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Abstract of Master’s Thesis of Academic Year 2024

MMtuning: An Advanced Multi-adapter Framework for
Efficient Multimodal Large Language Model Fine-Tuning
and Its Application

Category: Science / Engineering

Summary

Multimodal deep learning models, especially some multimodal large language
models (MM-LLMs), have demonstrated strong comprehensive capabilities in sev-
eral real-world application domains. MM-LLMs require additional fine-tuning (re-
training) in real-world downstream tasks and application deployment. However,
traditional fine-tuning methods require high computational resources and datasets
of a certain size. To address this, we introduce MMtuning—to our knowledge, an
innovative and first approach Parameter-Efficient Fine-Tuning (PEFT) framework
tailored for the Multimodal Large Language Models (MM-LLMs), i.e., competitive
fine-tuning can be achieved at low-cost. MMtuning is a generalized paradigm that
efficiently integrates input information from different modalities with limited com-
putational resources. Through IEB (Interaction Enhancement Block) and MWB
(Modality Weights Block), MMtuning builds a multimodal skill allocation matrix
that effectively extracts the optimal subset of multimodal skills from the dynamic
Skill Inventory built by the Multi-Adapter block according to the input from down-
stream tasks. Experiments based on ScienceQA and Visual7W two VQA datasets,
validate the potency of MMtuning, demonstrating its superiority in multimodal
learning with extant baselines that employ equivalent parameter volumes. In ad-
dition, according to the results of the NASA Task Load Index (NASA-TLX), the
MMtuning-based visual-language multimodal model fine-tuning web platform can
significantly reduce users’ technological barriers and workload in acquiring multi-
modal models, compared to the fine-tuning process of programming and complex

software.
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Chapter 1
Introduction

1.1. Research background and Problem statement

The pretrain-and-finetune paradigm has become the standard for many tasks uti-
lizing deep learning models for real-world applications. The Model pre-trained
on large-scale data requires only a small amount of tuning to adapt to specific
downstream tasks [1]. This approach has achieved various applications on various
unimodal tasks and demonstrated excellent performance in unimodal multitask-
ing scenarios. Further, the success of pre-trained single-modal models, especially
notable Large language models (LLMs), has paved the way for the emergence of
powerful multimodal large language models (MM-LLMs). Along with MM-LLMs,
the paradigm of pretrain-and-finetune has been generalized to the field of multi-
modal tasks. And, in recent years, multimodal large models (MM-LLMs) have
been widely used in deep learning tasks, real-world industries, and everyday life.

Through pre-trained on a vast corpus of instruction-output pairs, MM-LLMs
such as Blip2 [2], LLaVA [3], and Qwen-VL [4], have shown remarkable per-
formance on a variety of multimodal tasks in following human instructions [5].
For example, utilizing multimodal language models to detect defects in existing
code bases and categorizing them turns out to be an extremely common way [6].
Moreover, multimodal recommender systems are widely used in various social
software due to the integration of multiple modality user information, which sig-
nificantly enhances the ability to build detailed user profiles with analysis and
recommendation [7]. Despite this, following the pretrain-and-finetune paradigm,
deploying these MM-LLMs in real-world downstream tasks and applications also
requires additional fine-tuning, which means training those models again in the
new datasets for better performance. However, following the escalating size of

MM-LLMs, traditional supervised fine-tuning methods face a strong reliance on
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computational resources and large-scale datasets, which makes the cost of fine-
tuning non-negligible.

In addition to this, in the current context of rapid development of AI and
deep learning, non-Al professionals or ordinary designers face several challenges
in acquiring and applying fine-tuned multimodal models. First, the fine-tuning
process of multimodal models usually requires specialized programming skills and
an in-depth understanding of deep learning principles, which makes the technical
threshold higher. Second, due to the large scale of multimodal model parame-
ters, fine-tuning requires a large amount of computational resources and storage
space, which is a great challenge for users with limited resources. Therefore, how
to efficiently enable non-Al professionals to easily accomplish the fine-tuning of
multimodal models under limited resources and get the multimodal model that
loads their task requirements has also become an urgent problem that needs to
be solved at present.

In this context, recently Parametric-Efficient Fine-Tuning (PEFT) methods
have become the preferred solution for fine-tuning large-scale deep learning mod-
els with limited computational resources and datasets. PEFT methods such as
LoRA [8], (IA)3 [9], and LoHA [10] fine-tune pre-trained models by freezing the
main parameters and training only the adapter layer inserted into them. These
methods can significantly reduce the number of model parameters that need to
be trained during the fine-tuning process, which is only about 5-10 percent of the
original model parameters, and effectively avoid the problem that the fine-tuning
effect is not as good as the non-fine-tuning effect due to the mismatch between
the amount of data and the size of the model. Overall, this technique not only
saves computational resources but also significantly improves the performance of
the model in new downstream tasks. In addition, MoE(Mixture of Experts)-based
PEFT’ s architecture MoLoRA [11], Polytropon (Poly) [12], and customized Poly-
tropon (C-Poly) [13] have shown excellent fine-tuning capabilities in multi-tasking
scenarios with a single model with limited resources. These architectures make
adept utilization of the gating mechanism to achieve dynamic tuning of the out-
puts of multiple adapters based on the input information, thus enhancing the
multi-task capability of a single model. Extensive experimental results have also

proven that the above fine-tuning methods can fulfill the demands of multitasking
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scenarios with limited computational resources [11-14].

However, despite the excellent performance of PEFT techniques in reducing
the cost of fine-tuning and enhancing performance, their research in multimodal
tasks is still in its early stages. There is a lack of an efficient and generalized
PEFT paradigm that can flexibly cope with the complex structure of multimodal
inputs while efficiently enhancing the performance of MM-LLMs in downstream
tasks. Accordingly, the development of a cost-effective framework for multimodal
model fine-tuning is particularly imperative. Such a framework not only needs
to adapt to the complexity of multimodal tasks but also needs to lower the tech-
nical threshold to help non-Al professionals efficiently apply multimodal models,
thus further promoting the application of multimodal technologies in real-world

scenarios.

1.2. Research Objectives of Fine-tuning

To address those issues above, we deeply explore PEFT strategies for MM-LLMs
and investigate several core topics. Specifically, we focus on evaluating the ap-
plicability of PEFT strategies originally designed for single-modality pre-trained
models when faced with the complexity and diversity of multimodal tasks. In
addition, we explore how to leverage the differences in modality between input
information to improve the model’s learning ability and generalization perfor-
mance. Based on the above considerations, I innovatively propose the MMtuning
framework - an advanced PEFT approach specifically tailored for building and
fine-tuning MM-LLMs directly from pre-trained unimodal models.

