptation mechanism that not only maintains semantic

consistency but also improves the effectiveness of textual experts, enabling them to engage

in richer and more diverse multimodal interactions. This, in turn, addresses the issue of

modality imbalance. Moreover, we introduce a dynamic expert expansion mechanism that

incrementally grows the expert pool as new tasks arrive, thereby ensuring adequate capacity

for both previously seen and novel tasks. Extensive empirical results show that our model-

adaptive strategy substantially enhances CLIP’s training efficiency in continual learning

settings, consistently achieving strong performance across a variety of benchmarks.

4.3 Preliminary

In the context of continual learning, the model is tasked with learning from a sequence of tasks

T = {T1, T2, . . . , TN}, where each task Ti consists of a dataset Di = {(xij, yij)}ni
j=1. Here, xij

represents an image sample, and yij is its corresponding textual label. The goal is to optimize

the model such that it can effectively handle new tasks without degrading performance on

previously learned ones, a phenomenon commonly referred to as catastrophic forgetting. Let

Mt denote the model trained on task Tt, and P (Mt, Ti) represent its performance on task Ti.

The continual learning objective is to maximize the cumulative performance over all tasks

seen so far:

max
Mt

t∑
i=1

P (Mt, Ti). (4.1)
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This requires the model to balance adapting to new tasks while retaining knowledge from

previous tasks, a central challenge in continual learning scenario.

4.3.1 CLIP

CLIP (Radford et al. 2021) is a vision-language model that aligns image and text representa-

tions in a shared embedding space. It consists of an image encoder Eimg and a text encoder

Etxt. Given an image x and its corresponding textual label y, their embeddings are computed

as:

zimg = Eimg(x), ztxt = Etxt(y). (4.2)

The alignment between zimg and ztxt is optimized using a contrastive loss:

−E(x,y)∈Di

[
log

exp(sim(zimg, ztxt)/τ)∑
y′∈Y exp(sim(zimg, Etxt(y′))/τ)

]
(4.3)

where sim(·, ·) denotes cosine similarity, τ is a temperature parameter, and Y is the set of all

labels in the current task. This loss ensures that the image and its corresponding textual label

are closely aligned in the shared space.

4.3.2 Mixture-of-Experts in Continual Learning.

In continual learning, the Mixture-of-Experts framework facilitates the dynamic selection of

experts to efficiently adapt to new tasks while mitigating catastrophic forgetting. The core

idea of MoE is to route input z through a subset of experts, where each expert specializes in

different aspects of the task. The output of the MoE model is defined as:

h(z) = z +
K∑
k=1

gk(z)Ek(z), (4.4)

where gk(z) is the gating function that determines the importance of each expert Ek(z), based

on the input z. The experts Ek(z) are typically modified by task-specific parameters, allowing

the model to adapt to new tasks without forgetting previously learned knowledge.
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In CL tasks, MoE is often combined with low-rank adaptations, like LoRA (Hu et al. 2021),

to efficiently handle task-specific updates. For each expert k, the adaptation is computed as:

Ek(z) = f(AkBkz), (4.5)

where Ak ∈ Rd×r and Bk ∈ Rr×d are low-rank matrices, and f(·) represents a non-linear

activation function. This low-rank formulation allows MoE to efficiently adapt to new tasks

while minimizing the computational overhead.

In the CL scenario, the gating mechanism is also task-specific, dynamically selecting which

experts to activate based on the input z and task t. The output for a specific task t is computed

as:

ht(z) = z +
K∑
k=1

gtk(z)Ek(z), (4.6)

where gtk(z) is the gating function that depends on the input z for the task t. This enables the

model to selectively update experts that are relevant to the current task, avoiding catastrophic

forgetting of previously learned tasks and enabling task-specific adaptation. Thus, MoE in

CL effectively balances the need for task-specific knowledge with the ability to preserve

previously learned knowledge, making it an efficient and scalable solution for continual

learning in vision-language models.

4.4 Methodology

4.4.1 Problem Analysis

While Mixture of Experts (MoE) architectures have demonstrated strong performance in

single-modality tasks, there is still room for improvement in adapting them to multimodal

learning, particularly in continual learning settings.
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FIGURE 4.1. Illustrates the overall framework of the proposed Multimodal
MoE. (a) Lora-MoE Integration with Pre-training Module: A multimodal
router allocates experts based on image and text features. For each task, a
dynamic router and m experts are introduced, with the router accessing all
previous experts but only the parameters associated with the current task are
updated. (b) The structure of the proposed Multimodal Router, where the
gating function integrates image and text modalities to determine the activated
experts.

4.4.1.1 Diversity Collapse in Text Modality

Continual learning in CLIP faces challenges in modality coordination, particularly in the text

encoder, which suffers from semantic collapse when incremental tasks provide only sparse

label texts (e.g., “dog” or “cat”). Although CLIP aligns visual and textual spaces through

contrastive learning (Radford et al. 2021), its MoE-based text encoder relies on diverse inputs

to effectively activate specialized experts (Fedus et al. 2022). However, low-diversity textual

inputs in continual learning result in expert under-utilization, constraining both adaptability

and generalization. Traditional MoE in CLIP relies solely on textual features, overlooking not

only CLIP’s cross-modal nature but also the semantic collapse in the text modality, which

ultimately limits the effectiveness of MoE.

4.4.1.2 Disruption of alignment.

Another limitation of existing CLIP-based MoE methods is the lack of inter-modal alignment

in expert design. For instance, recent works (Zhang et al. 2024a; Yu et al. 2024) independently
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adjust encodings for single modality without considering their cross-modal relationships.

As discussed earlier, in continual learning, both text and image features are closely tied to

domain-specific information. For example, in a task involving an image of a “cat" and its

corresponding description, the routing of image features may differ from that in a “dog" task.

As more tasks are introduced, the model may gradually misalign image-text pairs, leading to

performance degradation. Therefore, we argue that existing approaches hinder efficient task

transfer and struggle to maintain consistent image-text alignment, ultimately affecting the

model’s ability to generalize across tasks.

4.4.2 Multi-Modality Router

To address these limitations, we propose a multimodal MoE (MM-MoE) architecture, where

the gating mechanism incorporates both image and text features. Specifically, given an image

x and its corresponding text labels y, we extract the image and text embeddings zimg and ztxt

with the CLIP encoder integrated with MoE components adapted to each layer of CLIP. The

gating function then decides which experts should be activated based on both modalities. The

multi-modal MoE features are computed as follows:

ht(ztxt) = ztxt +
K∑
k=1

gtk(ztxt, zimg)Ek(ztxt). (4.7)

Subsequently, we will delve into the architecture of the router, elaborating on its design and

functionality. In a typical MoE architecture, the router computes gating weights gk(z) for

each expert based on the input feature z. These weights determine the contribution of each

expert to the final output, computed using a softmax function over the raw outputs fk(z):

gk(z) =
exp(fk(z))∑K
k=1 exp(fk(z))

, (4.8)

where fk(z) = zWk is the linear transformation of the input feature z, and Wk is the learned

weight matrix for expert k. The softmax ensures the gating weights sum to 1, assigning

relative importance to each expert for the input z.
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To extend this to multimodal inputs, such as image and text, we integrate both modalities into

the gating computation. Specifically, we define the gating function as:

f(zimg, ztxt) = zimgW
k
MzTtxt, (4.9)

where z ∈ RD is the input feature vector, and W k
M ∈ RD×D is the learned weight matrix

for the k-th expert. These weights gk(z) are then used to route the input to the appropriate

experts. This formulation computes pairwise interactions between each image token and each

text token, effectively capturing cross-modal dependencies. The output of the gating function

is then used to compute the gating weights, which determine the influence of each expert

based on both image and text features.

Our approach jointly utilizes both image and text features to guide the routing of text-specific

MoE components. This is based on two key observations: First, text features, as labels,

have discrete and enumerable properties, which align well with task partitioning. Second,

text samples are less diverse than images, making them more suited for dynamic task-based

routing. Consequently, the multi-modality routing mechanism is exclusively applied to the

text domain, enabling fine-grained adjustments to text representations while maintaining

the existing routing strategy for image extraction. In summary, For the same text, the

model generates distinct routing decisions based on different images, ensuring that the text

representation aligns more effectively with the context of each image. This adjustment

prevents disruptions to image-text alignment, preserving the matching probability of images

across tasks in the shared semantic space.

4.4.3 Dynamic Expert Expansion Mechanism

To further address the challenges of continual learning, our multi-modal MoE architecture

introduces an expert and router expansion mechanism. This design enables the model to

effectively scale as new tasks are introduced, ensuring that each task is assigned dedicated

routers and experts, which minimizes interference between tasks. By preserving task-specific

knowledge and allowing for independent adaptation, this mechanism ensures that the model
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can continue to learn new tasks without compromising previously learned representations.

We now describe the specific mechanisms for both the image and text modalities.

Image Modality. For each new task Tt+1, we introduce n new experts and a dedicated router

for the image modality. The expert set E (t+1) grows to (t+ 1)× n.

E (t+1) = {E1, E2, . . . , Et×n, . . . , E(t+1)×n}. (4.10)

The gating function G
(t+1)
img computes routing weights gk(ximg) for each expert.

G(t+1)(x) = {g1(x), g2(x), . . . , gt+1(x)},
t+1∑
k=1

gk(x) = 1.

Text Modality. Similarly, for the text modality, each new task Tt+1 introduces a new router

and m new experts. The gating function G
(t+1)
txt restricts routing to the new experts.

Task-Adaptive Expert Assignment. To ensure task-specific knowledge is retained within

each expert while promoting cross-task generalization, we optimize a task-adaptive loss

function that balances specialization and knowledge sharing. The optimization objective for

task Tt+1 is formulated as:

LTt = LCLIP (Tt; Θ) + λ
t·n∑
k=1

Ω(Ek), (4.11)

where Θ includes all trainable parameters for routers and experts, λ is a hyperparameter

controlling the trade-off between task-specific learning and knowledge retention across tasks.

The regularization term Ω(Ek) is introduced to encourage selective expert utilization by

reducing the number of active experts for each task. This can be achieved through sparsity

constraints, such as L1 regularization, which penalize excessive expert activation.

4.4.4 Algorithm of the proposed MM-MoE

To provide a clearer understanding of the training process for the proposed method, we

present the complete training algorithm in Algorithm 2. This detailed algorithm outlines the

step-by-step procedure.
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Algorithm 2 Dynamic Expert Expansion for continual Learning

Input: Initial expert pool E (0) = {E1, E2, . . . , EN}, initial router G(0), task sequence T =
{T1, T2, . . . , TM}, expansion size m.

Output: Trained model Θ with dynamic experts and routers.
1: for each task Tt ∈ T do
2: Load task dataset Dt = {(xij, yij)}nt

j=1

3: if t > 1 then
4: Expand expert pool: Add m new experts {EN+1, . . . , EN+m} to E (t)
5: Expand router: Update gating network G(t) to handle N +m experts
6: end if
7: Optimize task-specific parameters by minimizing: LTt = LMoE−CLIP (Tt; Θ) +

λ
∑N+m

k=1 Ω(Ek)
8: Update model parameters: Θ← Θ− η∇LTt

9: Increment expert counter: N ← N +m
10: end for

Trained model Θ

4.5 Experiments

In this section, the implementation details required for experiments are introduced first. Next,

we present and analyze the results of the proposed MM-MOE compared to state-of-the-art

approaches under the MTIL and CIL experimental settings. Following this, an analysis and

comparison of compute costs are provided. Then, we conduct an ablation study to explore

the impact of various factors on the proposed method. Finally, we also present a comparison

between our method and other approaches on the ADEM-VL model.

4.5.1 Implementation Details

4.5.1.1 Continual learning setting.

We primarily evaluate the proposed method on two continual learning settings: multi-domain

task incremental learning (MTIL) and class incremental learning (CIL).

MTIL is a widely-used benchmark specifically designed for cross-domain task incremental

learning, where each task originates from a distinct dataset.
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CIL is a fundamental setting in continual learning, in which the model is progressively updated

with only new class instances. During inference, the model needs to distinguish all previously

learned classes but does not know the task ID of the sample.

4.5.1.2 Datasets.

In the MTIL benchmark, we use 11 datasets: Aircraft (Maji et al. 2013), Caltech101 (Fei-

Fei et al. 2004), CIFAR100 (Krizhevsky, Hinton et al. 2009), DTD (Cimpoi et al. 2014),

EuroSAT (Helber et al. 2019), Flowers (Nilsback and Zisserman 2008), Food (Bossard et al.

2014), MNIST (Deng 2012), OxfordPet (Parkhi et al. 2012), StanfordCars (Krause et al. 2013),

and SUN397 (Xiao et al. 2010). Additionally, we followed the settings in (Zheng et al. 2023b)

and conducted experiments on two different task orders. In the CIL benchmark, we employ

CIFAR-100 (Krizhevsky, Hinton et al. 2009), where the 100 classes are evenly partitioned

into 10 steps, and TinyImageNet (Le and Yang 2015), where the base step comprises 100

classes, while the remaining classes are uniformly distributed across 10 subsequent steps,

with each step constituting a task. we use CIFAR100 (Krizhevsky, Hinton et al. 2009) and

TinyImageNet (Le and Yang 2015) datasets, where the classes in each dataset are evenly split

into 10 groups, with each group serving as a task.

4.5.1.3 Model.

A pretrained CLIP model with a ViT-B/16 image encoder is employed for the MTIL and CIL

experiments. Additionally, we use a pretrained ADEM-VL model in the MTIL setting. The

input resolution is 224, and the patch size is 16.

Metric. In the MTIL setting, we utilize metrics “Transfer", “Average" and “Last" as used in

(Zheng et al. 2023b). “Transfer" metric evaluates the model’s zero-shot transfer capability on

unseen data, while “Last" measures the model’s ability to retain historical knowledge. The

“Average" metric is a composite measure representing the mean performance across “Transfer"

and “Last". In the CIL experimental setting, we assess the model’s performance using the

average accuracy at each step, where average accuracy represents the average performance

across all previous tasks.
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4.5.1.4 Baselines.

Given that the CLIP model can adapt to new data distributions without requiring retraining,

we use zero-shot transfer as one of our baselines. We also explore direct fine-tuning of the

CLIP model as upper bound. MM-MoE is compared with fully trainable methods, including

typical continual learning approaches as well as existing CLIP-based methods. Additionally,

we include a method that utilizes the mixture of experts on CLIP: MoE-adapters.

4.5.2 Results of Multi-domain Task Incremental Learning

4.5.2.1 Main Results

We evaluate MM-MoE against baselines using the MTIL benchmark. The backbone utilized

is the CLIP model with ViT-B/16. Each task undergoes training for 1000 iterations using

a batch size of 64. LoRA (Hu et al. 2021) is employed as the experts, with the number of

experts per task set to 2. A single MLP serves as the router, combining experts based on

the top-3 gating scores. AdamW (Loshchilov 2017) is used as the optimizer. The parameter

settings for DDAS follow those in (Yu et al. 2024).

TABLE 4.1. Results comparison on the MTIL benchmark under task order
setting I. ∆ indicates the performance difference between each continual
learning method and the original CLIP model (Zero-shot).

Method Transfer ∆ Avg. ∆ Last ∆

Zero-shot 69.4 - 65.3 - 65.3 -
Continual FT 44.6 -24.8 55.9 -9.4 77.3 +12.0

LwF (Li and Hoiem 2017) 56.9 -12.5 64.7 -0.6 74.6 +9.0
iCaRL (Rebuffi et al. 2017) 50.4 -19.0 65.7 +0.4 80.1 +14.8
LwF-VR (Ding et al. 2022) 57.2 -12.2 65.1 -0.2 76.6 +11.3
WiSE-FT (Wortsman et al. 2022) 52.3 -17.1 60.7 -4.6 77.7 +12.4
ZSCL (Zheng et al. 2023b) 68.1 -1.3 75.4 +10.1 83.6 +18.3
MoE-Adapters (Yu et al. 2024) 68.9 -0.5 76.7 +11.4 85.0 +19.7
MM-MoE 69.4 +0.0 78.2 +12.9 87.1 +21.8

Table 4.1 and Table 4.2 present the results of continual learning after sequentially completing

all 11 tasks, covering both task order settings I and II. As shown, MM-MoE outperforms
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TABLE 4.2. Results comparison on the MTIL benchmark under task order
setting II. ∆ indicates the performance difference between each continual
learning method and the original CLIP model (Zero-shot).