As shown in Figure 1.1, MMtuning combines a parallel multi-adapter archi-
tecture with a fine-grained mechanism designed to construct a multimodal skill
allocation matrix for multimodal tasks. The left half of the framework consists of
four adapters, each with access to task-specific multimodal expertise, forming a
diverse collection of the multimodal skill inventory. The right half integrates the
Interactive Enhancement Block (IEB) and the Modal Weight Block (MWB). The
synergistic interactions between IEB and MWB enable MMtuning to dynamically
weight the outputs of the adapters based on the appropriate multimodal skill

allocation matrix constructed by the input feature for optimal multimodal skill
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Figure 1.1 An overview of the MMtuning framework. In this framework, the left
side features the Multi-Adapter block, which is illustrated in the figure as four
LoRA adapters. The Interaction Enhancement Block (IEB) and the Modality
Weights Block (MWB) are positioned on the right side and are responsible for
processing modality-specific routing matrices. At the bottom, the four red squares

in varying shades represent the multimodal skill allocation matrix.

subset. Disparate from the conventional PEFT methods, MMtuning effectively
utilizes the similarity and heterogeneity between different modalities’ input infor-
mation and achieves precise regulation and adaptive alignment of adapter outputs.
The experimental results reveal that MMtuning can not only efficiently integrate
and utilize the rich information of multimodal input, but also maintain excellent
parameter efficiency in the fine-tuning process, which highlights its flexibility and

efficiency in handling multimodal tasks.



1. Introduction 1.3. Research Objectives of Application

1.3. Research Objectives of Application

Moreover, Our goal is not only to develop an innovative fine-tuning framework for
multimodal large-scale pre-trained models but also to help general designers or
non-Al professionals overcome the knowledge and skill barriers in acquiring and
applying multimodal deep learning models through the MMtuning framework. In
the current era of rapid development of Al and deep learning, this framework aims
to enhance the media literacy of these user groups while lowering the technical
barriers they face when developing multimodal deep learning-related applications.
To this end, based on the MMtuning framework, we build a user-friendly web
platform designed to make it more convenient for non-deep learning experts (e.g.,
general designers or software engineers) to access and utilize visual-language mul-
timodal models. The platform provides a more intuitive and accessible interactive
interface than the traditional way of accessing visual-language multimodal models.
Users upload their specific datasets and select the appropriate language processing
and visual recognition models based on cost considerations and task requirements
to obtain customized and fine-tuned visual-language multimodal models.

To validate the usability of this platform, we used the NASA Task Load Index
(NASA-TLX) [15] to evaluate the workload of users in the process of acquiring
visual-language multimodal models. The evaluation results show that the MM-
tuning web platform significantly reduces the workload and technical barriers for
users compared to writing code directly or using other multimodal application
methods. This reduced burden enables more users with non-deep learning back-
grounds to efficiently apply multimodal models, promoting the broader adoption
and accessibility of visual-language multimodal models. In summary, the MM-
tuning platform enables more users to seamlessly utilize multimodal deep learning
models for their designs or applications by simplifying the model acquisition pro-
cess, thus accelerating innovation and driving the widespread implementation of

multimodal technologies in multiple fields.

1.4. Composition of the Thesis

The structure of this thesis is organized as follows:
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Chapter 1 is the introduction, which focuses on the background of the study,
the research objectives, and the overall structure of the thesis, and describes the
current status of multimodal model fine-tuning and its applications. It focuses
on the deficiencies in the current technology of multimodal model fine-tuning and
the difficulty in acquiring multimodal models for people with non-AI backgrounds.
The proposed solution to address the above issues in this research is also presented.

Chapter 2 reviews the related work on multimodal models and fine-tuning tech-
niques, firstly, it introduces the concepts related to multimodal learning and large-
scale multimodal models and discusses the challenges encountered in practical
applications, and then it analyzes a variety of fine-tuning techniques, such as
supervised fine-tuning, parameter-efficient fine-tuning, and other methods.

Chapter 3 describes the design and implementation of the MMtuning framework
in detail, introducing the core modules of MMtuning V1, V2, V3 and their innova-
tions, including the multimodal skill allocation matrix, Interaction Enhancement
Block (IEB), the Modality Weights Block (MWB), etc. It also explores the design
ideas of the MMtuning Web Platform as well as the specific user interface.

Chapter 4 shows the experimental setup, main results, and discussion. Through
ablation experiments, the effectiveness of each Block in the MMtuning framework
is evaluated. The performance of the MMtuning framework is verified through ex-
tensive and detailed comparison experiments. In addition to this, the role of MM-
tuning in modal integration and knowledge sharing is explored in depth, so that
the performance of the model in downstream tasks can be substantially improved
with limited resources. Finally, the usability of the MMtuning Web Platform is
analyzed and verified from the results of specific user experiences (reflecting the
reduction of technical barriers through the metric of workload).

Chapter 5 summarizes the main conclusions and contributions of the study,

points out the limitations of the study, and proposes future research directions.



Chapter 2
Related Works

2.1. Multimodal Model

2.1.1 Multimodal Learning

In the field of machine learning, multimodal learning involves how to effectively
characterize input information from different types and, based on this, achieve
translation, alignment, and fusion between this heterogeneous information, ul-
timately leading to co-learning and processing of multiple input types [16]. The
methodology humans perceive and acknowledge the world is multimodal, covering
a variety of sensory channels such as vision, hearing, touch, smell, and taste. These
different modes of perception can be seen as corresponding to different modalities
of information input. Similarly, in most real-world research problems, multiple
types of data are often involved. Therefore, for machines or Al systems to be
primed with the ability to comprehend and interpret the world, they must have
the ability to simultaneously process and align these diverse inputs, and thus
understand the complex connections between these multimodal signals [17, 18].
Given this, research related to multimodal learning has become increasingly ac-
tive and important in recent years. Research in this area is focused on developing
algorithms that can synthesize and analyze data from different sources and types.
Multimodal models are the achievements of such research efforts, as they are not
only able to process multiple types of data inputs but also effectively integrate
this information to provide a more comprehensive and in-depth understanding
of expertise in various domains. However, given the inherent limitations of ma-
chines, which is the lack of a complete human perceptual system with a mature
multimodal knowledge system, enabling machines to emulate human cognitive

abilities through multimodal learning and to acquire a wide range of specialized
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knowledge to cope with complex tasks in the real world is a challenging research
topic [19]. In recent years, the rise of large language models (LLMs) with strong
logical reasoning and knowledge comprehension capabilities has laid a solid foun-
dation for the emergence of more robust and adaptive LLMs-based multimodal
models and has also pushed multimodal AT to understand the world’s knowledge
from a holistic perspective and to demonstrate a more generalized ability to solve

real-world problems [20].

2.1.2 Multimodal Large Language Models

Multimodal Large Language Models (MM-LLMs) [5] take the reasoning and decision-
making abilities of large language models as the cognitive core and support various
multimodal tasks by learning representations of different modalities. Alongside
the size and capabilities of unimodal pre-trained models continuing to expand,
integrating existing single-modal models into multimodal models, particularly
leveraging powerful large language models(LLMs) as a foundation [3,4, 21, 22],
has increasingly become a prevalent approach. This method aims to reduce the
computational cost of training a multimodal model from scratch and enhance
the efficiency of multimodal pre-training. Despite numerous excellent unimodal
models providing high-quality representations, essentially the underlying mod-
els of different modalities are usually pre-trained independently. Therefore, how
to effectively facilitate LLMs alignment and understand multimodal information
to collaborate with models from other modalities for inference remains a crucial
challenge [23].

To address the above challenges, Blip2 utilizes the pre-trained Q-former module
to bridge the gap between visual and textual modalities, facilitating LLMs in
better leveraging the information from different modalities for inference. Flamingo
[24] and Qwen-VL [4], transform the visual representations output by the visual
encoder into fixed-size vectors containing a predetermined number of image tokens
through a cross-attention module to achieve alignment between visual and textual
space. In contrast, LLaVA [3] simply projects the visual features into the textual
space, reaching the fusion of visual and textual information. However, all the
methods mentioned above rely on vast pre-training datasets, complex pre-training

steps, and high computational resource requirements. It remains a challenge to
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effectively fine-tune the model to fit small-sized datasets with limited resources.

2.1.3 Multimodal modeling applications

Audio-Visual Speech Recognition (AVSR) [25] can be considered an early appli-
cation in the field of multimodal learning. Its core goal is to enable models to
integrate visual and auditory information to recognize the content of a speaker’s
words. It has been demonstrated that multimodal information inputs comple-
ment the final recognition performance of the model. Specifically, the information
provided by visual modalities (lip-reading) and auditory modalities (speech sig-
nals) are mostly independent of each other, and each contributes significantly
to the final recognition result [25-27]. It is inferred that rich and diverse input
information can provide multiple perspectives to the model, thus enhancing its
recognition capability and robustness. This also reveals the advantages of multi-
modal approaches over unimodal ones, especially in real-world tasks that require
complex and diverse information, multimodal models can capture the essential
features of the information more comprehensively, thus enhancing the accuracy
and reliability of task execution.

Another important multimodal modeling application area focuses on the anal-
ysis and understanding of human behavior and habits. The most common ap-
plications in this area include multimodal recommender systems and multimodal
sentiment analysis. Multimodal recommender systems predict the habits and pref-
erences of users by collecting information from multiple dimensions of users, such
as browsing history, purchase records, user reviews, and other sources of data, to
achieve personalized recommendations [7]. Such systems have been widely used
in a variety of fields such as health services, entertainment, personalized sports
activity suggestions, personalized dietary information push, personalized motiva-
tional information, and so on. Meanwhile, multimodal information also provides
a deeper understanding of sentiment analysis [28]. For example, multimodal sen-
timent analysis can play an important role in various scenarios such as mental
health assessment, lie detection technology, interrogation situations, and the en-
tertainment industry by integrating multiple data sources such as human facial
expressions, body postures, voice features (pitch and timbre), textual information,

and even physiological signals (electroencephalogram EEGs and heart rate varia-
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tions). Nevertheless, in terms of ironic emotions (sarcastic speech) and complex
emotion analysis (the inclusion of sadness in a person’s happiness), which require
context-specific analysis of emotions, current multimodal models of perception are
still unable to reach the level of human subtlety of emotions [29].

In recent years, with the boost of Large Language Models (LLMs) with powerful
reasoning and summarization capabilities, the field of Natural Language Process-
ing (NLP) has gradually developed a new paradigm of utilizing LLMs with gen-
eralized capability to deal with various kinds of language-related problems. This
shift has also influenced the development path of language-related multimodal
applications [20]. Nowadays, many multimodal models tend to be constructed
based on advanced language models or their architectures, thus shifting the focus
of multimodal tasks from simple prediction and classification to more complex
tasks [30], such as captioning, visual question answering (VQA), Speech summa-
rization, and integrated image and text analysis. In this regard, OpenAl’s visual
language GPT-4 [21] and speech-to-text Whisper [31] are the most representative
applications. These applications not only demonstrate the power of cross-modality
information processing but also open up new possibilities for the development of
multimodal models in web and mobile applications. Meanwhile, the in-depth re-
search on image generation models, such as Diffusion Models [32] and Variational
Auto-Encoders (VAEs) [33], has contributed to the emergence and development
of popular Text-to-Image multimodal applications such as Stable Diffusion We-
bUI [34] and DALL-E [35]. These advances have not only enriched the application
scope of multimodal learning but also laid a solid foundation for the development

of more affluent Al applications in the future.

2.1.4 Challenges in Acquiring and Using Multimodal Mod-

els

Although multimodal models, especially multimodal large language models, have
been widely used in many Al applications, the process of acquiring and using
these models still faces the challenges of technical cost, high demand for com-
putational resources, and large datasets. At the technical acquisition level, the

current mainstream practice is to download pre-trained multimodal models from
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GitHub or Hugging Face [36], the largest open platform in the world for machine
learning models and datasets, and fine-tune them to fit the requirements of spe-
cific downstream tasks. However, this approach requires users to be proficient
in programming Python-based deep learning frameworks such as PyTorch [37] or
TensorFlow [38]. In addition, both running and fine-tuning these models require
significant computational resources, which is a major obstacle for users who do
not have high-performance computing facilities to support them. Moreover, the
high-quality, multi-source datasets required for traditional methods of fine-tuning
multimodal models are often large and complex in structure, which contributes

to barriers to the acquisition and use of multimodal models.

2.2. Fine-tuning Technology

2.2.1 Supervised Fine-tuning and Instruction tuning

Numerous high-performance pre-trained models are emerging in the current field
of Artificial Intelligence (AI). Pre-trained models are machine learning models
that can effectively capture relevant expertise from large amounts of labeled and
unlabeled data, with large model parameters as well as complex training objec-
tives [39]. However, as datasets become progressively larger, deep learning is
emerging as the algorithm with the strongest performance performance and ro-
bustness on large datasets. Current models such as BERT [40] and GPT [41]
represent large-scale pre-trained architectures built upon deep learning princi-
ples. These models have demonstrated strong performance across a wide range
of generalized tasks, including classification and prediction. However, to achieve
optimal performance and adaptability for specific downstream tasks, fine-tuning
these pre-trained models is often essential.

To avoid the cost of re-training a new model from scratch for a new specific
task, supervised fine-tuning (SF'T) of existing pre-trained models has become an
important technical aspect in applying deep learning models [42-45]. Supervised
fine-tuning (SFT) is a method for adapting a pre-trained large-scale model to a
specific downstream task by leveraging labeled data [46]. The core of the super-

vised fine-tuning technique lies in the further training of an existing large-scale
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pre-trained model by utilizing labeled datasets so that it can be better adapted
to a specific downstream task or domain of expertise [47]. This process not only
strengthens the capability of the model to understand and perform a specific task
but also enhances its generalization performance in the face of new data [48].
In a word, supervised fine-tuning is to introduce domain-specific knowledge and
task-related annotations on top of the existing generalized knowledge of the pre-
trained model, so that the model can show higher accuracy and better adaptability
to specific tasks, thus realizing significant performance improvement.