Method Transfer ∆ Avg. ∆ Last ∆

Zero-shot 65.4 - 65.3 - 65.3 -
Continual FT 46.6 -18.8 56.2 -9.1 67.4 +2.1

LwF (Li and Hoiem 2017) 53.2 -12.2 62.2 -5.2 71.9 +6.6
iCaRL (Rebuffi et al. 2017) 50.9 -14.5 56.9 -8.4 71.6 +6.3
LwF-VR (Ding et al. 2022) 50.9 -14.5 56.9 -8.4 71.6 +6.3
WiSE-FT (Wortsman et al. 2022) 51.0 -14.4 61.5 -5.9 72.2 +6.9
ZSCL (Zheng et al. 2023b) 64.2 -1.2 74.5 +9.2 83.4 +18.1
MoE-Adapters (Yu et al. 2024) 64.3 -1.1 74.7 +9.4 84.1 +18.8
MM-MoE 65.1 -0.3 75.5 +10.2 86.7 +21.4

all other baselines across every metric. Regarding the Transfer metric, continual fine-tuning

on the CLIP model leads to a significant decline in Transfer performance, whereas ZSCL

and MoE-Adapters show a minimal decrease. Notably, in task order setting I, the Transfer

performance of the proposed method matches that of the original CLIP model. Since MM-

MoE isolates parameters for each task as much as possible, it effectively mitigates catastrophic

forgetting, resulting in significant improvements on both the Avg. and Last metrics, with

increases of 12.9% and 21.8%, respectively. The results observed under task order settings

II show a similar pattern, with improvements of 10.2% and 21.4% in “Avg." and “Last"

respectively.

Table 4.3 presents detailed results for each method on individual tasks under task order

setting I, showcasing the performance of the final trained models on each task in the MTIL

benchmark. MM-MoE still consistently outperforms the baselines in the “Transfer", “Avg.,"

and “Last" metrics. For “Last" metric, Fully parameter training methods, such as ZSCL

and WiSE-FT, perform well for certain datasets due to their significantly larger number

of parameters compared to the proposed mothod. However, MM-MoE achieves the best

results across most datasets. Overall, MM-MoE demonstrates superior performance across

three metrics, highlighting its robustness and effectiveness in continual learning compared to

existing baselines.
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TABLE 4.3. Performance of the proposed method and baselines on each task
in the MTIL benchmark for order I. The best result is highlighted in bold, and
the second-best is underlined.
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Zero-shot 24.3 88.4 68.2 44.6 54.9 71.0 88.5 59.4 89.0 64.7 65.2
Fine-tuning 62.0 95.1 89.6 79.5 98.9 97.5 92.7 99.6 94.7 89.6 81.8

Transfer
Continual FT 67.1 46.0 32.1 35.6 35.0 57.7 44.1 60.8 20.5 46.6
LwF 74.5 56.9 39.1 51.1 52.6 72.8 60.6 75.1 30.3 55.9
iCaRL 56.6 44.6 32.7 39.3 46.6 68.0 46.0 77.4 31.9 60.5
LwF-VR 77.1 61.0 40.5 45.3 54.4 74.6 47.9 76.7 36.3 58.6
WiSE-FT 73.5 55.6 35.6 41.5 47.0 68.3 53.9 69.3 26.8 51.9
ZSCL 86.0 67.4 45.4 50.4 69.1 87.6 61.8 86.8 60.1 66.8
MoE-Adapters 87.9 68.2 44.4 49.9 70.7 88.7 59.7 89.1 64.5 65.5
MM-MoE 88.4 68.2 43.9 55.3 70.7 88.5 59.5 89.1 64.7 65.6

Avg.
Continual FT 25.5 81.5 59.1 53.2 64.7 51.8 63.2 64.3 69.7 31.8 49.7
LwF 36.3 86.9 72.0 59.0 73.7 60.0 73.6 74.8 80.0 37.3 58.1
iCaRL 35.5 89.2 72.2 60.6 68.8 70.0 78.2 62.3 81.8 41.2 62.5
LwF-VR 29.6 87.7 74.4 59.5 72.4 63.6 77.0 66.7 81.2 43.7 60.7
WiSE-FT 26.7 86.5 64.3 57.1 65.7 58.7 71.1 70.5 75.8 36.9 54.6
ZSCL 45.1 92.0 80.1 64.3 79.5 81.6 89.6 75.2 88.9 64.7 68.0
MoE-Adapters 50.2 91.9 83.1 69.4 78.9 84.0 89.1 73.7 89.3 67.7 66.9
MM-MoE 56.3 94.3 84.2 69.8 82.3 84.9 88.6 73.9 89.1 68.6 67.0

Last
Continual FT 31.0 89.3 65.8 67.3 88.9 71.1 85.6 99.6 92.9 77.3 81.1
LwF 26.3 87.5 71.9 66.6 79.9 66.9 83.8 99.6 92.1 66.1 80.4
iCaRL 35.8 93.0 77.0 70.2 83.3 88.5 90.4 86.7 93.2 81.2 81.9
LwF-VR 20.5 89.8 72.3 67.6 85.5 73.8 85.7 99.6 93.1 73.3 80.9
WiSE-FT 27.2 90.8 68.0 68.9 86.9 74.0 87.6 99.6 92.6 77.8 81.3
ZSCL 40.6 92.2 81.3 70.5 94.8 90.5 91.9 98.7 93.9 85.3 80.2
MoE-Adapters 49.8 92.2 86.1 78.1 95.7 94.3 89.5 98.1 89.9 81.6 80.0
MM-MoE 56.3 95.0 87.7 79.5 97.8 96.8 89.0 99.0 89.2 86.2 80.7

4.5.2.2 Details of Experimental Results under MTIL benchmark

Table 4.4 presents results of the proposed MM-MoE on the Multi-domain Task Incremental

Learning (MTIL) benchmark under task order setting I, showing the performance across 11

datasets after continuous training on each task.
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TABLE 4.4. Task-wise accuracy (%) across all datasets in the MTIL bench-
mark, based on task order setting I, following the completion of training on
each task.
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Aircraft 56.3 88.4 68.2 44.7 55.3 71.0 88.5 59.5 89.0 64.7 65.6
Caltech101 56.3 95.0 68.2 42.8 55.3 70.7 88.5 59.5 89.0 64.7 65.6
CIFAR100 56.3 94.1 87.7 44.3 55.3 70.7 88.5 59.5 89.0 64.7 65.6
DTD 56.3 95.0 87.7 79.5 55.3 70.7 88.5 59.5 89.0 64.7 65.6
EuroSAT 56.3 95.0 87.7 79.5 97.8 70.7 88.5 59.5 89.0 64.7 65.6
Flowers 56.3 95.0 87.7 79.5 97.8 96.8 88.5 59.5 89.0 64.7 65.6
Food 56.3 95.0 87.7 79.5 97.8 96.8 89.0 59.5 89.0 64.7 65.6
MNIST 56.3 95.0 87.7 79.5 97.8 96.8 89.0 99.0 89.0 64.7 65.6
OxfordPet 56.3 95.0 87.7 79.5 97.8 96.8 89.0 99.0 89.2 64.7 65.6
Cars 56.3 95.0 87.7 79.5 97.8 96.8 89.0 98.9 89.2 86.2 65.6
SUN397 56.3 95.0 87.7 79.5 97.8 96.8 89.0 99.0 89.2 86.2 80.7

Transfer 88.4 68.2 43.9 55.3 70.7 88.5 59.5 89.0 64.7 65.6
Avg. 56.3 94.3 84.2 69.8 82.3 84.9 88.7 73.9 89.1 68.6 67.0
Last 56.3 95.0 87.7 79.5 97.8 96.8 89.0 99.0 89.2 86.2 80.7

Additionally, we provide further experimental details regarding task order setting II. The task

sequence for this setting is as follows: StanfordCars, Food, MNIST, OxfordPet, Flowers,

SUN397, Aircraft, Caltech101, DTD, EuroSAT, and CIFAR100. The detailed experimental

results of MM-MoE after each task are presented in Table 4.5. Furthermore, Table 4.6

provides a comparison of MM-MoE against baselines. Despite the change in task order, the

proposed MM-MoE continues to effectively mitigate catastrophic forgetting while preserving

the zero-shot capability of CLIP.

4.5.3 Results of Class Incremental Learning

4.5.3.1 Main Results

We also conduct experiments on class incremental learning (CIL) using CIFAR100 and

TinyImageNet to validate the effectiveness of the proposed method. Specifically, in a 10-

step setting, the classes in CIFAR100 are evenly divided into 10 groups, with each group
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TABLE 4.5. Task-wise accuracy (%) across all datasets in the MTIL bench-
mark, based on task order setting II, following the completion of training on
each task.
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Cars 86.8 88.5 60.7 89.0 71.0 65.4 24.3 88.4 44.7 55.3 68.2
Food 86.8 89.1 55.5 89.0 71.0 65.4 24.3 88.4 44.7 54.6 68.2
MNIST 86.8 89.1 98.8 89.0 71.0 65.4 24.3 88.4 44.7 54.6 68.2
OxfordPet 86.8 89.1 98.8 89.2 71.0 65.4 24.3 88.4 44.7 54.6 68.2
Flowers 86.8 89.1 98.8 89.2 71.0 65.4 18.1 88.4 44.7 54.6 68.2
SUN397 86.8 89.1 98.8 89.2 96.8 65.4 24.3 88.4 44.4 54.6 68.2
Aircraft 86.8 89.1 98.8 89.2 96.8 80.3 54.9 88.4 44.4 54.6 68.2
Caltech101 86.8 89.1 98.8 89.2 96.8 80.3 54.9 94.2 42.1 54.6 68.2
DTD 86.8 89.1 98.8 89.2 96.8 79.2 54.9 92.8 79.0 54.6 68.2
EuroSAT 86.8 89.1 98.8 89.2 96.8 80.3 54.9 94.2 79.0 97.4 68.2
CIFAR100 86.8 89.1 98.8 89.2 96.8 80.4 54.9 94.1 79.0 97.4 87.5

Transfer 88.5 58.1 89.0 71.0 65.4 23.3 88.4 44.3 54.6 68.2
Avg. 86.8 88.6 91.4 89.1 87.4 73.4 37.6 90.4 53.8 62.4 70.0
Last 86.8 89.0 98.8 89.2 96.9 80.4 54.8 94.1 79.0 97.4 87.5

representing a task. For TinyImageNet, 100 classes are learned in the base step, while the

remaining 100 classes are divided into 10 groups.

Since the task ID of images is not provided in CIL benchmark, we use only a single router

for the image encoder of CLIP without employing DDAS, which is not effective for single-

domain tasks. The average accuracy after each step on both datasets is presented in Table 4.7

and Table 4.8, respectively. As shown in the results of Table 4.7, full-parameter training

methods, including ZSCL, LwF-VR, and iCaRL, achieve higher accuracy on the first task. In

contrast, MM-MoE shows lower performance on the first task due to the limited number of

trainable parameters. However, for all subsequent tasks, the proposed MM-MoE achieves

the highest accuracy, surpassing the state-of-the-art full-parameter methods by 2.1% at the

last step. The results in Table 4.8 indicate a significant improvement of our method over all

baselines on TinyImageNet, showing a consistent trend. The proposed method consistently

demonstrates the best performance among all approaches throughout the learning process.
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TABLE 4.6. Performance of the proposed method and baselines on each task
in the MTIL benchmark for order I. The best result is highlighted in bold, and
the second-best is underlined.
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Zero-shot 64.7 88.5 59.4 89.0 71.0 65.2 24.3 88.4 44.6 54.9 68.2
Fine-tuning 89.6 92.7 99.6 94.7 97.5 81.8 62.0 95.1 79.5 98.9 89.6

Transfer
Continual FT 85.9 59.6 57.9 40.0 46.7 11.1 70.0 30.5 26.6 37.7
LwF (Li and Hoiem 2017) 87.8 58.5 71.9 46.6 57.3 12.8 81.4 34.5 33.7 46.8
iCaRL (Rebuffi et al. 2017) 86.1 51.8 67.6 50.4 57.9 11.0 72.3 31.2 32.7 48.1
LwF-VR (Ding et al. 2022) 88.2 57.0 71.4 50.0 58.0 13.0 82.0 34.4 29.3 47.6
WiSE-FT (Wortsman et al. 2022) 87.2 57.6 67.0 45.0 54.0 12.9 78.6 35.5 28.4 44.3
ZSCL (Zheng et al. 2023b) 88.3 57.5 84.7 68.1 64.8 21.1 88.2 45.3 55.2 68.2
MoE-Adapters (Zheng et al. 2023b) 88.8 59.5 89.1 69.4 65.3 15.0 87.9 43.9 54.6 68.2
Ours 88.5 58.1 89.0 71.0 65.4 23.3 88.4 44.3 54.6 68.2

Avg.
Continual FT 42.1 70.5 92.2 80.1 54.5 59.1 19.8 78.3 41.0 38.1 42.3
LwF (Li and Hoiem 2017) 49.0 77.0 92.1 85.9 66.5 67.2 20.9 84.7 44.6 45.5 50.5
iCaRL (Rebuffi et al. 2017) 52.0 75.9 77.4 74.6 58.4 59.3 11.7 79.6 42.1 43.2 51.7
LwF-VR (Ding et al. 2022) 44.9 75.8 91.8 85.3 63.5 67.6 16.9 84.9 44.0 40.6 51.3
WiSE-FT (Wortsman et al. 2022) 52.6 79.3 91.9 83.9 63.4 65.2 23.3 83.7 45.4 40.0 48.2
ZSCL (Zheng et al. 2023b) 81.7 91.3 91.1 91.0 82.9 72.5 33.6 89.7 53.3 62.8 69.9
MoE-Adapters (Zheng et al. 2023b) 86.8 89.3 92.2 89.1 86.0 73.0 30.8 90.0 53.1 62.6 69.9
Ours 86.8 88.6 91.4 89.1 87.4 73.4 37.6 90.4 53.8 62.4 70.0

Last
Continual FT 24.0 67.3 99.1 87.4 44.3 67.0 29.5 92.3 61.3 81.0 88.1
LwF (Li and Hoiem 2017) 34.6 69.6 99.3 88.7 61.1 72.5 32.5 88.1 65.6 90.9 87.9
iCaRL (Rebuffi et al. 2017) 46.0 81.5 91.3 82.8 66.5 72.2 16.3 91.6 68.1 83.2 87.8
LwF-VR (Ding et al. 2022) 27.4 61.2 99.4 86.3 60.6 70.7 23.4 88.0 61.3 84.3 88.1
WiSE-FT (Wortsman et al. 2022) 35.6 76.9 99.5 89.1 62.1 71.8 27.8 90.8 67.0 85.6 87.6
ZSCL (Zheng et al. 2023b) 78.2 91.1 97.6 92.5 87.4 78.2 45.0 92.3 72.7 96.2 86.3
MoE-Adapters (Zheng et al. 2023b) 83.7 88.5 99.2 88.7 92.9 75.9 42.6 93.1 76.6 98.6 86.4
Ours 86.8 89.0 98.8 89.2 96.9 80.4 54.8 94.1 79.0 97.4 87.5

Additionally, the results in Table 4.7 and Table 4.8 both show that “MM-MoE*", representing

the proposed MM-MoE method without Multi-Modality Router for the text modality, has a

lower average accuracy at each step compared to “MM-MoE". This comparison indicates that



52 4 MODEL-ADAPTIVE MIXTURE-OF-EXPERTS ARCHITECTURE FOR VISION-LANGUAGE MODELS

TABLE 4.7. Performance of the trained model at each step in the CIL bench-
mark on CIFAR-100. The “Average Accuracy" represents the mean accuracy
across all previous tasks.“MM-MoE*" indicates the proposed method without
Multi-Modality Router for the two modalities. The best result is highlighted
in bold.

Method Step 1 Step 2 Step 3 Step 4 Step 5 Step6 Step 7 Step8 Step 9 Step 10

iCaRL 98.8 92.5 86.9 78.6 72.7 73.7 73.6 71.7 71.4 71.9
LwF-VR 99.0 91.6 86.4 78.4 73.6 75.3 73.9 72.0 67.6 70.5
Continual-CLIP 96.7 92.2 86.0 80.4 77.5 75.8 73.0 71.4 69.8 66.7
ZSCL 98.8 94.8 90.1 85.8 82.7 80.8 80.9 80.1 77.6 77.5
MoE-Adapters 98.4 94.7 89.3 85.4 83.6 83.3 81.4 79.8 78.9 77.5
MM-MoE* 98.1 93.6 88.5 85.5 83.8 82.9 80.4 80.4 79.1 77.9
MM-MoE 98.4 95.6 90.8 87.6 85.4 84.7 82.6 81.5 80.3 79.6

TABLE 4.8. Performance of the trained model at each step in the CIL bench-
mark on TinyImageNet. The “Average Accuracy" represents the mean accuracy
across all previous tasks. “MM-MoE*" indicates the proposed method without
Multi-Modality Router for the two modalities. The best result is highlighted
in bold.