In the current context of the flourishing development of pre-trained Large Lan-
guage Models (LLMs) and multimodal LLMs, Supervised Finetuning (SFT) tech-
niques play an indispensable role in adapting these models to new tasks or learn-
ing domain-specific knowledge [42,44,46]. Initially, SFT was mainly used to align
pre-trained large language models with downstream domain tasks, such as code
generation [49]. Subsequently, with the continuous development of the multi-
modal field, especially multimodal large language models (MM-LLMs), and im-
provement of corresponding VQA benchmarks for training and evaluation [50,51],
the instruction tuning method derived from SFT has been more widely used. In
particular, Instruction Tuning [42,52] has become a mainstream practice in this
field. It utilizes datasets containing natural language instructions to guide pre-
trained large language models in learning new knowledge thus improving their
task-specific performance. In this process, the instruction-output pair dataset
becomes the central resource, where the instruction part represents the specific
requirements of humans. In contrast, the output part defines the response that
the model should produce in response to these instructions.

The main reason why Instruction Tuning has been widely used in the prac-
tice of fine-tuning LLMs and MM-LLMs is that it can effectively constrain the
model’s outputs to ensure that their response properties or domain knowledge are
consistent with the desired goals. Additionally, with the powerful language and
reasoning capabilities of large language models, instruction tuning MM-LLMs on
labeled datasets by following human instructions to output corresponding con-
tent [53]. This provides humans with an effective means to adjust the behavior of
models but also makes the model behave in a more controllable and highly pre-

dictable manner when performing tasks. Moreover, since the input format of the
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command fine-tuning is essentially the same as the input and output formats used
in the pre-training phase, it facilitates the rapid adaptation of the LLMs to new
application scenarios without any changes to the model structure, thus increasing
the model’s usefulness and efficiency while maintaining flexibility. Currently, in-
struction tuning has become the main strategy for fine-tuning MM-LLMs, such as
InstructBLIP [54], PaLI-3 [55], and Video-LLaVA [56], which have achieved com-
petitive performance on many visual-language tasks. In summary, by training on
a diverse instruction fine-tuning dataset, this method significantly improves the
interactivity of multimodal models and the performance in few-shot situations.
However, in the current research field, due to the inherent complexity of modal
alignment and multimodal information processing, it is notable that the main
fine-tuning strategies typically require large instruction datasets, complex fine-
tuning processes, and costly computational resources to achieve optimal general-
ization performance [52]. For example, the InstructBLIP [54] model collects and
integrates a large number of instructional datasets, and only performs instruc-
tion tuning on the Qformer component of BLIP2 [2] which has a relatively small
number of parameters while freezing the weights of the visual and language mod-
els. Despite this, due to the powerful pre-trained MLLMs and rich and diverse
datasets, the model still shows generalization capabilities in visual-language tasks.
In addition, the X-VILA [57], LLava [3], and Qwen-VL [4] models choose a super-
vised instruction fine-tuning strategy that only freezes the multimodal connector
and large language model, which undoubtedly increases the demand for compu-
tational resources. All of the above methods are based on complex pre-trained
multi-language large models and then further instruction tuning. From the above,
instruction fine-tuning still poses a significant economic and technical barrier for
general Al application developers or small businesses. The high-cost investment
includes acquiring high-quality and diverse labeled data and the computational
overhead of implementing the fine-tuning process, such as the use of GPU clus-
ters. The combination of these factors makes many potential user groups face
unbearable cost pressure in obtaining efficient models related to large languages.
Therefore, reducing the cost burden of fine-tuning has become a pressing issue in

current research and practice.
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2.2.2 Parameter-Efficient Fine-tuning

To reduce the cost of fine-tuning large-scale Transformer-based models for down-
stream tasks, Parameter-Efficient Fine-tuning (PEFT) methods gained widespread
recognition and application. PEFT methods achieve efficient fine-tuning by in-
troducing small, trainable Adapters within existing layers of models, with the
core principle being to freeze the parameters of the base model and update
only the Adapter weights. Initially, Houlsby et al [58] introduced adapters into
BERT for fine-tuning NLP tasks. Subsequently, diverse variants of adapters have
emerged and applied to different components of the Transformer-based architec-
ture. Among these, Low-Rank Adapters (LoRA) [8] is one of the most widely
used Adapter schemes.LoRA strives to enhance parameter efficiency by learning
the weights of Low-Rank decomposition matrices, allowing for concurrent fine-
tuning of the model with the corresponding dominant matrices without increasing
inference costs. Building upon LoRA, Liu et al [9] proposed (IA)2, which scales
on the activation layers by a learnable vector, functioning as an adapter, to re-
align internal activation for specific downstream tasks, enabling fine-tuning of the
base model. Compared to LoRA, (IA)? achieves effective fine-tuning with fewer
parameters and avoids the computational overhead of parallelization. Addition-
ally, methods such as Prompt tuning [59], P-tuning [60], Prefix tuning [61], and
P-tuning2 [62] facilitate efficient fine-tuning by appending a fixed number of learn-
able prompt tokens, essentially trainable vectors, into the inputs of each model
layer. Based on these soft prompt token approaches, learnable vector parameters
serve as task-specific prompts customized for the downstream task.

In the context of PEFT in multi-task learning (MTL), MoE-based Multi-Adapter
structures are widely adopted. For example, MultiLoRA [63] utilizes multiple
LoRA instances running in parallel as a Multi-Adapter method, models can strike
a balance in the contribution of each adapter ~ s subspace. Experimental results
reveal that multiple LoRAs outperform a single LoRA with an equal rank in
multiple datasets and tasks. In addition, Poly [12] builds a task-related sparse
routing matrix based on a prior Skill Inventory. This matrix selects and combines
a subset of adapters for each task and processes input information through these
adapters. In this way, the adapter can dynamically process input information for
different task requirements. Based on Poly’s study, MHR [64], OrchMoE [14] and
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C-Poly [13] optimize the routing matrix which improves the extraction of task-
related expertise in Multi-Adapter, resulting in superior adaptability to the needs
of multi-task learning. Recently, MoLoRA [11] successfully utilized the Mixture
of Experts (MoE) architecture within the PEFT paradigm. The routing matrix
manages the output of a single lightweight adapter, enabling joint learning be-
tween different adapters to better accommodate multi-task scenarios. However,
the study of PEFT methods for multimodal tasks is at an early stage of explo-
ration and requires further research.

In addition, a series of PEFT methods have been developed for pre-trained mul-
timodal models such as BLIP [65], CLIP [66], All in one [67], and CLIPBert [68].
These methods include Aurora [69], UniAdapter [70], and MAPLE [71], which
are capable of fine-tuning pre-trained multimodal models to exhibit robust per-
formance in specific subtasks or new tasks under resource-constrained conditions.
However, firstly, these methods are not designed for large multimodal language
models and do not consider how to fine-tune multimodal models more effectively
with huge parameter amounts and powerful language models. Secondly, a central
premise of these fine-tuning methods is the reliance on multimodal models that
have been pre-trained on a large scale. As the number of input modalities in-
creases, the difficulty of obtaining multimodal models that have been pre-trained
on a large amount of data increases, which may result in existing fine-tuning meth-
ods no longer being applicable when confronted without pre-trained multimodal

models in the future.

2.2.3 Mixture of Experts

In the domains of NLP and CV, the Mixture of Experts (MoE) architecture has
achieved widespread recognition as an effective strategy to enhance the parameter
capacity of pre-trained large-scale models. [72-77]. The MoE architecture consists
of a set of expert networks, each of which can learn different expertise and a gated
network whose task is to assign the appropriate expertise in response to the input
information to obtain the appropriate output. Much of the research related to
MoE architectures has focused on optimizing the routing mechanism to more
proficiently capture different proportions of expert knowledge, thereby improving

the robustness and generalization of the model. Examples include routing via
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stochastic activation of a single expert [78], sparse routing by selecting the top-k
most prominent experts [11,73,77], and routing by performing a weighted average
of all activated experts [79].

As discussed in Section 2.2.2, the Mixture of Experts (MoE) architecture has
been widely used in the field of multi-task PEFT and has demonstrated excellent
performance in enabling a single large language model to handle multi-task fine-
tuning scenarios. The MoE architecture improves the capacity and flexibility of
the model by dynamically assigning expert modules to handle different sub-tasks
without significantly increasing the computational burden. This characteristics
makes MoE perform particularly excellent in multi-task learning. However, when
introducing the MoE architecture in multimodal tasks, the key challenge is how
to effectively fuse information from different modalities and ensure efficient col-
laboration among the expert modules. One of the main tasks of this study is
to explore the applicability of the MoE architecture and its potential limitations
in the field of multimodal PEFT. Then, manipulated the in-depth research and
innovative work based on it. To this end, our research focuses on addressing the
aforementioned challenges to develop a novel fine-tuning framework that can both
capitalize on the advantages of the MoE architecture and overcome its challenges
for multiple modal inputs. Ultimately, we have designed the optimal deep learning
fine-tuning framework for multimodal large language models, named MMtuning.

MMtuning is a MoE-like framework. In it, we adopted a multimodal skill allo-
cation matrix (akin to a routing matrix) to integrate Multi-Adapters’ multimodal
expertise output. Unlike previous methodologies [72,75] that utilized distinct
experts at the token level, MMtuning operates at the sample level. Given that
each adapter contains expertise from different modalities, the multimodal skill

allocation matrix activates all adapter outputs in different proportions.
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Chapter 3
Methodology

3.1. MMtuning V1

3.1.1 Multimodal Skills Inventory and Allocation Matrix

In previous research on efficient multi-task parameter fine-tuning [12-14, 64], the
concepts of “skill inventory (®)” and “skill allocation matrix(Wyqy) =~ were
introduced to build a flexible and efficient fine-tuning framework. Those frame-
works aim to dynamically combine the optimal skill sets from the skill inventory
® through the skill allocation matrix Wy, according to the requirements of dif-
ferent tasks. It is worth noting that the number of skills NV in the skill inventory
is smaller than the number of tasks T (N < T'), which allows multiple tasks to
share some common skills; thereby achieving efficient parameter reuse. Through
this approach, the model can effectively capture and reuse the common skills
shared across tasks, while flexibly combining and applying exclusive skills accord-
ing to the needs of specific tasks T;, thus improving the overall performance and
efficiency of multi-task fine-tuning.

I have extended the concept above to multimodal parameter-efficient fine-tuning
and introduced a more fine-grained mechanism to control skill allocation in mul-
timodal tasks:

In multimodal tasks, particularly in scenarios involving multimodal large lan-
guage models (MM-LLMs) such as Visual Question Answering (VQA), the model
needs to dynamically combine different modalities’ information based on varying
input queries to generate appropriate outputs. Consequently, different inputs x
in multimodal tasks often necessitate distinct combinations of multimodal skills.
However, the semantic or feature differences between inputs can vary significantly,

ranging from highly similar to completely different. For instance, the semantic

17



3. Methodology 3.1. MMtuning V1

distance between two questions related to the same image and contextual descrip-
tion is relatively small, whereas the difference between two questions based on
entirely different images and textual inputs is much more pronounced. Therefore,
the model must accurately discern the degree of variation between inputs x, as
this directly determines the diversity and relevance of the skill sets required for
generating outputs.

To address this challenge, the model first learns a comprehensive multimodal
skill inventory @, which contains the fundamental skills necessary for performing
a specific multimodal task. Subsequently, for each input sample x;, the model
needs to extract a subset of multimodal skills relevant to that input from the
skill inventory @, ensuring that similar inputs share comparable skill sets. This
strategy has been validated through the clustering analysis discussed in Section
3.c, demonstrating its effectiveness in extracting input-relevant skill sets.

However, this similarity-based skill extraction approach remains coarse-grained,
as it does not fully account for the inherent heterogeneity between modalities and
the subtle semantic differences among inputs in multimodal tasks. For example,
even within the same image and contextual description, processing different hu-
man instructions may require significantly different multimodal skills. To further
refine the skill set, I have designed a multimodal skill allocation mechanism that in-
corporates a skill allocation matrix Wyy. This matrix learns specific skill weights
for each input modality, thereby enhancing the precision of the multimodal skill
sets extracted from the skill inventory &.

Specifically, the skill allocation matrix Wy dynamically optimizes and refines
the most suitable subset of multimodal skills based on the shared skill sets derived
from similar inputs. This mechanism ensures that the model can flexibly adjust its
skill sets to accommodate the unique characteristics of each input z;. Ultimately,
the optimization objective is to maximize the log-likelihood over the dataset D
by identifying the most relevant skills for each input 3.1, thereby improving the

overall performance and generalization capability of the multimodal task.

Z log p(ys | @i, Wi, @)p(Watan | 2:)p(® | 74) (3.1)

(wi,yi)€D
To achieve the objective outlined above, I conducted extensive research and

experimentation. As discussed in Chapter 2.2.2, in the context of Parameter-
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Efficient Fine-Tuning (PEFT) for Multi-Task Learning (MTL), the Mixture of
Experts (MoE) architecture has demonstrated significant effectiveness in acquir-
ing diverse domain-specific knowledge for various downstream tasks. Drawing
inspiration from these findings, I hypothesized that the MoE architecture could
also be well-suited for dynamically extracting multimodal domain-specific skill in-
ventory ® and allocating different skill sets for output from multimodal data. This
framework enables the effective application of extracted knowledge to diverse and
complex multimodal tasks, demonstrating superior performance and adaptabil-
ity [80]. After a comprehensive comparative analysis and thorough investigation,
I designed the MMtuning V1 framework, which leverages the strengths of the MoE
architecture to efficiently learn comprehensive skill inventory ® and corresponding

skill sets from a specific multimodal task.

3.1.2 Parameter efficient Dynamical Multimodal Skill In-

ventory

In prior research, the learnable adapter module has been widely utilized to effi-
ciently extract domain-specific skill inventory ® from large-scale datasets, thereby
enhancing model performance across diverse input scenarios [11-14,63,64]. To
construct a comprehensive multimodal skill inventory ® on a multimodal dataset
D and dynamically extract appropriate multimodal skill sets based on varying
inputs z;, I have designed a Multi-Adapter Block. These learnable adapters are
capable of learning multimodal skills specific to the multimodal dataset D. More-
over, the adapters can dynamically extract the most relevant multimodal skill sets
according to the input z;, ensuring the model’s adaptability to different input con-
texts.