Method Base Step 1 Step 2 Step 3 Step 4 Step 5 Step6 Step 7 Step8 Step 9 Step 10

iCaRL 88.0 82.3 78.2 77.8 73.6 71.2 70.7 69.0 68.3 66.1 65.4
LwF-VR 87.8 80.4 77.4 77.9 74.4 71.3 71.7 71.7 69.7 70.4 68.8
ZSCL 87.0 84.8 83.8 82.6 81.5 80.2 79.1 79.1 78.1 77.2 76.2
MoE-Adapters 85.5 83.9 82.8 82.0 80.7 79.6 79.0 78.2 77.5 76.9 76.4
MM-MoE* 86.1 84.5 83.7 82.4 82.1 80.8 79.7 79.0 78.3 77.2 76.8
MM-MoE 86.9 85.6 84.4 83.9 83.3 82.8 81.6 80.9 79.8 79.4 78.5

incorporating information exchange between the two modalities to guide the selection of text

experts effectively helps improve the continual learning performance of CLIP.

Overall, the proposed MM-MoE, which trains only a limited number of parameters, ef-

fectively mitigates catastrophic forgetting in the CIL benchmark, demonstrating substantial

effectiveness across different datasets.
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4.5.3.2 More Results under CIL benchmark

We provide additional results on the CIFAR100 dataset under the Class Incremental Learning

(CIL) benchmark. Specifically, in the t-step setting, the classes in CIFAR100 dataset are

evenly divided into t groups, with each group representing a task. We set t = {10, 20, 50}.

We present the experimental results in Table 4.9. From the results, it is evident that as the

number of steps increases, the proposed method consistently outperforms others, both in

terms of "Avg." and "Last." Overall, MM-MoE is more effective in mitigating catastrophic

forgetting in continual learning, as it fully takes into account the information from both

modalities.

TABLE 4.9. Results on the CIFAR100 dataset across different steps under
CIL benchmark.

10 steps 20 steps 50 steps

Method Avg. Last Avg. Last Avg. Last

UCIR (Hou et al. 2019) 58.66 43.39 58.17 40.63 56.86 37.09
Bic (Wu et al. 2019) 68.80 53.54 66.48 47.02 62.09 41.04
PODNet (Douillard et al. 2020) 58.03 41.05 53.97 35.02 51.19 32.09
DER (Yan et al. 2021) 74.64 64.35 73.98 62.55 72.05 59.76
DyTox+ (Douillard et al. 2022) 74.10 62.34 71.62 57.43 68.90 51.09

Zero-shot (Radford et al. 2021) 74.57 65.98 75.34 65.98 75.88 65.98
Continual FT 65.46 53.23 59.69 43.13 39.23 18.89
LwF (Li and Hoiem 2017) 65.86 48.04 60.64 40.56 47.69 32.90
iCaRL (Rebuffi et al. 2017) 79.18 71.86 73.99 64.46 69.95 58.56
LwF-VR (Ding et al. 2022) 78.81 70.48 74.66 62.13 72.46 61.06
ZSCL (Radford et al. 2021) 85.09 77.18 82.94 74.71 81.91 70.17
MoE-ada. (Yu et al. 2024) 85.21 77.52 83.72 76.20 83.60 75.24
MM-MoE 86.72 79.63 85.12 78.16 84.97 76.79

4.5.4 Analysis of the Compute Costs

The proposed MM-MoE not only achieves satisfactory experimental results but also demon-

strates considerable efficiency. To measure runtime, we used 4 NVIDIA V100 GPUs, an

Intel 6278C CPU, and PyTorch 2.1.0 with CUDA 11.4. Table 4.10 presents the comparison

results of compute costs. As indicated by the results, MoE-based methods, including both

MoE-Adapters and MM-MoE, lead to an overall increase in parameter count but significantly
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reduce the number of training parameters. Specifically, the proposed MM-MoE requires only

4.12M trainable parameters per task, which is 0.08× that of MoE-Adapters and 0.03× that of

LWF and ZSCL. Moreover, MM-MoE imposes the lowest GPU burden and achieves a 21.6%

speed improvement over the most computationally efficient baseline.

TABLE 4.10. Comparison of the number of computational cost during the
training process of each task between MM-MoE and others.

Method Params↓ Train Params↓ GPU↓ Runtime↓
LWF (Li and Hoiem 2017) 149.6M 149.6M 34836MiB 2.86s/it
ZSCL (Zheng et al. 2023b) 149.6M 149.6M 29174MiB 5.47s/it
MoE-Ada. (Yu et al. 2024) 200.7M 51.1M 20375MiB 2.68s/it
MM-MoE 197.3M 4.12M 18631MiB 2.03s/it

TABLE 4.11. Impact of Multi-Modality Router and Dynamic Expert Expan-
sion Mechanism.

Multi-Modality
Router

Dynamic Expert
Expansion Transfer Avg. Last

✗ ✗ 67.5 71.1 77.9
✓ ✗ 69.1 77.3 85.8
✗ ✓ 68.6 75.8 83.3
✓ ✓ 69.4 78.2 87.1

4.5.5 Ablation Study

In this section, we focus on analyzing the different aspects of the effectiveness of MM-MoE.

All experiments are conducted on the MTIL benchmark under task order setting I.

4.5.5.1 Impact of Multi-Modality Router and Dynamic Expert Expansion Mechanisms.

To enable MoE to assist vision-language models in continual learning tasks, we incorporate

a Multi-Modality Router mechanism that facilitates interactions between images and text

to select experts for each sample. Additionally, We introduce a Dynamic Expert Expansion

Mechanism with task-adaptive loss to facilitate the addition of new experts. We conduct ex-

periments to evaluate the impact of these two components on continual learning performance,

with the results presented in Table 4.11.
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The results show that the model performs worst when the Multi-Modality Router is removed

and the router and experts are not increased as tasks grow. Introducing the Multi-Modality

Router improves the model’s performance on three metrics. Furthermore, the best results are

achieved when both two components are adopted, with maximum performance improvements

of 1.6% for “Transfer", 7.1% for “Avg.", and 9.2% for “Last". These experimental results

indicate that leveraging multimodal information for expert selection and dynamically adding

MoE components as tasks increase can both contribute to improving the performance of

vision-language models in continual learning tasks.

TABLE 4.12. Ablation study of Mixture-of-Experts on the number of experts
per task and the top-k of router gates.

Experts per task Top-k of router gates
m Transfer Avg. Last k Transfer Avg. Last

1 68.9 77.8 86.6 1 68.5 74.2 81.0
2 69.4 78.2 87.1 2 69.2 77.5 86.4
3 69.6 78.3 87.3 3 69.4 78.2 87.1

4.5.5.2 Analysis of incremental MoE.

We conduct experiments to explore two parameters in MoE: the number of experts per task m

and the top-k value of the router gates. When changing the number of experts per task m, k is

kept one greater than the number of experts to ensure that the knowledge learned by previous

experts can be utilized. When k is varied, the number of experts is set to 2.

We present the experimental results in Table 4.12. It can be observed that setting the number

of experts per task m to 2 yields acceptable performance. Increasing the number of experts

per task m to 3 brings only a slight improvement in performance, but more experts means

introducing more trainable parameters. Therefore, our experiments ultimately set the number

of experts per task m to 2. On the other hand, when the number of experts per task m is fixed

at 2 and only the top-1 expert is selected, the results are the worst across all three metrics,

especially for “Last". Moreover, when k is set to 3, the model can select not only the newly

added experts but also those trained on previous tasks, thereby leveraging learned knowledge.

This achieves the best performance across all three metrics. On the other hand, when k =
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2, which matches the number of newly added experts, Due to the balance loss, the model

struggles to select the experts trained on previous tasks and leverage the knowledge they carry,

leading to a decrease in performance. Moreover, increasing k to 4 does not yield noticeable

performance gains.

4.5.5.3 Impact of λ.

We introduce a task-adaptive loss to ensure that newly added experts receive sufficient training

in the early training steps, and we set a hyperparameter, λ, to balance the contribution between

different losses. We conducted experiments to investigate the effect of λ on the results, and

the outcomes are presented in Figure 4.2. When λ is set to 0, indicating no task-adaptive loss,

the results across all three metrics are the worst. When λ is greater than 0, all three metrics

show significant improvement, especially “Last," and there is little fluctuation in the results

across the metrics. This demonstrates both the necessity of adding task-adaptive loss and the

model’s insensitivity to the λ parameter. In our experiments, λ is set to 0.05.

FIGURE 4.2. Impact of λ

4.5.6 Discussion

The results of our experiments clearly demonstrate that the integration of dynamic routing

and cross-attention significantly enhances the ability of models to learn incrementally without

forgetting previous knowledge. The dynamic router allows for better expert selection tailored
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to the specific input features, while the cross-attention mechanism enriches the model’s

representation by leveraging multimodal information.

Furthermore, the ablation study confirms the effectiveness of each component, underscoring

the importance of both dynamic routing and multimodal interaction in achieving superior

performance in continual learning tasks.

4.6 Conclusion

In this paper, we proposed a Multimodal MoE architecture and a Dynamic Expert Expansion

Mechanism to address the challenges of applying CLIP in continuous learning scenarios. Our

approach leverages cross-attention to maintain cross-modal alignment and improve expert

utilization, ensuring balanced learning across image and text modalities. Additionally, the

dynamic expansion mechanism enables the model to scale its capacity as new tasks are

introduced, reducing task interference while maintaining computational efficiency. These

innovations provide a scalable and flexible framework for continuous learning, offering

significant improvements in task adaptability and performance.

4.6.1 Limitations and Future Work

While our proposed method shows promising results, certain limitations remain. For instance,

the performance may vary depending on the specific task complexity and the number of

classes. Future work will focus on optimizing the dynamic routing process further and

exploring additional modalities to enhance the model’s adaptability in more complex learning

environments.



CHAPTER 5

Adaptive Input-Side Components for Large Language Models

5.1 Related Work

5.1.1 Subword tokenizer

Subword tokenizers are widely applied in many large language models (LLMs) (Sennrich

et al. 2015; Kudo 2018; Wang et al. 2021; Su 2023; Kudo and Richardson 2018), such as GPT-

3 (Brown et al. 2020), BERT (Devlin et al. 2018), and T5 (Raffel et al. 2020). This is because

subword tokenizers do not face the out-of-vocabulary issues that word-level tokenizers do.

Unlike character-level tokenizers (Sutskever et al. 2011; Radford et al. 2017), they do not

require processing longer sequences at the character level, which significantly increases the

complexity of the models quadratically (Ling et al. 2015). Specifically, BPE (Byte Pair

Encoding) (Sennrich et al. 2015) applies a compression algorithm (Gage 1994) to the task of

word segmentation. Specifically, BPE (Byte Pair Encoding) (Sennrich et al. 2015) applies

a compression algorithm (Gage 1994) to the task of word segmentation. First, the entire

sentence is split into individual characters. Subsequently, the most frequent adjacent pairs

of characters are consecutively merged until the desired vocabulary size is reached. Unlike

BPE, which builds a vocabulary from smaller to larger units, Unigram (Kudo 2018) starts

by preparing a large seed vocabulary. The vocabulary is pruned until it reaches the specified

size. Unlike BPE, which builds a vocabulary from smaller to larger units, Unigram (Kudo

2018) starts by preparing a large seed vocabulary. Under the assumption that each subword

occurs independently, it calculates and ranks how likely the marginal likelihood decreases

when each subword is removed from the current vocabulary. Based on this ranking, the
58
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vocabulary is pruned until it reaches the specified size. Similar to the Unigram framework

and its assumptions, BytePiece (Su 2023) trims the vocabulary based on token frequency

to the required size. In its initial text encoding phase, BytePiece converts the corpus into

bytes, enhancing the training speed of the tokenizer and achieving a higher compression

rate. Obviously, these tokenizers are data-driven (Boecking et al. 2022), with the generated

vocabulary built based on the frequencies of word fragments (Bostrom and Durrett 2020).

However, they cannot directly interact with LLMs to enhance model capabilities (Clark et al.

2022).

5.1.2 Learnable tokenizer

Unlike traditional tokenizers that offer a predefined and fixed vocabulary, learnable token-

izers (Islam et al. 2022; Godey et al. 2022; Thawani et al. 2023; Tay et al. 2021; Sreedhar et al.

2022; Bursztein et al. 2023) can be integrated with large language models into an end-to-end

learning framework, resulting in task-specific tokenization to enhance the performance of

LLMs. MANTa (Godey et al. 2022) introduces a gradient-based tokenization and pooling

module that can be jointly learned with an encoder-decoder LLM (Beltagy et al. 2020).

eChar (Thawani et al. 2023) also introduced a straightforward and effective word pooling

method to achieve end-to-end tokenization. RETVec (Bursztein et al. 2023) embeds words

into a high-dimensional vector with a pre-trained model to be robust against adversarial

attacks. Neural (Islam et al. 2022) adapts the tokenization behavior to the downstream task

after pre-training the tokenization by distilling from a language-specific subword tokenizer.

However, such tokenizers have high requirements for the quantity and quality of the training

data. If the data distribution is unbalanced or contains too much noisy data, it can lead to poor

generalization of the tokenizer and negatively affect the performance of LLMs. For instance,

Neural (Islam et al. 2022) requires a pre-training dataset curated with space-separated tokens

and two carefully crafted heuristics to improve the ground label of the dataset. Therefore,

stringent requirements for the quality of training data limit their widespread application.

In addition, some existing works have applied the concept of adaptive tokenizers in several

fields, such as neural machine translation (Park et al. 2021), domain adaptation (Sachidananda
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et al. 2021), and text generation (Liu et al. 2023c). These task-adaptive tokenizers integrate

tokenizers generated from different data distributions, focusing on how to combine the task-

specific tokenizer with the other one. In contrast, our proposed model, ADAT, is designed

to learn a general tokenizer. Therefore, the purpose of ADAT is different from that of the

aforementioned adaptive tokenizers.

5.2 Motivation

In recent years, large language models (LLMs) have emerged as foundational tools across a

spectrum of applications in natural language processing (Biderman et al. 2023; Brown et al.

2020; Nawrot et al. 2022). From generating human-like text to enabling complex question-

answering systems (Radford et al. 2018), LLMs have proven to be exceptionally versatile and

capable. At the core of these models lies the tokenizer, a critical component that dictates how

natural language is transformed into a format amenable to computational processing. The

effectiveness of a tokenizer directly influences the model’s ability to understand and generate

language, thus playing a pivotal role in the overall performance of the LLM. Recognizing this

integral relationship, it becomes essential to develop tokenizers that are not only effective but

also dynamically adaptable to the evolving architectures of contemporary LLMs.

Current tokenization methods for large language models (LLMs) primarily include Byte Pair

Encoding (BPE) (Sennrich et al. 2015), WordPiece (Wu et al. 2016), and Unigram (Kudo

2018), each serving to enhance text preprocessing by splitting it into manageable subwords.

BPE focuses on reducing the dataset size through a greedy merging strategy based on charac-

ter or subword frequency, effectively addressing the issue of infrequent words by splitting

them into more common subunits. WordPiece, similar to BPE, starts with a base vocabulary

and iteratively refines it by merging the most frequent pairs but incorporates a likelihood max-

imization step, which makes it slightly more context-aware than BPE. Unigram tokenization

operates somewhat inversely, beginning with a large vocabulary and iteratively pruning it

down based on token utility calculated through negative log likelihood, aiming to optimize the

vocabulary against corpus loss metrics. Despite their efficiency in handling large vocabularies
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and improving computational feasibility, these tokenization methods are typically fixed once

developed and are not designed to adapt or learn from the model’s evolving understanding of

language during training.

While traditional tokenization methods have played a key role in improving the efficiency and

performance of large language models (LLMs), they are generally designed independently

of the model’s learning dynamics. As a result, they remain static throughout training and

are not adapted based on the model’s performance or task-specific requirements. These

approaches typically focus on vocabulary compression, which may hinder performance in

complex language tasks that demand greater adaptability and contextual sensitivity.

Recent developments in end-to-end learnable tokenization attempt to address these shortcom-

ings by integrating the tokenization process more tightly with model training. However, such

methods often incur substantial computational overhead—e.g., gradient-based tokenization

and learnable pooling—and lack the portability of traditional tokenizers, which are easily

transferable across architectures.

In this work, we propose a model-coupled tokenization strategy that dynamically adapts

to the evolving performance of the LLM. Specifically, we introduce an adaptive tokenizer

that starts with a broad initial vocabulary and is progressively refined during training based

on the model’s perplexity signals. This enables the tokenizer to co-evolve with the model,

maintaining alignment with its internal learning trajectory. Experimental results demonstrate

that our adaptive tokenizer consistently improves training efficiency compared to conventional

tokenization approaches, highlighting its potential to enhance the overall optimization process

of LLMs.