Furthermore, to facilitate efficient fine-tuning of parameters on multimodal large
language models (MM-LMMs), the MMtuning framework incorporates the Low-
Rank adapter (LoRA) [8] techniques in the Multi-Adapter Block. The LoRA
instantiates capable tuning of the model to specific downstream task requirements
without significantly increasing the model complexity. In the experiments where
each adapter is implemented as a low-rank adapter. Although theoretically, all

adapters in MMtuning can be replaced by other parameter-efficient adapters such
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as LoHa [10], DyLoRA [81] or AdaLora [82] for building multimodal skill inventory.
However, LoRA was chosen as the adapter of choice in this study due to its
powerful ability to extract knowledge and its flexibility to seamlessly integrate
into the various components of the Transformer architecture, such as query, key,
value, and feedforward layers.

In simple terms, the technique of LoRA involves injecting a pair of low-rank
matrices (B and A) into a linear transformation in the Transformer architecture.
While freezing the linear transformation reduces the computational overhead dur-
ing training, it also ensures that the input and output dimensions are consistent
with those of the linear transformation. The linear mapping of LoRA (R? — R?)

can be expressed as Equation3.2:
h=Wy+ AWz =W, + BAx (3.2)

The AW € R%? can be replaced by two low-rank matrices: B € R?" and
A € R™4 which obtained by gradient descent optimization. Due to r < d,
the update computation for each linear layer in the model involves only the 2 x
r X d parameters of the Low-Rank Adapter, which is significantly fewer than
the d x d parameters otherwise required. This substantially improves parameter
efficiency, enabling rapid training even with limited computational resources. In
our experiments, we replaced all query, key, and value layers with the MMtuning
framework, which combines multiple LoRAs into a Multi-Adapter for dynamically

extracting multimodal skill inventory.

3.1.3 The Multimodal Skill Allocation Matrix

In MoE architectures, a robust routing matrix (allocation Matrix) plays a pivotal
role in controlling the outputs of multiple adapters to provide appropriate infor-
mation for downstream tasks [83]. This is because an effective routing matrix in
the MoE architecture can dynamically assign multiple experts (i.e., Multi-Adapter
block) at different depths of the model, thus achieving optimal output distribution.
As a result, when dealing with multimodal inputs, this mechanism can superior
capture the common features (i.e., mutual information) [84] of each modality and

integrate the complementary information of multiple modalities, thus enabling
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the fusion of information across modalities and significantly improving the over-
all performance of the model. Moreover, the LIMoE [85] and HPT [86] models
underscore the significance of distinguishing different modality information in the
token dimension and processing it in multimodal tasks.

Therefore, to bolster the adaptability in multimodal tasks, MMtuning V1 first
adopts the strategy of separating the input information of different modalities
along the token dimension. This approach aims to construct a robust multimodal
skill allocation matrix Wy to fine-grained extract the optimal subset of multi-
modal skill sets from the Multi-Adapter block that is highly tailored to the input.
The core goal of this matrix is to enable the fusion of information across modal-
ities to enhance the model’s understanding of the input x; and thereby achieve
optimal skill sets. In the following section, the principles and algorithmic details

of constructing the multimodal skill allocation matrix in detailed MMtuning V1

W,
Winput
I Wb

Figure 3.1 A schematic drawing of separating input information according to

are elaborated.

different modalities into W, and W, in the token dimension.

In this study, I explore a novel approach to process the multimodal input = for
constructing the skill allocation matrix, which is realized by utilizing well-designed
segmentation and interaction algorithms for the processing of input information
from different modalities. Specifically, as shown in Figure 3.1, the input infor-
mation Winpw = {Z1, T2, . -+, Tioken} € (R¥)F" will be split to distinct routing
matrices W, and W, according to different modalities. W, and W, represent

the modality-specific routing matrices respectively, with dimensions as shown in
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Equation3.3 (i + j = token). Through this method, we give a fixed location for
the different modality inputs at the token level, which can define the boundary be-
tween modalities. The dimensionality of this space is designed to allow MMtuning
to segregate the input information according to different routing strategies, which
in turn lays the foundation for subsequent modality information integration. Sub-
sequently, I designed the Interaction Enhancement Block (IEB) and the Modality
Weights Block (MWB) process, which provide in-depth processing and integration
of modality-specific routing matrices. The essential goal of these two blocks is to
enable the model to learn both the similarity and heterogeneity among modality
information. Eventually, the multimodal skill allocation matrix W, constructed
based on these two modality-specific routing matrices, will optimally align with
the multimodal skill sets from the Multi-Adapter Block derived from input z;.

The following sections comprehensively overview IEB and MWB principles and

functions.

.

Wa Wp1
2

W . W .
a,2 b,2

W,=1| | eR>** W,=1| 7| ¢ RI*% (3.3)

T T

Wi Wy

3.1.4 Interaction Enhancement Block

Implementation of attention mechanisms significantly enhances the ability of mod-
els to discern critical information and extends its applicability to integrating infor-
mation across diverse domains and tasks [87-91]. In the MMtuning framework to
superior align information from different modalities, the Interaction Enhancement
Block (IEB) utilizes a pattern similar to the Attention Mechanism to facilitate
the model of learning the similarities between modality-specific routing matrices.
This block enables each modality-specific routing matrix to selectively acquire and
integrate significant information or expertise from other routing matrices, thereby
enriching their respective original information.

Specifically, as shown in Equation 3.4, each modality-specific routing matrix
(Weand W,) captures the inter-modal similarity or correlation by calculating

the inner product between it and the target modality-specific routing matrix
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(e.g., fozl wiywyy). Then the matrix after the inner product and the target
modality-specific routing matrix are calculated again to get the information af-
ter interaction(e.g.,AW, = {:1 Zile w;’fkwg’flwb,li), which is AW, and AW,
(AW, € R*%* and AW, € R7*9). Subsequently, the matrix after the interaction
(AW,and AW}) will be added to the original matrix (W,and W;) to form W, ...
and W, W, € R>% and W, € RIxdk),

updated ( Qupdated updated

i dk
m m
Waupdatcd,ki - Wavki + : : Wa,kwb,l Wb,ll
=1 \m=1
(3.4)

1 dk
m m
Whpaasearti = Woii + E Wy Wo | Waki
k=1 m=1

The essential purpose of the IEB design is to calculate and integrate the mutual
information between various modalities [92], that is, to assess the shared infor-
mation among different modalities when processing the same task. As shown in
Figure 3.2, this process allows each modality-specific routing matrix to contain in-
formation unique to that modality and incorporate mutual information that is im-
portant and relevant to other modalities. This information fusion design strategy
enriches the task-related information contained in the original modality-specific
routing matrix, thereby enabling a more precise distribution of weights when
constructing a multimodal skill allocation matrix, to achieve optimal information
processing results. Ultimately, the IEB achieves cross-modality information fusion
and knowledge sharing so that the model can effectively capture the similarities

and align the modality-specific routing matrices from different modality inputs.
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No Mutual Information (Without IEB)

Modality 1 Modality 2

Mutual Information between (With IEB)

1 Mutual Information 1

Modality_1 Modality_2

Figure 3.2 Mutual Information Schematic: Demonstrates the computation and
interaction process of sharing information between different modalities through
IEB (Interaction Enhancement Block).