5.3 Adaptive Tokenizers

For Large Language Models (LLMs), two critical aspects are accuracy and inference speed,

both of which are deeply intertwined with the design of the tokenizer. Specifically, an optimal

vocabulary V with maximum size N in an objective dataset D can be described by the
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following optimization problem:

min
V

Length(Do, V )− λAcc(D,M, V ), |V | ≤ N, (5.1)

where M denotes the trained LLM, Length and Acc denotes the sequence length and accuracy

(or the performance) using vocabulary V in dataset D, and the λ is a hyper-parameter to

balance the two terms. This problem incorporates two primary objectives: given a fixed

vocabulary size, the first is to maximize inference speed given a fixed vocabulary size, and the

second is to maximize model accuracy. However, existing tokenizer schemes typically focus

on one aspect over the other; for instance, traditional frequency-based schemes emphasize

speed, while end-to-end approaches prioritize accuracy. To address this, we propose a

method that optimizes both aspects. Therefore, we introduce an improved approach based on

traditional frequency statistics, termed "adaptive tokenizers." This method aims to refine the

balance between vocabulary efficiency and performance, thereby enhancing both the speed

and accuracy of the model.
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FIGURE 5.1. Illustration of the proposed ADAT pipeline. (a) The traditional
tokenizer algorithm that directly extracts vocabulary from data. (b) The frame-
work of the LLM-enhanced tokenizer, iteratively refining vocabulary based
on model feedback. (c) Overview of ADAT, encompassing initial tokenizer
acquisition, training and inference to derive token losses, token pruning based
on scores and losses.
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5.3.1 Unigram Model

Traditional tokenization methods generally fall into two categories: one approach, exempli-

fied by Byte Pair Encoding (BPE) and WordPiece, starts with a small set of symbols and

incrementally builds a larger vocabulary by merging the most frequent adjacent pairs. The

other approach, typified by the Unigram method, begins with a large initial vocabulary which

is progressively pruned based on token utility, a method found to generally offer superior

performance due to its probabilistic foundation.

The Unigram model operates on the principle that the probability of a sentence is determined

by the individual probabilities of its tokens. Here we briefly review the Unigram model. Ini-

tially, a large vocabulary V is established. This extensive initial set includes potentially every

unique word or subword unit observed in the training corpus, ensuring that the vocabulary

can cover all possible textual inputs. The process of refining the vocabulary involves several

key steps repeated in cycles: 1. Probability Estimation: For each token xi in the current

vocabulary, we calculate its probability p(xi) based on its frequency of occurrence in the

corpus. 2. Loss Calculation: We then compute the loss for each token, which is determined

by how much the overall loss of the model would decrease if that token were removed. The

loss function is calculated as:

LP (V ) =

|V |∑
s=1

log(p(X(s)) =

|V |∑
i=1

log(
P∑

x∈S((X(s))

(x)), (5.2)

where S(X) is a set of segmentation candidates built from the input sentence X , and x =

(x1, ..., xK) is a subword sequence that P (x) =
∏K

i=1 p(xi). The loss for each token xi is

then formulated as LP (xi) = LP (V )− LP (V − xi). 3. Token Pruning: Tokens are ranked

according to their calculated loss. Finally, a proportion of tokens contributing the most to

increasing the overall loss is pruned from the vocabulary.
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5.3.2 LLM-Enhanced Tokenization

To enhance the integration of Large Language Models (LLMs) with our tokenization process,

we have developed a simple but effective refined method for calculating the loss associ-

ated with each token, incorporating insights directly from the LLM’s performance metrics.

This approach aims to optimize the tokenizer’s vocabulary to better align with the LLM’s

understanding and generation of text. The framework is illustrated in Figure 6.1.

Our revised loss calculation method integrates the traditional Unigram model’s frequency-

based loss with a performance-driven loss derived from an LLM. Specifically, we first train

an LLM M in the vocabulary D using a training dataset T . This model is designed to capture

the linguistic nuances relevant to the tasks it is trained for, providing a robust framework

for assessing token utility. For each token xi in the vocabulary, we measure its individual

contribution to the model’s error using a cross-entropy loss function. The loss for each token

is calculated as:

LM(xi) =
∑
xi∈T

CE(M(xi−1), xi). (5.3)

Here, CE represents the cross-entropy function, M(xi−1) is the LLM’s output given the

previous token xi−1, and xi is the actual next token. This formula assesses how well the LLM

predicts each token following its predecessor, providing a direct measure of each token’s

impact on model performance. Finally, The cross-entropy loss for each token is then combined

with the traditional Unigram frequency-based loss. This combined loss ensures that tokens

are evaluated not only on their frequency of occurrence but also on their actual contribution

to the LLM’s task performance. The final loss for pruning the vocabulary is given by:

L(xi) = F (LP (xi),LM(xi)), (5.4)

where F (·, ·) is a function to balance the importance of frequency-based loss and LLM-

driven loss, which will be discussed in experiments. Using this enhanced loss metric, we

iteratively refine the vocabulary by pruning tokens that contribute the least to the combined

loss, thus optimizing the vocabulary for both general language understanding and specific
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task performance. This process continues until the vocabulary is compact enough to manage

while still being comprehensive enough to support the LLM effectively.

5.3.2.1 Random sampling

In the training of Large Language Models (LLMs), ensuring that each token within the

set vocabulary receives equal and substantial training is crucial to prevent loss bias due to

uneven training. While iterating over all possible tokenizations of the training corpus would

ideally provide the most comprehensive learning experience, this approach is computationally

prohibitive due to the immense variety of potential segmentations. To address this, we

adopt the classic Viterbi algorithm (Viterbi 1967) to perform randomized tokenization of

the training data. This method allows for a diverse and balanced exposure of all tokens

within the vocabulary to the learning process. The Viterbi algorithm efficiently determines

the most probable tokenization paths through a probabilistic model of token occurrence,

which significantly reduces the computational overhead compared to exhaustive methods. By

leveraging this approach, our LLM can learn each token in the vocabulary more uniformly,

enhancing the overall robustness and performance of the model.

5.3.2.2 Loss momentum

In the iterative process of training Large Language Models, maintaining the stability of the

vocabulary is crucial to ensure consistent learning outcomes. To achieve this, we propose a

momentum-based improvement for calculating the loss during each iteration. Specifically, the

loss for iteration j of token xi, denoted as Lj(xi), is not solely computed based on the current

data but is also weighted by the loss from the previous iteration Lj−1. This approach allows

for a smoother convergence and mitigates fluctuations in training dynamics. The formula for

updating the loss at each iteration is given by:

Lj
momentum(xi) = βLj−1

momentum(xi) + Lj(xi), (5.5)

where β is the momentum coefficient that controls the extent to which the previous loss

influences the current loss. This methodology not only stabilizes the vocabulary updates
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across iterations but also enhances the model’s ability to generalize from the training data by

reducing the variability in loss across successive training epochs.

5.4 Experiments

In this section, we outline the comprehensive experimental framework designed to assess

the effectiveness of our proposed tokenizer, Adaptive Tokenizer (ADAT), in comparison

to established methods such as Byte Pair Encoding (BPE) (Sennrich et al. 2015) and the

Unigram model (Kudo 2018). These evaluations utilize the Pythia (Biderman et al. 2023) suite

of models at various scales, leveraging a substantial corpus to ensure robust and generalizable

results.

5.4.1 Experimental Setup

5.4.1.1 Model Framework

We deploy the Pythia framework (Biderman et al. 2023) for its lightweight design and adapt-

ability across different computational setups. Pythia’s flexibility facilitates reproducibility and

consistent assessment of performance, making it an ideal choice for evaluating the scalability

and efficiency of various tokenization strategies across model sizes of 70M, 160M, and 410M

parameters.

5.4.1.2 Data Corpus

The study utilizes a substantial corpus extracted from The Pile (Gao et al. 2020), consisting

of 56GB of raw data across 91 files. We specifically excluded subsets from DM_Mathematics

and Github to ensure the relevance and quality of the data. The remaining data, approximately

16 billion tokens after a random shuffle, was tokenized using a Unigram (Kudo 2018) tokenizer

with a vocabulary size of 50,000 tokens.
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5.4.1.3 Baseline Methods

Our investigation compares four tokenization methods: Bytepiece (Su 2023), Byte Pair

Encoding (BPE) (Sennrich et al. 2015), Unigram (Kudo 2018), and our proposed ADAT.

These tokenizers were selected based on their established efficacy in handling large corpora

and their theoretical implications for processing complex linguistic data.

5.4.1.4 Evaluation Metrics

The effectiveness of each tokenization strategy is rigorously evaluated using several metrics.

These include Perplexity (PPL), which measures the model’s predictive accuracy, and Com-

pression Rate, assessing how efficiently the tokenization process reduces vocabulary size

while preserving linguistic diversity. We calculate PPL for all models on PG19 (Rae et al.

2019) dataset. Specifically, we use its test set and the first 2048 tokens for each book. Fur-

thermore, we use the Language Model Evaluation Harness (Gao et al. 2023a) to run five-shot

evaluations on eight common language modeling benchmarks: Lambada (OpenAI) (Paperno

et al. 2016), PIQA (Bisk et al. 2020), WinoGrande (Sakaguchi et al. 2019), ARC-Easy (Clark

et al. 2018), ARC-Challenge (Clark et al. 2018), SciQ (Johannes Welbl 2017), LogiQA (Liu

et al. 2020), and SST-2 (Socher et al. 2013; Wang et al. 2018), to provide a comprehensive

insight into each method’s capabilities.

By analyzing the impact of tokenization on model scalability and the influence of vocabulary

size variations, this study aims to enhance our understanding of how tokenization strategies

can optimize language models for efficiency and linguistic performance. The findings are

expected to contribute significantly to the development of more robust and adaptable language

processing tools, catering to a wide array of NLP applications. The Pythia models are trained

using a corpus of 15B tokens, where training the 70M model consumes approximately 48

GPU hours with FlashAttention (Dao et al. 2022). The models used for loss calculation

require additional 2 GPU hours.
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5.4.2 Tokenization Methods Evaluation

In this section, we examine the effects of different tokenization strategies on the training

effectiveness. The core objective is to explore how variations in the vocabulary, induced by

different tokenization methods, affect model training and performance.

Baseline tokenization methods (BPE, Unigram, BytePiece) generate a vocabulary with 50,000

tokens directly with initial data, which is 1/10th of the training corpus (around 1.5 billion

tokens). For the proposed ADAT, the initial vocabularies is created with Bytepiece or Unigram

with 150,000 tokens. Then it is subsequently refined to 50,000 tokens through 5 iterative steps,

aligning with the baseline size. In each step, a randomly initialized model is trained on about

0.3 billion tokens from the initial data. The obtained model then performs inference on a 0.1

billion token subset, during which token loss is calculated. This loss data, combined with

token frequency using the formula a
λ log(b+1)

, informs vocabulary pruning. Ablation study on

conbination manners will be disscussed in Sec. 5.4.6.4. The Pythia-70M model is selected due

to its moderate size and efficiency, which help mitigate the complexities associated with larger

model architectures. The model is initialized with random weights and subjected to a single

epoch of training using pre-training data processed with vocabularies created through different

tokenization methods. The baseline methods—BPE, Unigram, and BytePiece each produced

a vocabulary directly from 1/10th of the training corpus (around 1.5 billion tokens), and is

consite of 50,000 tokens. The size is same as the setting of Pythia (Biderman et al. 2023).

The proposed tokenizer approach initially obtains larger vocabularies of 150,000 tokens using

baseline methods, such as Unigram. Then it is methodically reduced to 50,000 tokens through

5 iterative steps, aligning with baseline sizes. In each step, a randomly initialized model is

trained using one-fifth of the initial corpus, approximately 0.3 billion tokens. This model is

then deployed for inference on a smaller subset of the corpus, consisting of 0.1 billion tokens,

during which the loss associated with each token is recorded. This loss data is integrated

with the token frequency with the manner of a
λ log(b+1)

to serve as the basis for pruning the

vocabulary.
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TABLE 5.1. Comparison of Different Tokenization Methods in Terms of PPL
and Accuracy Across Multiple Datasets.

Metric BPE BytePiece +ADAT(Ours) Unigram +ADAT(Ours)

PPL 22.31 71.5 67.19(-4.31) 16.52 6.97(-9.55)

ARC-C 17.32± 1.11 18.69± 1.14 18.94± 1.15 19.54±1.16 18.46± 1.12
ARC-E 37.58± 0.99 33.80± 0.97 33.71± 0.97 37.04±0.99 40.57±0.99
Boolq 61.28± 0.85 42.12± 0.87 62.20±0.85 53.06± 0.87 61.19± 0.85
Lambda 10.89± 0.43 8.80± 0.39 13.55± 0.48 17.27± 0.53 17.97±0.52
LogiQA 23.04± 1.65 20.28± 1.58 22.27± 1.63 23.20± 1.66 24.22±1.70
PIQA 59.25± 1.15 57.83± 1.15 56.96± 1.16 60.50±1.14 59.93± 1.14
SciQ 66.60± 1.49 54.01± 1.58 51.90± 1.58 68.10± 1.47 72.40±1.44
SST-2 51.26± 1.69 49.08± 1.69 50.23± 1.69 49.77± 1.69 54.24±1.69
Winogrande 49.96± 1.41 50.31± 1.41 49.41± 1.41 51.46± 1.40 51.62±1.40

Avg. (%) 41.91 37.21 39.91(+2.70) 42.22 44.51(+2.29)

The models underwent a comprehensive evaluation using multiple benchmark datasets to

assess their post-training linguistic processing capabilities. As illustrated in Table 5.1, our

method achieves its best performance when initialized with the Unigram vocabulary, recording

a score of 44.51. This score represents a considerable improvement of 2.29 points over the

standard Unigram model and surpasses the BPE model by 2.6 points. Additionally, our

approach shows a notable enhancement of 2.7 points when utilizing BytePiece as the initial

vocabulary. Although the BytePiece vocabulary generally exhibits inferior baseline results,

our method effectively elevates its performance, indicating robustness across both high-quality

(Unigram) and lower-quality (BytePiece) vocabularies. These results not only affirm the

efficacy of our method but also demonstrate its adaptability to different initial conditions,

thereby validating its potential for broad adeptness on diverse vocab initialization.

5.4.3 Scalability

This subsection explores the scalability of the proposed tokenization methods across different

configurations of the Pythia model, specifically examining their performance across models

with 70M, 160M, and 410M parameters. Scalability in this context refers to the ability of the

tokenization methods to maintain or enhance performance as model size increases, an essential

attribute for practical applications in machine learning and natural language processing.
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TABLE 5.2. Evaluation on Three Different Model Scales: 70M, 160M, and
410M.

Metric 70M 160M 410M
Unigram ADAT Unigram ADAT Unigram ADAT

PPL 16.52 6.97(-9.55) 13.97 6.19(-7.78) 10.92 5.78(-5.14)

ARC-C 19.54±1.16 18.46± 1.12 18.69± 1.14 18.94±1.15 20.82±1.19 19.29± 1.21
ARC-E 37.04±0.99 40.57±0.99 39.52± 1.00 42.87±1.01 44.65± 1.02 46.69±1.03
Boolq 53.06± 0.87 61.19±0.85 58.56±0.86 57.68± 0.86 54.80± 0.87 60.81±0.87
Lambda 17.27± 0.53 17.97±0.52 19.06± 0.55 25.02±0.60 27.81± 0.62 28.94±0.66
LogiQA 23.20± 1.66 24.22±1.70 25.65±1.71 25.04± 1.65 23.20± 1.66 24.32±1.68
PIQA 60.50±1.14 59.93± 1.14 60.83± 1.14 61.86±1.14 63.38± 1.12 64.61±1.11
SciQ 68.10± 1.47 72.40±1.44 72.10± 1.42 79.60±1.28 80.70± 1.25 83.50±1.14
SST-2 49.77± 1.69 54.24±1.69 52.06± 1.69 52.78±1.69 50.69± 1.69 54.71±1.69
Winogrande 51.46± 1.40 51.62±1.40 49.88± 1.41 50.69±1.41 52.41± 1.40 52.93±1.41

Avg 42.22 44.51 44.04 46.05 46.50 48.42

We examine the scalability of a proposed tokenization method that tailors the vocabulary

to model size, unlike the static Unigram method which maintains a consistent vocabulary

across various model capacities. We evaluate this scalability across models with 70M,

160M, and 410M parameters to understand its impact on performance. The scalability of

the tokenization methods is tested using the Pythia framework configured at three different

levels of computational complexity: 70M, 160M, and 410M parameters. For each model size,

our method generates an optimized vocabulary specific to that configuration, allowing us to

analyze how adjustments in vocabulary affect performance as model size increases. In contrast,

the Unigram method employs a uniform 50,000-word vocabulary across all sizes, serving

as a baseline. We gauge performance using Perplexity (PPL) and scores from benchmark

datasets designed to assess the linguistic capabilities of each model under various conditions,

providing insights into the efficiency and adaptability of the tokenization methods at scale. For

training larger models, the same volume of data will lead to insufficient warm-up, potentially

resulting in a slight decline in the accuracy of loss computations used for determining token

priority. As a result, we increase the data volume for training the loss calculation model

according to the size of model.