3.1.5 Modality Weights Block

In a multimodal input, each modality brings affluent, task-specific mutual infor-
mation. However, the unique data structure of each modality leads to the fact
that those different modality inputs are heterogeneous in nature and are expressed
through their independent encoding. As a result, a certain amount of heterogene-
ity between different modalities is inevitable. Based on this analysis, given that
W, and W,

tupdated inherently contain distinct numerical distributions due to

updated
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different modalities, the Modality Weights Block (MWB) utilizes this difference
in inter-modal information to formulate a rule for building the final multimodal
skill allocation matrix W.

First, to reduce the complexity of the model computation and improve the com-
prehensibility of input samples from diverse modalities, I opted to eliminate the
and W,
sively regulate the Multi-Adapter Block’s output, contingent upon sample-level

token dimension for W,

Qupdated

Consequently, MMtuning will exclu-

updated *

information. Specifically, I get W, . and W, by averaging the token dimension,

as shown in Equation 3.5 (W,,,, € R% and W, € R%).

Qavg

i J
1 Z 1 3
m m m m
WAavg - 7/ Waupdatedap WBavg - Wbupdatedvl (35>
p=1 J =1

I hypothesize that the amount of information contained in each modality-
specific routing matrix is represented by the degree of numerical discretization,
and accordingly, different modality-specific routing matrices should provide a dis-
proportionate contribution to the construction of the final multimodal skill al-
location matrix Wyqy based on their amount of information. As shown in the
Equation 3.6, we take the standard deviation of the last dimension of W, and
Wi, as a measure of the information content. Then the scalar weights (Kj;) of
the modality-specific routing matrices under different modalities are obtained by
Equation 3.7. This represents the relative contribution of each modality-specific
routing matrix in the final multimodal skill allocation matrix Wy, With this
approach, the MWB identifies heterogeneity between modalities by evaluating the

differences in the distribution of information contained in each routing matrix.

1 dk 1 dk
a = 77 wr = — wim
Ha =5 mzl aae MO T R mzl bave

1 dk 9
Wy = %mzﬂ (Wi, = 1a) (3.6)

1 dk 9
Wbstd = % Z (Wl::\,g - Mb)
m=1

A temperature coefficient ¢ [93] is incorporated into the weight output function
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3.7 to mitigate the risk of the multimodal skill allocation matrix overly relying on
a single modality during early training. This approach ensures balanced attention
to the routing matrices of different modalities, preventing excessive focus on any

single modality-specific routing matrix results.

Stdconcat = [ Astd ) Wbstd)]
eXp (Stdco:cat,l> (37)
K; = ie{A,B}

S

Subsequently, as shown in the Equation 3.8, firstly map the last dimension of
each modality-specific routing matrix to the number of adapters (dk — Nygapters)
by applying two learnable matrices M4 and Mp (M; € RI¥F*n=Nadapters 4§ € {A, B}).
Then, a weighted sum with the scalar weights K4 and Kp (Kx = Ky, Kp =

K,) is performed to obtain the final multimodal skill allocation matrix Wy €
Rn:Nadapters .

dk dk
Wi, = Ka - <Z ManWZZVg> + Kp - (Z Mgl,nWlZng> (3.8)
m=1

m=1

Through MWB, MMtuning can dynamically construct an appropriate multi-
modal skill allocation matrix according to the input of two modality-specific
routing matrices, which contain information about different modalities split in
the Wipput token dimension. This approach enables MMtuning to optimally dis-
tribute attention across modalities and select the most pertinent skill set from
the shared multimodal skill inventory ®, improving its robustness and general-
ization across various multimodal task processing. Finally, the multimodal skill
allocation matrix Wy is used to adjust the coarse-grained skill sets to the fine-
grained multimodal skill set from the Multi-Adapter Block A;(Winput), as shown in
Equation3.9, which enables concurrent learning between adapters and allocation
matrices. In addition, the approach described above for obtaining the multimodal
skill allocation matrix is not limited to the case of inputs with only two modalities
in the methodology. Theoretically, the framework can be extended to the task of

three or more modalities of input information.
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3

Yy = (Wskill,i ' Ai(mnput)) (39)

3.2. MMtuning V2

Although MMtuning V1 shows prominent advantages in the Encoder-Decoder
architecture for multimodal large language models (MM-LLMs), which is effec-
tive in achieving modality alignment, information fusion, and optimal output in
resource-limited situations verified by experiment analysis in Chapter 4, the frame-
work suffers from a notable limitation: it is only applicable to encoder-decoder
Language model architectures.

The core of MMtuning V1’s mechanism is constructing an optimal multimodal
skill allocation matrix Wy based on input z; for acquiring an optimal multimodal
skill set from skill inventory ®. In the encoder part of the LLMs, MMtuning V1
can efficiently handle the modal alignment problem, achieve information fusion,
and produce optimal output results. However, for LLMs that contain Decoder-
Only, the model inputs the final predicted labels along with the multimodal input
information during processing. This results in MMtuning V1 being able to antic-
ipate future predictions when processing the input information, which may affect
the model’s outputting accuracy. To address the limitations of MMtuning V1 and
broaden its applicability to a wider range of multimodal large language models,
including purely decoder-based architectures, we have conducted a comprehen-
sive investigation and devised an innovative approach. This refined framework,
MMtuning V2, aims to enhance the usability and utility of MMtuning in both
research and practical applications within the field of multimodal large language

modeling.

3.2.1 Mask mechanism of Decoder-only LLMs

In the decoder-only Transformer LLMs architecture, the masking mechanism is
the pivot technique to achieve regressive prediction [88]. This architecture is
mainly used in language models, such as the GPT family [21] and OPT [94],

where the core goal is to predict the next possible occurrence of a word or token
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based on a given sequence of inputs. In the training phase, the input to the model
consists of a sequence of tokens, which are converted into embedding vectors by
an embedding layer. At the same time, the label of the model is fed to the model
at the same time along with the input sequence. The output of the model is the
probability distribution of the next token, which is usually compared with the
real next token of the next label to compute the loss and optimize the weight
parameters of the original model by backpropagation. The role of the masking
mechanism in the decoder-only Transformer is to prevent future tokens from being
seen when predicting the current token. This is accomplished by creating a mask
matrix that adds a very large negative number (e.g., —1e9) to the positions of
the label markers that represent future information during the current prediction
step to ensure that the attention weights at these positions are nearly zero before
computing the softmax function. This design ensures that the model does not
see future information when predicting each label tag, but only relies on previous
tags, thus realizing the regressive property.