The results of this experimental framework, as presented in Table 5.2, indicate substantial

performance variations across different model sizes employing varied tokenization strategies.
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Specifically, average performance scores across all evaluated metrics demonstrate consistent

improvements with increases in model sizes: ADAT achieves a score of 44.51 in the 70M

model, significantly surpassing Unigram’s 42.22; 46.05 compared to 44.04 in the 160M

model; and 48.32 versus 46.50 in the 410M model. These findings highlight the superior

efficacy of ADAT in managing diverse model volumes compared to the more static approach

of Unigram, which exhibits limited scalability with increasing model size. Remarkably, the

performance of the 70M model using ADAT exceeded that of the Unigram on the 160M

model by nearly 5%, illustrating the substantial enhancement and ability of our method to

bridge a parameter gap of over double. Furthermore, the performance of our 160M model

approaches that of the 410M model, emphasizing the robust adaptability of the ADAT method

across varying computational scales.

TABLE 5.3. Cross-Model Adaptability of Vocabularies. Performance of
vocabularies obtained from different models when applied to models of other
sizes.

Model Size Unigram 70M-Model Vocabulary 410M-Model Vocabulary

70M 42.22 44.51 42.62
160M 44.04 45.03 45.83
410M 46.50 47.66 48.42

5.4.4 Cross-Model Adaptability

This experiment evaluates the adaptability of vocabularies generated by our proposed token-

ization method across various configurations of the Pythia model, particularly assessing

whether vocabularies optimized for one model size can effectively scale to others. We initially

create vocabularies using the 70M and 410M configurations. These are then used to train

models at both scales to evaluate performance in downstream tasks, allowing us to assess

how vocabularies designed for a specific size perform when applied to both smaller and larger

models, thus examining their cross-model adaptability.

Table 5.3 illustrates the cross-model adaptability of vocabularies across different model sizes.

By applying vocabularies derived from different model sizes to various models, we observe

that vocabularies generated by the 70M and 410M models surpass the performance of the
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standard Unigram model. This indicates the adaptability of the ADAT vocabularies across

different model sizes. Furthermore, we note that the vocabulary from the 410M model

achieves only a marginal improvement of 0.4 when applied to the 70M model, significantly

less than the 2.29 increase afforded by the 70M model’s vocabulary. This suggests that the

vocabularies selected by ADAT possess a strong capacity for targeted optimization, enabling

the selection of tokenization strategies that are specifically tailored to the characteristics of

different models.

5.4.5 Model and Vocabulary Size

The experiment aims to assess the impact of different tokenizer strategies on model perform-

ance across two vocabulary sizes, comparing a standard 50,000-token set with a reduced

30,000-token set. We utilize two configurations of the Pythia model—70M and 160M—to

explore how vocabulary size influences model efficiency. Each model is tested using both the

standard Unigram and our proposed tokenization method. This setup allows us to directly

observe the effects of reduced vocabulary sizes on the performance dynamics, providing

insights into how smaller vocabularies impact the computational efficiency and efficacy of

language models.

The experimental results, as presented in Table 5.4, support the hypothesis that changes in

vocabulary size can significantly affect model performance, with different impacts observed

across varying model sizes. For large language models, it is common for models of vastly

different sizes to utilize vocabularies of similar or identical sizes (Biderman et al. 2023;

Touvron et al. 2023). This practice can lead to issues of performance or efficiency. Our

method offers a more effective solution by tailoring tokenization strategies to the specific

sizes of models, thereby mitigating these challenges. For the 70M model, ADAT achieved a

notable improvement in accuracy from 42.22 to 44.51 (+2.29) and a substantial reduction in

perplexity from 16.52 to 6.97 when using a 50,000-word vocabulary. Even with a reduced

vocabulary of 30,000, ADAT enhances accuracy to 43.33 (+2.40) and decreases perplexity to

7.38, suggesting robustness against vocabulary size reduction. In contrast, the 160M model,

which has a greater parameter capacity, also shows improvements with ADAT: accuracy
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TABLE 5.4. Impact of Vocabulary Size on Model Performance Across Differ-
ent Model Sizes.

Model Size Vocabulary Size Tokenization Method Accuracy Perplexity (PPL)

70M
50,000 Unigram 42.22 16.52

ADAT 44.51(+2.29) 6.97

30,000 Unigram 40.93 32.53
ADAT 43.33(+2.40) 7.38

160M
50,000 Unigram 44.04 13.97

ADAT 46.05(+2.01) 6.19

30,000 Unigram 43.08 15.21
ADAT 45.26(+2.14) 6.11

increases from 44.04 to 46.05 (+2.01), and perplexity drops sharply from 13.97 to 6.19 for

the 50,000 vocabulary size. With a 30,000 vocabulary, accuracy still increases to 45.26

(+2.14), and perplexity remains low at 6.11, underscoring that larger models not only handle

vocabulary reductions well but also benefit significantly in terms of computational efficiency

and model quality.

5.4.6 Ablation Study

This ablation study is structured into three distinct parts to explore how variations in the infer-

ence corpus size used for calculating token loss, initial vocabulary sizes, momentum strategy,

and balance function F (a, b) influence the efficacy of our proposed tokenization method on a

70M parameter model. More ablation results can be referred to in the supplementary.

5.4.6.1 Corpus Size used in Loss Calculation

We conducted an experimental study to investigate the effects of varying corpus sizes on the

accuracy of token loss calculations. The experiment assessed the performance of models

trained on different sizes of inference data, specifically 1 million (1M), 10 million (10M), and

100 million (100M) tokens. The results are summarized in the table 5.5.

These results indicate a direct correlation between the volume of the corpus used during

the loss calculation phase and the overall accuracy of token loss estimates. When smaller
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TABLE 5.5. Ablation Study Results on Inference Data Tokens, Initial Vocabu-
lary Size, Momentum, and different choice of Balance F (a, b).

Infer Data Volume Initial Vocabulary Size Momentum Balance F (a, b)
Tokens Acc. Init Size Acc. Methods Acc. Methods Acc.

1M 43.13 75k 43.42 Unigram 42.20 a− λb 42.70
10M 43.74 100k 43.78 ADAT+By 44.51 log(a)− λb 43.23
100M 44.51 150k 44.51 -w/o Mnt. 43.16 a/λ log(b+ 1) 44.51

corpora are used, a significant number of tokens are absent, resulting in numerous instances

where loss values cannot be computed. Furthermore, the precision of token loss estimations

tends to decrease with smaller data sets. Even with just 1M tokens, there was a noticeable

improvement over the baseline unigram vocabulary accuracy of 42.22. This enhancement

became more pronounced with larger data volumes, reaching an increase of 44.51 in accuracy

with 100M tokens.

5.4.6.2 Initial Vocabulary Size

This segment of our study assesses the effect of different initial vocabulary sizes on model

performance. Adjusting the vocabulary from a baseline of 150,000 tokens to either 100,000

or 75,000 tokens, we explore the influence of vocabulary scale on training outcomes. The

results, detailed in Table 5.5, illustrate the trade-offs associated with varying vocabulary sizes.

From the experiment, it is evident that models equipped with a larger initial vocabulary of

150,000 tokens tend to achieve lower Perplexity and higher Accuracy, indicating a robust

ability to capture diverse linguistic nuances that significantly enhance performance. In

contrast, reducing the vocabulary size to 75,000 tokens results in increased perplexity and

decreased accuracy, highlighting a potential compromise in linguistic detail that adversely

affects model functionality, especially in complex linguistic scenarios.
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5.4.6.3 Momentum Strategy

This experiment evaluates the impact of incorporating a momentum strategy into our tokeniz-

ation algorithm’s vocabulary pruning process. The performance of vocabularies pruned under

both the momentum and non-momentum conditions is directly compared in Table 5.5.

The results in Table 5.5 demonstrate that the momentum approach significantly enhances

model accuracy, with a notable improvement from 43.16% to 44.51% in the ADAT method

with Unigram initialization vocabulary when momentum is applied. Similarly, the Unigram

method shows a baseline performance of 42.20% accuracy. These results confirm that

integrating momentum allows for a more refined pruning process by effectively utilizing

historical performance data to make more informed decisions, thereby preserving valuable

linguistic features.

5.4.6.4 Balance Strategy

In this ablation study, we investigate various functions to balance token frequency and loss

value in our tokenization algorithm. The primary objective is to adhere to the principle that

tokens with higher frequency and lower loss should be assigned higher priority. Given the

significant difference in their magnitudes, we explored subtraction and division methods. We

evaluated three functions, detailed in Table 5.5. Here, λ is a scaling factor introduced to adjust

the balance between frequency and loss, and we set it as 1 in practice.

The results demonstrate that the subtraction methods a−λb and a−λ log(b) yielded accuracies

of 42.70 and 43.23 respectively. These results indicate relatively poor performance, even with

the logarithmic transformation applied to the score log(a)− λb. This underperformance is

likely attributable to the significant disparity in the magnitudes of frequency and loss values,

which the subtraction methods struggle to reconcile effectively. In contrast, the division

method a
λ log(b+1)

significantly outperformed the subtraction approaches with an accuracy of

44.51. This superior performance suggests that the division method more naturally balances

the influence of frequency and loss by scaling the loss logarithmically before the division,

thereby mitigating the impact of numerical range discrepancies. This method’s ability to
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integrate frequency and loss without requiring additional adjustments for scale disparities

results in more stable and effective prioritization of tokens.

5.4.7 Additional analysis experiments

5.4.7.1 Analysis of the Compute Costs

To prove that the proposed method is feasible in practice. We analyzed the empirical runtime

introduced by ADAT. To measure runtime, we used 8 NVIDIA A100 GPUs, an Intel 8378A

CPU, and PyTorch 2.1.2 with CUDA 12.1. The tokenizer optimization involves 5 epochs,

where each epoch consists of training the LLM on a 0.3B corpus, followed by inference on a

0.1B corpus, and concludes with a vocabulary pruning step (90 seconds for a 100K tokens

vocabulary). Therefore, the total computational cost of the tokenizer optimization process is

calculated as:

5×(0.3B training+0.1B inference+ pruning time) = 1.5B training+0.5B inference+450s.

ADAT introduces an additional training cost of 1.5B tokens and an inference cost of 0.5B

tokens, along with minimal vocabulary pruning time. Compared to the hundreds of billions or

even trillions of tokens required for LLM training, these computational costs are negligible.

As shown in Table B.1, the full-scale training of the LLM incurs significantly higher compu-

tational costs. For instance, when training models with a 16B and 60B corpus, the tokenizer

optimization accounts for only 4.17% and 1.04% of the total training time, respectively.

The Pythia-70M model takes 510 GPU hours to train with the full Pile dataset (Biderman

et al. 2023), and exceeds the tokenizer optimization’s computational cost by over 255 times.

Therefore, the additional computational cost introduced by our method is minimal, making it

feasible in practice.

TABLE 5.6. Comparison of ADAT Optimization Runtime and Training Time
Across Different Model Sizes.

Tokenizer Opt. Training on 16B Training on 60B Pythia Report

Runtime 2 GPU hours 48 GPU hours 192 GPU hours 510 GPU hours
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5.4.7.2 Compression Rate results.

The compression rate of the proposed model and baselines across Pythia model1-70M models

are shown in Table 5.7.

TABLE 5.7. Performance comparison of different tokenization methods.

Metric BPE BytePiece ADAT+By Unigram ADAT+U

Compression Rate 4.38 4.81 4.98 3.96 2.91

5.4.7.3 Analysis of Differences Between Vocabularies

To illustrate the differences between the vocabulary results obtained by ADAT and those from

unigram, we calculated the overlap ratio of the two token sets as follows:

Ratio = |Avocab ∩Bvocab|/|Avocab ∪Bvocab|. (5.6)

Where ∩ and ∪ denote the intersection and union of two sets, respectively, we present the

overlap ratios between the tokenizers obtained using ADAT and Unigram on different models

under the same vocabulary size setting, as well as the overlap ratios between these tokenizers

themselves in Table 5.8. As shown in Table 1, there are significant differences between the

vocabulary generated by ADAT and that generated by unigram. This disparity arises because

ADAT is not entirely data-driven in its vocabulary generation process. By incorporating

the loss from the LLM, ADAT can simultaneously focus on enhancing the performance of

the LLM. Additionally,the overlap ratio between ADAT-160M and ADAT-410M is higher

than that between ADAT-160M and ADAT-70M. This also indirectly explains why, as shown

in Table 5.3, the tokenizer generated by ADAT-410M is more suitable for Pythia-160M

compared to the tokenizer generated by ADAT-70M.

To compare the vocabulary obtained by ADAT with the initial vocabulary, we sorted the

100k initial vocabulary by score in descending order and calculated the percentage of tokens,

1with Apache-2.0 license
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TABLE 5.8. Comparison between Vocabulary of ADAT and Unigram.

Unigram vs. ADAT
Model size Ratio Model size Ratio

ADAT-70M 0.18 70M | 160M 0.71
ADAT-160M 0.19 70M | 410M 0.69
ADAT-410M 0.21 160M | 410M 0.84

pruned by ADAT, that fall into each score interval. As shown in Table 5.9, ADAT-70M-50K

tokens are most densely distributed not in the 0-25% interval, indicating that ADAT relies

not only on token frequency but also on the prediction difficulty of tokens in the LLM during

training.

TABLE 5.9. Comparison with the Initial Vocabulary (100k size): Percentage
of Tokens Falling into Each Score Interval.

Vocabulary 0-25% 25-50% 50-75% 75-100%

Unigram-50k 54.75% 23.95% 8.11% 13.19%
ADAT-70M-50k 21.43% 31.60% 32.72% 14.24%

5.4.7.4 Impact of Training Epochs

We investigate the effects of varying the number of training epochs for developing the

vocabulary. Specifically, the model is trained using vocabularies that have been developed

over 3, 5, and 7 epochs. The model is initialized with random weights for each training

session to evaluate the immediate impact of the epoch variation.

As shown in Table 5.10, the results from varying the number of training epochs suggest a clear

relationship between training duration and vocabulary efficacy. Before the epoch reaches

a certain value (5 epochs), increasing the number of epochs benefits accuracy, indicating a

more refined and effective vocabulary. However, accuracy does not significantly improve with

further increases in the number of epochs. This suggests that, given the specified vocabulary

size, ADAT can quickly and efficiently learn an appropriate vocabulary without the need for

prolonged training over many epochs. Therefore, in our experiments, the default number of

training epochs is set to 5.
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TABLE 5.10. Impact of Training Epochs on Model Performance.

Training Epochs Accuracy

3 43.67
5 44.51
7 44.58

5.4.7.5 Expanded Analysis on Infer Data Volume Tokens and Initial Vocabulary Size

we have expanded the analysis of ‘infer data volume tokens’ and ‘initial vocabulary size’—both

variables are explored within and beyond settings in Table 5.5. The expanded results are

displayed in the table 5.11. We observe that an inference data volume of 100M tokens is

sufficient, with larger volumes yielding only marginal improvements. Regarding the initial

vocabulary size, increasing it to 150K is important to enhance performance. However, when

it increases to 200K, the score shows almost no improvement, indicating that the 150K

vocabulary likely already includes most of the potential final candidate tokens. Therefore,

further increasing the initial vocabulary size will not bring additional benefits.

TABLE 5.11. Results for different Infer Data Volume Tokens and Initial
Vocabulary Sizes.

Infer Data Volume Tokens 75K 100K 150K 200K

1M 42.89 43.07 43.13 43.20
10M 43.19 43.39 43.74 43.77
100M 43.42 43.78 44.51 44.56
1000M 43.45 43.83 44.53 44.57

5.5 Conclusion

In this paper, we have presented a novel approach to tokenizer design that integrates key

aspects of both accuracy and inference speed, addressing the inherent limitations found in

existing tokenizer schemes. By innovating beyond the traditional frequency-based and end-

to-end methodologies, our adaptive tokenizer framework strategically optimizes vocabulary

construction, ensuring both rapid processing and high precision in language modeling tasks.

Our results demonstrate that the adaptive tokenizer significantly enhances the performance of
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Large Language Models (LLMs) across various benchmarks, providing a balanced solution

that does not sacrifice speed for accuracy or vice versa. Future work will focus on refining

these adaptive tokenization techniques, exploring further integration with neural network

architectures, and expanding their applicability to a broader range of languages and complex

linguistic tasks.



CHAPTER 6

Adaptive Output-Side Components for Vision Transformers

6.1 Related Work

6.1.1 Natural language prompting and visual prompting

Prompt-based learning in natural language processing is a new paradigm that adapting frozen,

pre-trained language models to diverse downstream scenarios (Liu et al. 2023a; Ma et al.

2023). Inspired by the purpose of prompting that adapting a frozen pre-trained model by

modifying the data space, Visual Prompting (Bahng et al. 2022) designs a specific prompt

for each task and applies it to the input. In addition, Visual-Prompting Tuning (Jia et al.

2022) are specially proposed for Transformer pre-trained model, adding learnable parameters

into Transformer’s first or every input layer. The new paradigm "prompting-based learning"

in natural language processing and vision enables pre-trained models to be easily applied

to various downstream tasks while consuming minimal memory space and computational

resources (Schick and Schütze 2020; Sohn et al. 2023).

6.1.2 Label mapping for visual prompting

Label mapping (LM) are applied in various machine learning tasks such as transfer learn-

ing (Sang et al. 2022; Wu and He 2020), domain adaptation (Kurmi and Namboodiri 2019;

Zhao et al. 2021; Le et al. 2021), and instance segmentation (Hu et al. 2023). Unlike the afore-

mentioned tasks where LM is integrated into the model, trainable parameters are only present

in the input, and the entire pre-trained model is inaccessible in visual prompting (Bahng et al.

2022). Consequently, LM has to independently assign source labels to target labels. The
81
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existing label mapping methods in visual prompting are not yet mature. Firstly, random-based

label mapping strategies are employed in visual prompt methods (Bahng et al. 2022; Li et al.

2023b; Huang et al. 2023). In addition, frequency-based mapping (Tsai et al. 2020; Chen et al.

2021c; Chen et al. 2023) maps target labels to source labels by the prediction frequencies of

pre-trained model on the target dataset. These methods overlook the potential to alleviate the

training burden on input prompts during label mapping. In contrast, our proposed method

minimizes the cost when mapping labels.

6.1.3 Optimal transport in machine learning

Optimal Transport (OT) is a mathematical framework of seeking the most cost-efficient way

to transport mass from one distribution to another (Villani et al. 2008). After the emergence of

new methods addressing high computational cost issues (Bonneel et al. 2015; Bai et al. 2023),

OT has found extensive application across various domains in machine learning, such like

Generative Adversarial Networks (Arjovsky et al. 2017; Salimans et al. 2018; Korotin et al.

2022), diffusion models (Gu et al. 2023; Lipman et al. 2022), and domain adaptation (Courty

et al. 2017; Damodaran et al. 2018; Gu et al. 2022; Courty et al. 2016). WGAN (Arjovsky

et al. 2017) replaces the KL divergence in traditional GANs with the Wasserstein distance. To

the best of our knowledge, Optimal Transport has not yet been employed to tackle the Visual

Prompting challenge.

6.2 Motivation

As the amount of data and computational resources increases, large models trained on extens-

ive datasets are able to effectively capture general features (Dosovitskiy et al. 2020b; Chen

et al. 2021b), which present impressive generalization ability on adapting to other datasets.

Following this, the ‘pretraining and finetuning’ paradigm—finetuning a pre-trained model on

unseen datasets— has achieved notable success and been with widespread application (Bao

et al. 2021). However, this approach encounters certain limitations in practical applications.

As pre-trained models are often typically large (e.g. 632 million parameters in ViT-Huge),
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there is nearly no chance to deploy several models fine-tuned on different datasets for a

variety of scenarios, which would involve unacceptable memory requirement for storing these

models with large volume. Moreover, fully finetuning them for each task incurs extensive

computational costs, expanding to a broader range of downstream tasks (Pfeiffer et al. 2020).

Drawing inspiration from the outstanding performance of prompting in the NLP domain,

Visual Prompting (VP) is proposed to solve this problem (Bahng et al. 2022). VP reinterprets

the problem of adapting a frozen, pre-trained model to an unseen dataset as a data-space

adaptation by transforming both the input and the output. Specifically, a small amount

of learnable perturbations is introduced into the input. On the output side, label mapping

provides a function to map source labels to target labels. This strategy introduces two

significant advantages. Firstly, VP considerably reduces the number of parameters requiring

tuning. More importantly, it maintains the pre-trained model unchanged, enabling various

scenarios to share the same pre-trained model identically. Consequently, this leads to a

substantial reduction in both memory requirements and computational expenses.

In visual prompting, only a limited number of learnable parameters are introduced, in the

form of prompts that are incorporated with images before the first layer. Therefore, how to

efficiently utilize the adaptation capability provided by prompts is a research topic worth

exploring. Some approaches aim to enhance the adaptation capability of prompts through

input transformation. For instance, DAM-VP (Huang et al. 2023) offers unique prompts for

each subset rather than a universal prompt for all images, aiming to address the challenges

posed by highly diverse downstream datasets. Nonetheless, this method necessitates additional

training data for clustering and leads to an increase in the number of parameters.

While significant attention has been dedicated to innovations at the input, the transformation

applied to the output plays an equally pivotal role within the VP framework. Often referred to

as label mapping, this transformation is crucial for aligning the pre-trained model’s source

domain labels with the target domain’s labels. Label mapping serves to correlate the model’s

source domain classification outcomes with meaningful labels of the target domain. Several

methodologies for label mapping have been explored. For example, random-based label

mapping is employed in Prom-PATE (Li et al. 2023b). Hard-coded label mapping is utilized
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in the output transformation of VP (Bahng et al. 2022), simply hard-coding the first n outputs

of the model layer directly to the task data categories. Apparently, random-based methods do

not consider the rationality of the mapping at all. Such random methods completely discard

the information of labels. Another kind of label mapping method is frequency-based label

mapping (Chen et al. 2023; Tsai et al. 2020; Chen et al. 2021c), which relies on the source

model’s prediction frequencies for target data points. Furthermore, ILM (Chen et al. 2023)

incorporates the relationships of label mapping as trainable parameters into its training process,

aiming to discover interpretable label mapping results. These methods just heuristically rely

on the voting of samples to produce mapping results.

The choice of label mapping strategy plays a critical role in determining the effectiveness of

visual prompting. We argue that an ideal strategy should minimize the extent to which the

model must adjust its output distribution to align with target labels, thereby improving the

efficiency and overall performance of prompt optimization. A well-designed mapping can

reduce unnecessary changes in the output space, enabling more efficient use of prompt learning

capabilities and yielding better results. However, existing label mapping approaches have

largely overlooked this perspective and fail to improve prompting effectiveness accordingly.

In this paper, we introduce the concept of minimal transfer load for prompt design and

define label mapping as a type of partial optimal transport problem, where the transfer load

is delineated through distribution migration. To solve this optimal transport problem, we

propose a novel cost matrix that defines the mapping cost between labels from the perspective

of transfer load. Then, we derive a label mapping strategy OTLM (Optimal Transport-based

Label Mapping) that minimizes the transfer load of output distribution (shown in Figure 6.1).

Moreover, we analyze the existing frequency-based label mapping method from the optimal

transport perspective, providing insights into the advantages of our approach. The results

of the experiment, conducted across multiple datasets and model architectures, showcase

the substantial performance improvements brought about by the OTLM. Additionally, we

conduct interpretative experiments to understand the effectiveness of the proposed method.
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6.3 Preliminaries

6.3.1 Visual Prompting (VP) Framework.

We formally introduce the concepts of Visual Prompting (VP) and Label Mapping (LM),

which lay the foundational framework for our proposed methodology.

Visual prompting employs a pre-trained modelM, with parameters θs, initially trained on a

source dataset DS with labels YS ⊆ Rns , where ns is the number of class of source dataset.

VP aims to adaptM to a target task defined by a new dataset DT with labels YT , without

modifying θs. This is achieved through the introduction of the learnable prompt θp, which

is optimized to manipulate the input data that satisfies the target task performance. Given a

target data point xt ∈ DT , the prompted input x′((θp)) is generated as:

x′(θp) = h(xt, θp), (6.1)

where h(·, θp) represents the transformation function incorporating the prompt θp into the

target input xt. The objective is to optimize θp such thatM(x′) aligns with the target labels

yt ∈ YT , effectively reprogrammingM for the target task.

Label mapping is a critical component of VP, facilitating the translation of model predictions

from the source label space YS to the target label space YT . The LM progress is to find

a mapping function FLM : YS → YT based on specific principles. With the help of label

mapping function FLM , the optimization paradigm can be established. The optimization

objective can be expressed as:

min
θp

E{xt,yt∈DT }[L (FLM(M(h(xt, θp))), yt)], (6.2)

where L(·) denotes a loss function measuring the discrepancy between the mapped predictions

FLM(M(x′(θp))) and the true target labels yt ∈ YT . This optimization is performed only on

the prompt parameters θp, leaving the original model parameters θs ∈M untouched.
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6.4 Methodology

The optimization burden hinges critically on the disparity between the initial and final states

of the feature distributions influenced by visual prompts. It is imperative to recognize that the

initial state of these features is solely determined by the intrinsic characteristics of the data

and the model architecture. Consequently, for a given target data distribution, the magnitude

of the optimization burden is directly influenced by the final state to which the system aspires.

As delineated in the preceding sections, this final state is fundamentally contingent upon the

label mapping function FLM , which governs the transition of prompted output distributions

f̂i towards the desired targets yi.

Given the pivotal role of FLM in determining the optimization burden, it is logical to explore

methodologies for selecting or designing an appropriate mapping function that can signific-

antly alleviate this burden. To this end, we propose an approach grounded in the principles of

optimal transport to conceptualize label mapping.

6.4.1 Label Mapping from an Optimal Transport Perspective

Our objective is to devise a label mapping strategy, denoted as FLM , aimed at substantially

minimizing the necessity for feature transfer. In this framework, a prompt θp is meticulously

optimized to adjust fi = M(x′
i(θp)) ∈ Rns , ensuring fi closely mirrors the target feature

f̂i ∈ Rnt , i.e., the one-hot representation of label yi ∈ YT . The selection of a label mapping

strategy introduces variable levels of operational challenge for the prompt, emphasizing

that the optimal label mapping is one that requires the least deviation in feature distribution

between the source and target. To achieve this, we encapsulate the concept of label mapping

within an optimal transport, setting the stage for a strategic transformation that aligns with

our goal of efficiency and precision in feature adaptation.

Considering that label mapping facilitates the transition from the source label distribution

p with ns classes to the target label distribution q with nt classes. ns > nt is introduced

as a hypothesis. We leverage empirical sampling from input examples x′ to define these
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FIGURE 6.1. Overview of OTLM: (a) VP pipeline entails transforming input
by incorporating prompts with images and transforming output by mapping
source labels to target labels; (b) Label mapping within the Partial Optimal
Transportation (POT) framework involves computing the transportation cost as
the sum of the pointwise multiplication between the mapping matrix and the
cost matrix; (C) The design of the cost matrix involves obtaining predictions
of the entire target dataset and then aggregating them by class through grouped
summation. In FLM/ILM, the cost at each position is defined by transporting
the intra-class distribution into the selected position, while OTLM defines it
by transporting the inter-class distribution outside the selected position.

distributions as (p,q) ∈ Σns × Σnt:

p =
ns∑
j=1

pjδf,j , q =
nt∑
j=1

qjδf̂,j , (6.3)

where δf,j is the Dirac function at location f,j ∈ RN , with N being the total number of

samples in the target dataset DT and fi,j signifying the j-th component of feature fi ∈ Rns .

Σns and Σnt correspond to histograms with ns and nt bins, respectively. pj and qj are the

probability mass associated to the j-th element of feature fi. In the VP-LM scenario, each

target label correlates with a specific source label, disregarding the non-selected source

labels. For sample-balance tasks, we adopt pj = qj =
1
ns

, which leads that
∑

j pj = 1 and∑
j qj =

nt

ns
. As a result, label mapping can be defined as a Partial Optimal Transport (POT),

which extends the classical Optimal Transport (OT) concept to accommodate for the transfer

of mass between distributions of differing total masses (Chizat et al. 2018), aptly suiting the

label mapping context.
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The set of partial transportation plans Π(p,q) between two discrete probability measures p

and q is,

Π(p,q) = {T ∈ Rns×nt
+ |T1nt ≤ p,T⊤

1ns = q}, (6.4)

where 1d is a d-dimensional vector of ones, and T = (Tij)i,j is the transportation plan matrix

with an entry Tij represents the fraction of mass transported from class i ∈ YS to class j ∈ YT ,

which is the label mapping strategy.

The total transportation cost and the optimal transportation plan (Chapel et al. 2020) (Fig-

ure 6.1(b)) can be defined as,

POT(p,q) = min
T∈Π(p,q)

⟨C,T⟩F = min
T∈Π(p,q)

ns∑
i=1

nt∑
j=1

CijTij, (6.5)

where Cij is the cost of transporting unit mass from class i ∈ p to class j ∈ q, C ∈ Rns×nt is

the cost matrix, and ⟨·, ·⟩F is the Frobenius dot product.

6.4.2 Cost Matrix Definition

As defined by Eq.(6.5), solving for the optimal transport plan T necessitates a clear definition

of the cost matrix C. As mentioned above, the matrix element Cij quantifies the necessary

adjustments to transition a label i to a label j in the source and target domain respectively. An

effective mapping strategy aims to minimize the overall feature disparity throughout the data

distribution, significantly reducing the prompt’s workload. This diminished feature variation

facilitates the prompt’s task of tailoring the output distribution to match the target labels

more efficiently. Therefore, a suitable transportation cost matrix is of paramount importance.

Next, we start with an intuitive approach to define the cost of transport within samples. By

analyzing the limitations of this method, we further develop the inter-sample transport cost

matrix proposed in this work.

6.4.2.1 Inter-sample Cost Definition.

In traditional classification tasks, aligning a feature vector fi ∈ Rns
+ with its label typically

uses Kullback-Leibler (KL) divergence as the loss function to measure disparities. In this
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study, we instead apply Earth Mover’s Distance (EMD) to assess the discrepancy between

fi and the one-hot label vector ht, denoted by EMD(fi, ht), where ht ∈ Rnsrepresents the

ns-dimensional one-hot vector for label t.

To articulate the dimensions of the feature, we adopt the Earth Mover’s Distance, derived

from optimal transport theory, to quantify the "transport" needed to adjust fi to ht. Therefore,

for a normalized feature fi, we have:

EMD(fi, ht) =
∑
j ̸=t

fi,j = 1− fi,t, (6.6)

where fi,j denotes the j-th component of feature vector fi, implying that the transport

required for feature-to-label alignment equates to the sum necessary to transition all feature

components, barring the one associated with label t, to that specific label’s position. In our

ensuing discussion, we will illustrate that methodologies based on frequency (such as FLM,

ILM (Chen et al. 2023)) potentially offer an approximative resolution to this theoretical

framework.

6.4.2.2 Intra-sample Cost Definition.

As mentioned, label mapping essentially constitutes a partial optimal transport problem.

This characterizes a scenario where the target domain necessitates fewer features than those

generated by the source domain. As a result, the alignment of selected features with their

corresponding labels does not require the repositioning of all unassociated feature values

to the designated label’s position. Instead, it specifically entails the reallocation of chosen

feature values to align with the label. Accordingly, we can reformulate the transport cost as:

D̂T(fi, ht) = EMD(fiT, htT). (6.7)

This revised definition of transport cost selectively incorporates the nt features chosen from

the source domain labels, while disregarding the rest set of ns features. An issue emerges

from this definition because the transformation T isolates nt features out of ns from the

source domain, resulting in the aggregated sum of fiT diverging from unity. In practical

applications, the alignment of the transformed feature vector fiT with the target label t
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involves reallocating the feature values from non-target positions to the target label’s position.

This procedure entails setting the feature values at non-target positions to zero while ensuring

that the feature value at the target position remains positive, reflecting the activation state of

the target label. Consequently, this allows us to reformulate the loss function as,

D̂T(fi, ht) =
∑
j ̸=t

(fiT)j. (6.8)

The preceding Eq.(6.8) redefines the cost for the alignment of the feature vector fi with

its corresponding label, in the context of label mapping. It quantifies the cost involved in

adjusting the feature values at positions not specified by the label to zero, within the subset

of nt selected features from the source domain. With this framework in mind, we proceed

to define Cij , the cost associated with mapping a feature at index i from the source to a

corresponding label at index j in the target domain. According to our refined definition,

the loss incurred by choosing the source feature at index i for mapping to target label j

is indirectly determined by the selection of the other nt − 1 indices, which make a direct

calculation of Cij complicated. Cij essentially represents the mapping of feature f,i to class j.

For fk,i, where k ∈ Cj and Cj = {k|yk = j} denotes the set of sample indices labeled j, the

transport cost for fk,i according to our definition is null, while the transport cost for fk′,i, with

k′ /∈ Cj , accumulates to
∑

k′ fk′,i. (see Figure 6.1(c)) Therefore, Cij can be expressed as,

Cij =
∑
k′

fk′,i, ∀k′ /∈ Cj. (6.9)

For computational simplicity, we adopt a normalized formulation:

Cij =

∑
k′ fk′,i∑N
n=1 fn,i

, ∀k′ /∈ Cj → Cij = 1−
∑

k fk,i∑N
n=1 fn,i

, ∀k ∈ Cj, (6.10)

where N represents the total number of samples, offering a clear and computationally efficient

approach to calculating the mapping cost between source and target label indices.
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6.4.3 Solution of the Optimal Transport Plan

With a well-defined cost matrix C, we can establish the label mapping strategy for our

method by resolving the partial optimal transport plan. The objective defined in Eq.(6.5) is to

minimize this cost, leading us to the formulation:

T0 ← argmin
T∈Π(p,q)

⟨T,C⟩F . (6.11)

Given the task constraint that ∀i, j, pi = qj , each target label is uniquely mapped to one source

label. In such cases, the optimal transport plan T0 materializes as a permutation matrix, i.e., a

binary matrix with solely 0 and 1, where each row and column contains no more than one

entry of 1. The partial optimal transport problem is equivalent to an assignment problem.

Concurrently, this specification is also perfectly suited for label mapping in visual prompting

contexts.

As a result, the label mapping function can be formulated as FLM(fi) = fiT. In practice, this

calculation can be bypassed. We maintain an indices vector I ∈ Rnt , where Ii represents the

index of the source feature corresponding to the ith label, determined by Ii = Find(T,i, 1).

This approach directly maps each target label to its source index efficiently, leveraging the

optimal transport plan without the computational overhead.

This assignment problem can be solved via linear programming algorithms, with a computa-

tional complexity of O((ns+nt)nsnt log(ns+nt)) (Ahuja et al. 1993). Considering practical

scenarios where ns and nt are small enough (less than 105), this algorithm’s computational

demand is trivial compared to the extensive calculations required for deep model’s forward

and backward progress. Consequently, its impact on the overall training speed is marginal,

ensuring the method’s feasibility even in computationally intensive scenarios.

6.4.4 Analysis

Within the Optimal Transport (OT) framework, we examine Iterative Label Mapping (ILM)

and Frequency-based Label Mapping (FLM), considering ILM as an extension of FLM.
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This approach hinges on a frequency-based voting mechanism that selects for each category

the most frequently occurring maximum value positions across samples, prioritizing these

positions in a descending order of frequency.

We introduce a frequency matrix A ∈ Rnt×ns
+ , where Aij reflects the number of times the

maximum value index for samples of target category i is j in the source domain. The transport

costs are inversely related to these frequencies, simplified as max(A) −A to derive costs,

and finalizing the cost matrix as Cf = (max(A)−A)T . Traditional FLM and ILM methods

then use a greedy algorithm to compute the transport plan T.

However, these methods diverge from optimal transport principles, primarily by ignoring the

detailed information in soft logits and relying on a greedy solution, limiting their ability to

reduce prompts’ learning effort and enhance efficiency. Our experiments support this critique,

revealing the limitations of frequency-based mapping in prompt learning efficiency.

6.5 Experiment

6.5.1 Setup

6.5.1.1 Frameworks.

To perform vision prompt tuning, researchers have proposed various approaches, with two

frameworks commonly used: visual prompting (VP) (Bahng et al. 2022) and visual prompt

tuning (VPT) (Jia et al. 2022).

In our paper, we primarily adhere to the VP framework for conducting our experiments.

Additionally, we modify the VPT-deep framework to be compatible with label mapping

approaches by excluding the learnable task-specific classification layer. This enables us to

compare our proposed method with the baselines, further demonstrating its generalizability.
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TABLE 6.1. Specifications of six pre-trained backbones employed in this
paper. All of these backbones are pre-trained on ImageNet (Deng et al. 2009).

Backbone
Pre-trained
Dataset

# params
(M)

Feature dim
d

vit-B/16 (Dosovitskiy et al. 2020b) ImageNet-1k 85 768
vit-B/16 (Dosovitskiy et al. 2020b) ImageNet-22k 85 768
swin-B (Liu et al. 2021) ImageNet-22k 88 1024
ResNet50 (He et al. 2016) ImageNet-22k 25 2048
vit-L/16 (Dosovitskiy et al. 2020b) ImageNet-1k 307 1024
ConvNeXt-B/16 (Liu et al. 2022) ImageNet-2k 88 1024

6.5.1.2 Baselines.

Although VP can adapt pretrained models without changing any model parameters, the hard-

coded mapping results in a degradation of performance. To achieve better label mapping,

FLM and ILM (Chen et al. 2023) adopt label mapping based on prediction frequencies on

target data points of the model without employing a vision prompt. We compare our proposed

method with these competitive label mapping approaches, as well as full fine-tuning (FF) and

linear probing (LP), serving as baselines.

6.5.1.3 Backbones Specifications

In our experiments, we use a total of six backbones, with their specifics outlined in Table 6.1.

Specifically, under the VP framework, all these six backbones are utilized. The results for

Vit-B pretrained on ImageNet-22K and ResNet50 are presented in the manuscript while the

results for Vit-B/Vit-L pretrained on ImageNet-1K, ConvNeXt-B and Swin-B are presented

in this supplementary. Meanwhile, Swin-B is also utilized under VPT framework.

6.5.1.4 Downstream Datasets.

Detailed information about the downstream datasets used under two framework groups is dis-

played in the table. Specifically, within the VP framework, we utilized ten datasets. including

DTD (Cimpoi et al. 2014), CUB200 (Wah et al. 2011), NABirds (Van Horn et al. 2015), Stan-

fordDogs (Khosla et al. 2011), Flowers102 (Nilsback and Zisserman 2008), Food101 (Bossard
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TABLE 6.2. Description of datasets evaluated under the Visual Prompting and
Visual Prompt Tuning frameworks.

Dataset # Classes # Train # Val # Test Description
Evaluated under VP framework

DTD (Cimpoi et al. 2014) 47 1880 1880 1880 texture database
CUB-200-2011 (Wah et al. 2011) 200 5394 600 5794 images of birds
NABirds (Van Horn et al. 2015) 555 21536 2393 24633 images of birds
Stanford Dogs (Khosla et al. 2011) 120 10800 1200 8580 images of dogs
Oxford Flowers (Nilsback and Zisserman 2008) 102 1020 1020 6149 images of flowers
Food101 (Bossard et al. 2014) 101 60600 15150 25250 images of food
CIFAR100 (Krizhevsky, Hinton et al. 2009) 100 40000 10000 10000 real-life object
CIFAR10 (Krizhevsky, Hinton et al. 2009) 10 40000 10000 10000 real-life object
GTSRB (Houben et al. 2013) 43 21312 2526 12630 traffic signs
SVHN (Netzer et al. 2011) 10 58605 14652 26032 numbers in real-life

Evaluated under VPT framework

CUB-200-2011 (Wah et al. 2011) 200 5394 600 5794 images of birds
NABirds (Van Horn et al. 2015) 555 21536 2393 24633 images of birds
Oxford Flowers (Nilsback and Zisserman 2008) 102 1020 1020 6149 images of flowers
Stanford Dogs (Khosla et al. 2011) 120 10800 1200 8580 images of dogs
Stanford Cars (Gebru et al. 2017) 196 7329 815 8041 images of cars

et al. 2014), CIFAR10/100 (Krizhevsky, Hinton et al. 2009), GTSRB (Houben et al. 2013),

and SVHN (Netzer et al. 2011). Under the VPT framework, we leverage Swin-B (Liu et al.

2021) models pretrained on ImageNet-22K (Deng et al. 2009) and assess their performance

on CUB200 (Wah et al. 2011), NABirds (Van Horn et al. 2015), Flowers102 (Nilsback and

Zisserman 2008), StanfordDogs (Khosla et al. 2011), and StanfordCars (Gebru et al. 2017).

For datasets without publicly available splits, we followed (Huang et al. 2023) for the alloca-

tion of training and validation sets. Additionally, the five datasets we used within the VPT

framework are from Fine-Grained Visual Classification tasks. For datasets without publicly

available splits, we followed (Jia et al. 2022).

6.5.2 Performance Under the VP Framework

6.5.2.1 Main results

Our evaluation begins with experiments conducted under the VP framework (Bahng et al.

2022). We utilize ten distinct downstream tasks to evaluate the transfer performance. We train

the source model for 100 epochs with SGD optimizer.
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TABLE 6.3. Comparison of performance on 10 downstream datasets under the
VP framework. The utilized source model is ViT-B pretrained on ImageNet-
22K. The highest performance achieved among prompt-based methods is
highlighted in bold.

Fine-tuning Prompt-based
Dataset FF LP VP FLM-VP ILM-VP OTLM

DTD 64.3 63.2 50.0 52.0 48.3 56.2
CUB200 87.3 85.3 32.6 41.4 45.2 56.6
NAbirds 82.7 75.9 8.4 19.0 19.6 33.8
StanfordDogs 89.4 86.2 57.0 58.5 60.3 67.9
Flowers102 98.8 97.9 64.1 64.3 62.6 86.6
Food101 84.9 84.4 55.6 55.0 56.1 61.9
CIFAR100 68.9 63.4 49.4 54.5 54.0 62.1
CIFAR10 97.4 96.3 94.6 94.6 94.7 95.2
GTSRB 97.1 68.0 87.7 84.3 85.2 88.6
SVHN 87.4 36.6 87.0 88.5 88.8 88.7

Average 85.82 75.72 58.60 61.20 61.47 69.77

We first adopt a ViT-B model pretrained on ImageNet-22K as the source model and train it

with an initial learning rate of 1e4. The results are summarized in Table 6.3, with results

of fine-tuning methods reported in (Huang et al. 2023). Based on the results, it is evident

that fine-tuning methods outperform prompt-based approaches in the majority of cases.

Among prompt-based methods, the original VP method achieves the worst performance as

it only employs a hard-coded mapping of labels. In contrast, the other three approaches

achieve better performance. Specifically, our method achieves an average performance of

69.77% across all ten datasets, surpassing FLM and ILM by 8.57% and 8.30%, respectively.

Following previous work (Chen et al. 2023), we employ a convolutional model, i.e., ResNet50

pretrained on ImageNet-1K, to further evaluate the proposed method. For this model, we

initialize the learning rate to 1e2 and present the results in Table 6.4. With this source model,

similar relevant accuracy is observed across each dataset for each method, where fine-tuning

methods consistently outperform prompt-based approaches, and our proposed OTLM method

outperforms other prompt-based approaches. Nevertheless, the absolute accuracy values are

significantly lower than those achieved by the pretrained ViT-B model, primarily due to the

limited model capacity of the ResNet50 model.
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TABLE 6.4. Comparison of performance on 10 downstream datasets under
the VP framework. The utilized source model is ResNet50 pretrained on
ImageNet-1K. The highest performance achieved among prompt-based meth-
ods is highlighted in bold.

Fine-tuning Prompt-based
Dataset FF LP VP FLM-VP ILM-VP OTLM

DTD 62.1 64.8 14.2 36.8 38.6 42.7
CUB200 76.5 68.1 1.1 9.7 11.0 12.2
NAbirds 73.7 58.7 5.9 5.9 7.6 8.1
StanfordDogs 75.8 88.5 4.3 51.8 51.9 56.1
Flowers102 88.1 81.0 6.9 11.3 17.1 20.5
Food101 84.0 71.8 7.8 20.6 22.2 21.8
CIFAR100 81.2 71.4 12.2 25.8 30.4 34.8
CIFAR10 95.8 89.9 55.9 61.3 64.7 67.9
GTSRB 95.2 79.4 33.7 39.4 43.2 48.2
SVHN 96.5 45.3 55.2 56.9 61.0 62.7

Average 82.89 71.89 19.71 31.94 34.77 37.48

6.5.2.2 More Results on Other Backbones

We assess our OTLM on Swin-B pretrained on ImageNet-22K and Vit-B pretrained on

ImageNet-1K, presented in Table 6.5 and Table 6.6, respectively. We train the source models

for 100 epochs. And we also assess OTLM on ViT-L pretrained on ImageNet-1K and

ConvNeXt-B pretrained on ImageNet-22K, presented in Tabe 6.7, we train these two source

models for 50 epochs. As shown in Table 6.5, the performance of the original VP with Swin-B

as the backbone is not ideal. All LM methods, especially OTLM, significantly enhance

VP’s performance on all ten downstream tasks. Moreover, OTLM notably outperforms both

FLM and ILM. Additionally, as mentioned in experiment section, pre-trained datasets with

smaller output dimensions make label mapping simpler. Therefore, compared to backbones

pre-trained on ImageNet-22K, the performance of frequency-based label mapping methods

improves, as shown in Table 6.6. Nevertheless, performance of OTLM remains significantly

superior to other label mapping methods across all datasets.
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TABLE 6.5. Comparison of performance on 10 downstream datasets under the
VP framework. The utilized source model is Swin-B pretrained on ImageNet-
22K. The highest performance achieved among prompt-based methods is
highlighted in bold.

Fine-tuning Prompt-based
Dataset FF LP VP FLM-VP ILM-VP OTLM

DTD 72.4 73.6 28.0 56.1 51.1 62.2
CUB200 89.7 88.6 5.4 54.5 57.9 60.9
NAbirds 86.8 85.2 3.2 46.8 47.7 52.9
StanfordDogs 86.2 86.8 12.5 81.9 82.4 86.6
Flowers102 98.3 99.4 13.7 89.5 90.8 95.5
Food101 91.7 88.2 19.8 62.9 64.9 66.1
CIFAR100 73.3 61.6 24.6 68.5 71.4 77.9
CIFAR10 98.3 96.3 76.9 93.4 92.9 95.1
GTSRB 97.1 93.8 64.3 68.8 72.3 76.8
SVHN 91.2 43.5 74.7 77.6 78.5 81.9
Average 88.50 81.70 32.29 69.97 71.00 75.58

TABLE 6.6. Comparison of performance on 10 downstream datasets under the
VP framework. The utilized source model is ViT-B pretrained on ImageNet-1K.
The highest performance achieved among prompt-based methods is highlighted
in bold.

Fine-tuning Prompt-based
Dataset FF LP VP FLM-VP ILM-VP OTLM

DTD 70.6 68.7 47.8 53.0 54.2 57.4
CUB200 84.7 83.5 40.6 53.5 56.8 63.2
NAbirds 72.3 69.3 13.8 30.5 34.6 38.8
StanfordDogs 84.6 84.4 61.9 71.1 70.3 73.7
Flowers102 98.3 97.7 56.5 76.7 74.7 82.0
Food101 83.0 78.5 55.7 62.3 63.4 64.1
CIFAR100 87.5 77.6 54.4 63.7 64.0 64.3
CIFAR10 97.4 92.9 92.9 93.8 93.7 94.9
GTSRB 96.8 65.6 86.0 86.1 86.4 89.0
SVHN 96.9 61.1 87.8 88.0 88.2 88.7
Average 87.21 77.93 59.74 67.87 68.67 71.61

6.5.3 Performance Under the VPT Framework

We further assess our method under the VPT-deep framework (Jia et al. 2022), employing

five different datasets. We adapt VPT by removing its learnable head to accommodate label

mapping methods. The number of added prompt tokens for each dataset adheres to the original
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TABLE 6.7. Comparison of performance on 3 downstream datasets under the
VP framework. The utilized source models are ViT-L pretrained on ImageNet-
1K and ConvNeXt-B pretrained on ImageNet-22K. The highest performance
achieved among prompt-based methods is highlighted in bold.

Model ViT-L-1k ConvNeXt-B-22k
Method FLM-VP ILM-VP OTLM FLM-VP ILM-VP OTLM

CIFAR10 92.9 91.7 94.9 79.1 81.3 83.2
CIFAR100 50.6 51.4 72.4 18.6 23.7 29.9
StanfordDogs 62.3 64.5 87.9 14.8 32.4 62.5

TABLE 6.8. Comparison of performance on five datasets under the VPT
framework using model Swin-B pretrained on ImageNet-22K. The highest
performance achieved among label mapping methods without additional heads
is highlighted in bold.

Fine-tuning Label mapping
Dataset FF LP VPT FLM ILM OTLM

Extra head ✓ ✓ ✓ ✗ ✗ ✗

CUB-200-2011 88.8 87.7 85.4 80.7 81.8 84.7
NABirds 86.3 82.6 81.1 71.3 74.4 77.2
Flowers102 98.8 98.0 98.7 95.8 96.1 98.5
StanfordDogs 84.3 82.7 84.6 79.1 81.1 83.1
StanfordCars 90.4 68.2 80.3 73.4 74.8 78.0

Average 89.72 83.8 86.0 80.1 81.6 84.30

implementation of VPT. Source model is trained for 100 epochs on each dataset, utilizing a

learning rate of 0.1 and a weight decay of 1e−4 with the SGD optimizer. Considering that the

original VPT method necessitates training an extra classification layer for each downstream

dataset, we exclude it from the comparison of label mapping methods.

We utilize Swin-B models pretrained on ImageNet-22K as source model and train them on

downstream datasets. The corresponding results are presented in Table 6.8. Once again, fully

fine-tuning (FF) achieves the best performance. Original VPT enhances performance over

LP due to introducing not only trainable tokens at the input layer but also an extra head for

each dataset at the output layer. On the contrary, applying label mapping to VPT enables it

to map source labels to target labels without an extra classification head, which means less

parameters to optimize. Moreover, our method significantly outperforms the other two LM
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methods and achieves the best results on all five datasets. Notably, average metric of our

approach even surpasses that of LP and is comparable to the results of methods with and

additional head, except for FF.

6.5.4 Data Efficiency in Downstream Task Transfer

In many cases, downstream tasks lack sufficient labeled data, making data efficiency —

the ability to achieve proficient performance using limited data — crucial. To assess the

data efficiency of various label mapping methods, we analyze the effectiveness of different

approaches for integrating label mapping into the VP framework using the prompt-tuned

ViT-B model. Specifically, we introduce a metric to measure data scale, defined as the average

number of samples in each class. A higher value indicates a larger dataset scale, while a lower

value suggests a smaller one. We explore the relationship between data scale and the efficacy

of label mapping.

In Figure 6.2, we present the performance improvement of label mapping methods relative to

the original VP method, arranged in ascending order of data scale. The figure illustrates that

all three approaches exhibit substantial performance gains with smaller data scales. However,

the performance gap compared to VP diminishes as the scale increases. Notably, our OTLM

method consistently outperforms both FLM and ILM, particularly on small-scale data. This

finding underscores the superior data efficiency of our method, which is significant in practical

applications.

6.5.5 Scalability

A larger pretrained dataset typically yields a source model with enhanced representation

extraction capabilities. However, the commonly concomitant increase in output dimensionality

may also complicate the transportation process. To further investigate the performance of label

mapping methods across source datasets of varying scales, we utilize Vit-B source models

pretrained on both ImageNet-1K and ImageNet-22K, transferring them to the CUB200

downstream dataset. Alongside evaluating performance enhancements over the VP method,
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FIGURE 6.2. Data efficiency of variant label mapping approaches. Compared
to FLM and ILM, our method demonstrates significantly higher accuracy gains
over VP, particularly evident when the downstream dataset has fewer averaged
samples per class. This highlights exceptional data efficiency of our method.

we employ the average cost as a metric for comparison. The average cost is computed by

averaging the transportation cost of predictions from the source model into the target label

space over the whole downstream dataset.

The results are depicted in Figure 6.3. In the left figure, it is evident that as the dataset scale

increases, FLM and ILM show diminished improvement in downstream performance, while

our method demonstrates enhanced performance improvement. Upon examining the values of

the average cost, we observe that for each method, the cost value increases with the scale of

the source dataset. This phenomenon arises because the source model pretrained on ImageNet-

22K possesses a larger output dimension, making label mapping to a downstream task more

challenging due to the increased number of possible mapping solutions. However, our partial

optimal transportation-based method only considers a subset of the output dimension, which

matches the output dimension of the downstream dataset.

This approach mitigates the negative impact of the increasing source dataset, as evidenced

by the lower cost and higher performance improvement of OTLM compared to FLM and

ILM. Furthermore, across each dataset, our OTLM method consistently outperforms FLM
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ILM 16.28 45.92
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FIGURE 6.3. Comparison of different source datasets by employing Vit-
B source models pretrained on either ImageNet-1K or ImageNet-22K. The
performance improvement over VP and average cost under the CUB200 down-
stream dataset is reported.

and ILM in terms of performance gain over VP and average cost, underscoring its superior

performance and scalability.

6.5.6 Ablation Study

We conducted an ablation study to examine the effectiveness of each module within our

proposed OTLM method. The primary enhancements of our method lie in the cost matrix

obtained under the optimal transportation framework and the utilization of linear programming

for solving the label mapping result. We employ the ImageNet-22K pretrained ViT-B as the

source model and adopt the Flowers102 dataset to investigate the impact of these two modules.

TABLE 6.9. Ablation study investigating the effects of various solving al-
gorithms and cost matrix designs on model performance.

Algorithm Cost matrix Accuracy

Greedy Frequency 62.56
Linear programming Frequency 64.29
Greedy OT 79.92
Linear programming OT 86.63

The ablation results are presented in Table 6.9. As shown, the combination of the greedy

solver and the frequency-based cost matrix achieves the worst result, indicating the limitations
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of the existing ILM method. Building upon this, integrating either the optimal transportation-

based cost matrix or linear programming helps improve performance. Adopting both of these

modules, as OTLM does, yields the best performance, achieving a top-1 accuracy of 86.63%.

These results confirm the effectiveness of each module within our proposed method.

6.5.7 Data Efficiency

To assess the data efficiency of various label mapping methods, we present the detailed results

when reducing training samples per clasee from 4k to 4 on CIFAR10 dataset using Vit-B

pretrained on ImageNet-22K in Tabel 6.10.

TABLE 6.10. Comparison of the efficiency between the proposed model and
other models under different proportions of training samples.

Method 100%(4000) 10%(400) 1%(40) 0.1%(4)
FLM 94.6 88.5 70.6 12.7
ILM 94.7 88.5 69.8 10.9
OTLM 95.2(+0.5) 93.6(+5.1) 80.3 (+9.7) 18.4(+5.7)

6.5.8 Discussion on Tunable Parameters and Running Speed

6.5.8.1 Tunable parameters.

We present the amount of trainable parameters of various methods on Vit-B pretrained on

ImageNet-22K in Table 6.11. VP incorporates a minimum of trainable parameters with the

input images without access to the model instead of tuning a great number of parameters of

pretrained model. As shown in Table 6.11. Compared to FF and LP, the amount of parameters

that VP needs to train is negligible. Furthermore, compared to VP, existing label mapping

methods, especially our OTLM, do not introduce additional parameters yet significantly

enhance model performance. Therefore, it is evident that a VP method equipped with an

appropriate label mapping strategy can significantly improve training efficiency and greatly

reduce the memory for model storage.
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TABLE 6.11. Total trainable parameters in the input prompt or model finetun-
ing for all 10 downstream datasets under VP framework on Vit-B pretrained
on ImageNet-22K. ‘×’ denotes the multiple of the tunable parameter amount
relative to the total amount of pre-trained Vit-B pretrained on ImageNet-22K
encoder parameters (85.8M).

FF LP VP FLM ILM OTLM
Total params 10.01× 0.43× 0.01× 0.01× 0.01× 0.01×

6.5.9 Visualization

6.5.9.1 Visualize mapping results.

we present the comparison mapping results on CIFAR10 dataset under the VP framework

using model Vit-B pretrained on ImageNet-1K in Figure 6.4. Different label mapping

strategies will yield different mapping results, thereby directly affecting the model’s accuracy

on downstream datasets.

FIGURE 6.4. Visualize mapping results of three label mapping methods on
CIFAR10 dataset under the VP framework.

6.5.9.2 Explanation of Different Label Mapping Strategies.

We report the LM strategies of frequency-based LM and OTLM on NABirds dataset using

a Vit-B model pretrained on ImageNet-1K at the first epoch in Figure 6.5. Specifically, the

results of the average logit for the classes ‘gray jay’ and ‘gray catbird’ at the model’s output

are shown in subfigures (a) and (b), respectively. The average logits for class ‘gray jay’, based

on labels selected by frequency-based LM and OTLM, are presented in subfigures (c) and

(d). As Figure 6.5 illustrates, the frequency-based LM, following a greedy strategy, chooses

the source label with the highest logits as the mapping for ‘gray jay’ (blue line). However,

this causes a significant transport cost since other target labels also have high logits (orange
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line). In contrast, OTLM, employing a linear programming strategy, selects the source label

with the minimal transport cost (green line). Although it may not have the highest logit in the

output, as shown by subfigure (d), it has the highest logit among the selected labels. Therefore,

frequency-based LM focuses solely on local selection results, while OTLM not only identifies

the source label with the highest association but also ensures the transport cost is minimized.

FIGURE 6.5. Explanation of the difference between frequency-based LM and
OTLM. (a) The blue line represents the mapping of the ‘gray jay’ selected
from the source labels by FLM. The green line represents the mapping of
the ‘gray’ jay selected from the source labels by OTLM. (b) The orange line
indicates the logit for the class ‘gray catbird’ on the selected label of FLM for
‘gray jay’. (c) and (d) report the logits of ‘gray jay’ on labels selection results
by frequency-based LM and OTLM, respectively.

6.6 Conclusion

This paper focuses on how appropriate label mapping can help alleviate the burden on input

prompts. Specifically, we define a mapping cost matrix and propose OTLM, a novel label

mapping strategy based on optimal transport that can minimize the necessary adjustments

of the model when training prompts. Additionally, we theoretically analyze why existing

frequency-based methods struggle to achieve this goal. Extensive experimental results prove

that the proposed method improves accuracy significantly over all other LM methods on

VP framework on 10 datasets. Furthermore, OTLM can also be easily applied to the VPT

framework and achieves results comparable to VPT with an extra head.



CHAPTER 7

Conclusion

Transformer-based large-scale models have become the mainstream choice across various

modalities. However, their substantial training costs pose a major barrier to both research and

real-world deployment. Improving training efficiency and reducing computational overhead

have therefore become urgent challenges. Existing approaches—whether through architecture-

level interventions or interface-side component optimizations—often overlook the importance

of adaptivity to the model itself.

In this thesis, we explore Model-Adaptive Efficiency Strategies for model training from both

of these perspectives. Specifically, we first propose model-adaptive knowledge distillation and

a model-adaptive Mixture-of-Experts (MoE) architecture for vision-language models (VLMs),

addressing the limitations of existing methods in capturing rich cross-modal interactions.

Furthermore, on the input side of large language models (LLMs), we propose an adaptive

tokenizer that enables tokenization to dynamically align with the model’s evolving training

behavior. On the output side, we introduce an adaptive label mapping strategy for Vision

Transformer (ViTs) that effectively reduces the training burden on model parameters. This

work provides a promising direction for advancing future research and development in the

field, contributing to more efficient training and fine-tuning of large-scale Transformer models.

7.1 Future Work

Throughout this thesis, we have explored various perspectives on designing model-adaptive

components to enable more cost-efficient training of neural networks. Our investigations

span across multiple modalities, including computer vision (CV), natural language processing
105
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(NLP), and multimodal learning. The proposed methods collectively demonstrate that design-

ing components specifically adapted to the characteristics of a given model can significantly

improve training efficiency. However, these studies only scratch the surface—many important

directions remain unexplored.

One promising direction for future research lies in the development of input- or output-level

components for multimodal models that can preserve and exploit cross-modal interactions.

Since architecture-level modifications often involve substantial changes to the backbone, they

can be intrusive and incompatible with existing pretrained models. In contrast, components

decoupled from the backbone offer greater flexibility and are more practical for closed-source

models. That said, in multimodal architectures, cross-modal interactions are often distributed

across different layers. How to capture such interaction information externally—without

accessing the model’s internals—remains an important and open research challenge.

Another potential research direction is to design unified model-adaptive components that can

generalize across modalities. This is particularly challenging, as CV, NLP, and multimodal

models exhibit fundamental differences: images are composed of pixels, NLP inputs are

sequences of tokens, and multimodal systems must jointly process and align both. Under-

standing the shared training dynamics across these diverse architectures—and using that

understanding to develop a modality-agnostic, adaptive component—is an open and intriguing

question for future work.

Furthermore, while the two methods presented in this thesis focus on multimodal models

such as VLMs, the proposed approaches can potentially be extended to other widely used

models beyond CLIP, such as BLIP and LLaVA. It is worth noting that different VLMs

adopt different strategies for modality alignment and cross-modal information interaction.

Therefore, designing model-specific improvements based on the unique characteristics of

each architecture represents a promising direction for broadening the applicability of the

proposed approach.

In addition, research and experiments in the academic domain should ultimately be validated

through real-world deployment. For example, incorporating MoE components may introduce
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practical challenges during deployment, such as complex scheduling systems and limited

compatibility with hardware like GPUs and TPUs. Hence, while MoE provides an effective

way to reduce the number of trainable parameters, future work should also focus on addressing

the deployment issues that arise in practical applications.

All in all, I believe the methods and results in this thesis can meaningfully contribute to future

research on improving training efficiency across different modalities through model-adaptive

strategies, especially in relation to the unresolved challenges discussed earlier.



APPENDIX A

Appendix for Chapter 5

A1 Results of ADAT in the 1B model.

To further demonstrate the scalability of our proposed ADAT method, we expanded our

experimental results on larger models and larger corpus. Specifically, we add results(shown

in Table A.1) from training a 1B model on 60B corpus. The results demonstrate that on larger

models and with more data, ADAT continues to show substantial improvements over the

baseline, indicating that ADAT has strong scalability.

TABLE A.1. Results in the 1B model.

Metric Unigram ADAT

Avg 49.11 51.20

A2 Details of Model Parameters

The detailed parameters of the 3 different model sizes applied in our experiment are shown in

Table A.2.

TABLE A.2. Specifications of different LLMs used in the paper.

Model Size Layers Model Dim Heads Learning Rate Batch Size

70M 6 512 8 10.0× 10−4 32
160M 12 768 12 2.5× 10−4 16
410M 24 1024 16 2.5× 10−4 16
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A3 List of Training Dataset

The specific corpus used for training tokenizers is from The Pile1, and the detailed list of files

is shown below.

• pile_ArXiv_025.json

• pile_ArXiv_069.json

• pile_ArXiv_070.json

• pile_ArXiv_092.json

• pile_ArXiv_098.json

• pile_ArXiv_123.json

• pile_ArXiv_124.json

• pile_ArXiv_133.json

• pile_ArXiv_134.json

• pile_ArXiv_157.json

• pile_Books3_015.json

• pile_Books3_016.json

• pile_Books3_052.json

• pile_Books3_057.json

• pile_Books3_071.json

• pile_Books3_083.json

• pile_Books3_084.json

• pile_Books3_093.json

• pile_Books3_115.json

• pile_Books3_134.json

• pile_Books3_173.json

• pile_Books3_197.json

• pile_Books3_203.json

• pile_Books3_235.json

• pile_Books3_242.json
1URL:https://pile.eleuther.ai/
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• pile_Books3_247.json

• pile_Enron_Emails_004.json

• pile_FreeLaw_031.json

• pile_FreeLaw_083.json

• pile_FreeLaw_104.json

• pile_Gutenberg_PG-19_044.json

• pile_Gutenberg_PG-19_049.json

• pile_OpenSubtitles_008.json

• pile_OpenSubtitles_031.json

• pile_OpenSubtitles_037.json

• pile_OpenWebText2_011.json

• pile_OpenWebText2_050.json

• pile_OpenWebText2_063.json

• pile_OpenWebText2_108.json

• pile_OpenWebText2_118.json

• pile_OpenWebText2_132.json

• pile_OpenWebText2_157.json

• pile_OpenWebText2_162.json

• pile_OpenWebText2_212.json

• pile_OpenWebText2_216.json

• pile_OpenWebText2_242.json

• pile_OpenWebText2_245.json

• pile_OpenWebText2_256.json

• pile_Pile-CC_001.json

• pile_Pile-CC_024.json

• pile_Pile-CC_069.json

• pile_Pile-CC_076.json

• pile_Pile-CC_106.json

• pile_Pile-CC_120.json

• pile_Pile-CC_133.json
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• pile_Pile-CC_181.json

• pile_Pile-CC_209.json

• pile_Pile-CC_211.json

• pile_Pile-CC_237.json

• pile_Pile-CC_254.json

• pile_Pile-CC_259.json

• pile_PubMed_Abstracts_037.json

• pile_PubMed_Abstracts_049.json

• pile_PubMed_Abstracts_054.json

• pile_PubMed_Central_028.json

• pile_PubMed_Central_053.json

• pile_PubMed_Central_067.json

• pile_PubMed_Central_069.json

• pile_PubMed_Central_085.json

• pile_PubMed_Central_123.json

• pile_PubMed_Central_125.json

• pile_PubMed_Central_132.json

• pile_PubMed_Central_149.json

• pile_PubMed_Central_165.json

• pile_PubMed_Central_173.json

• pile_PubMed_Central_215.json

• pile_PubMed_Central_220.json

• pile_Stack_Exchange_055.json

• pile_USPTO_Backgrounds_012.json

• pile_USPTO_Backgrounds_027.json

• pile_USPTO_Backgrounds_031.json

• pile_USPTO_Backgrounds_051.json

• pile_Ubuntu_IRC_001.json

• pile_Ubuntu_IRC_017.json

• pile_Ubuntu_IRC_021.json
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• pile_Wikipedia_en_006.json

• pile_Wikipedia_en_009.json

• pile_Wikipedia_en_043.json

• pile_Wikipedia_en_053.json

• pile_Wikipedia_en_070.json

• pile_YoutubeSubtitles_008.json
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Appendix for Chapter 6

B1 Running speed.

Additionally, we report the average execution time for 1 epoch training under the VP frame-

work in Table B.1. OTLM shares the similar run time with ILM which is slightly behind

FLM.

TABLE B.1. Running time(s/epoch) under VP framework on DTD dataset
with source model Vit-B pretrained on ImageNet-22K.

FLM-VP ILM-VP OTLM
Running time 20 24 24
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