Only the decoder model exhibits different behavioral patterns in the training
and inference phases. The training phase allows the model to process the entire
sequence in parallel since the prediction of each token depends on the information
of all previous tokens in the sequence. In other words, the training is done by
predicting the entire token of the label in one operation, which also makes the
training process more efficient by paralleling the computation. However, in the
inference phase, the model must generate the markers serially because only pre-
viously generated markers can be observed at a time. This regressive inference
process is serial and cannot be parallelized. At the initial stage of inference, the
input to the model consists of the entire context sequence as well as a special
starting token (e.g., < bos >). When predicting a second word, the input to the
model will include the word expected in the first round as well as the original
sequence. As the inference process proceeds, newly predicted words will be suc-
cessively added to the input sequence to predict subsequent words. This regressive
inference mechanism ensures that the model can construct the output sequence

incrementally but it also limits its ability to generate outputs in parallel.
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3.2.2 Mask mechanism of MMtuning V2

To realize the efficient fine-tuning of the MMtuning framework in the multimodal
large language model composed of Decoder-Only LLMs, and to adapt to its spe-
cial input and processing mechanisms, I have conducted meticulous research and
experiments. Finally, a suitable masking technique for the MMtuning architec-
ture was designed, leading to the creation of MMtuning V2. MMtuning V2 was
designed to introduce a suitable masking technique while maintaining the same
modular and architectural compatibility as MMtuning V1. This technique ef-
fectively masks access to future prediction information during processing, thus
ensuring the accuracy and validity of model predictions.

Specifically, I initially transformed multimodal input information into a stan-
dardized format suitable for decoder-only large language models (LLMs). Length-
varying inputs V, e.g., text: Given that the length of input information varies
significantly across samples, the length of textual questioning and descriptive in-
formation accompanying questions for different images may also show inconsis-
tency. For this reason, we adopt a normalization strategy to standardize the
length of all input texts to a fixed number of tokens, denoted as 7. For inputs
with lengths less than 77, we fill them with special tokens < pad > to ensure
that their lengths are up to 7}, while inputs with lengths exceeding 7} are trun-
cated to ensure that their lengths are not exceeding 7. T} is determined based
on a statistical analysis of the lengths of all sample texts in the input dataset,
and the lengths of all sample texts in the input dataset are determined based
on a statistical analysis of the lengths of all sample texts. The upper quartile
of the text length was selected as the value of 77 based on a statistical analy-
sis of the text lengths of all samples. This approach is designed to ensure that
the value of 77 remains stable and is not unduly influenced by a small number
of excessively long texts while maintaining consistency and efficiency in model
input processing. Length-constant inputs V5, e.g., image, leaving the orig-
inal input unchanged without any modification and recording its corresponding
length as 7,. Label V5: Let them as they are without any padding or trun-
cation, regardless of whether or not the data is mutable. Eventually, we will
splice all inputs in the order of Vi, V5, V3 to form a complete multimodal input

Winpat = {1, T7ys o, 1y, -y 2y} € (RI)THEFTS £6 he fed to the Decoder-
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only language model for processing. After determining the position of the individ-
ual modalities and labels in the input, the masking operation can be performed
more explicitly. The mask mechanism schematic diagram of MMtuning V2 is
shown below 3.3.

| Tilmege) | T2(Text) | T_3(Output)

|

IR )\ |

Figure 3.3 A schematic diagram of the masking mechanism in MMtuning V2 is
shown, where T}, T5, T3 correspond to the token positions of the image, text, and

output labels, respectively.

In the MMtuning V2 framework, the masking mechanism is a curial innovation
that centers on two main components. Specifically, as shown in the figure 3.4,
within the Input Encoding Block (IEB), the vector values of all tokens where the
label is located in the input vector are reset to zero (Wiape = {Z1,11,. .., 21} = 0),
based on the exact individual modalities and the position of the label in the input.
This strategy effectively eliminates the label position’s attention weight when
performing the attention computation of the dot product. Then, the routing
matrices specialized for each modality cannot obtain future information on the

position of the label for other modalities.
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Figure 3.4 A masking mechanism schematic diagram of the IEB in MMtuning
V2.

Subsequently, in the MWB, we use a one-dimensional mean pooling layer with
dimensions Ty + T5 to replace the original dimension reduction operation, as il-
lustrated in the figure 3.5. This design ensures that the fused modality-specific
routing matrix no longer contains future information at the location of the label
token, thus achieving effective information masking. In addition, during the infer-
ence process, the model is generated using multimodal input information only in
the initial prediction phase. Therefore, the application of the MMtuning frame-
work in the inference phase of the Decoder-only language model is limited to the
first round of predictions. From the second round onwards, the model will follow
the steps and methods of its intrinsic generation and will no longer rely on the

MMtuning framework.

| Mbedl | MbedT |0

1D-CNN Avg pooling

MWB

Multimodal skill allocation
matrix

v

Figure 3.5 A masking mechanism schematic diagram of the MWB in MMtuning
V2.
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MMtuning V2 effectively solves the problem of information leakage during fine-
tuning of Decoder-only multimodal large language models by introducing an in-
novative masking technique, while maintaining the same modularity and archi-
tectural compatibility as MMtuning V1. This strongly enhances the usability of
MMtuning’s parameter-efficient fine-tuning framework on a wider range of multi-

modal large language models.

3.3. MMtuning V3
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Figure 3.6 An overview of the MMtuning framework. In this framework, the left
side features the Multi-Adapter block, which is illustrated in the figure as four
LoRA adapters for extracting the Skill Inventory. The Interaction Enhancement
Block (IEB) and the Modality Weights Block (MWB) are positioned on the right
side and are responsible for processing modality-specific routing matrices. In the
center, two red squares of different shades represent the Shared-Skill matrix. At
the bottom, the four red squares in varying shades represent the multimodal skill

allocation matrix.

In multimodal tasks, it is essential to emphasize that similar inputs should share

analogous skills within the Skill Inventory, thereby enabling a more fine-grained
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capture of differences across sample dimensions. As illustrated in figure 3.6,
compared to previous versions of MMtuning, MMtuning V3 introduces the in-
novative Shared-Skill Matrix, which leverages a low-rank gating mechanism for
LoRA Adapters to achieve fine-grained extraction of multimodal skills. The de-
tailed methodology is outlined in the accompanying equations 3.10 and 3.11.
The low-rank gating system first generates the rebuilt matrix X,epug by con-

and W, and then com-

catenating two updated weight matrices W, apdated

Qupdated
putes the average X,,, for subsequent Weightted operations. The gating mecha-
nism then applies a softmax function to the weighted sum of the low-rank ma-
trix Miank, and X,,, adjusting the gating weights of the input Az which from
Lora Adapter’s A matrix, and ultimately producing the gated output matrix
Weated ax € RAdapternmumxtokenxr — Thig hrocess enhances the flow of information

within tokens by selectively amplifying the shared skills between similar inputs.

Xiebuild = concat (W

Qupdated ? bupdated) ’

i+j
1 (3.10)
Xav i Xre ui )

g i +] ; build,k

rank,r avg
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Waatea.ax = Ax + SoftMax ( moooL XM > - Ax,

m=1
Ax € RAdapter,nuthokean <31 1)

Y
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Gating mechanisms, widely used in architectures such as Transformer [95,96],
RNN [97,98], and CNN [99,100] variants, are effective in filtering intra-token in-
formation within input matrices. The incorporation of the Shared-Skill Matrix
further enhances the ability of the Multi-Adapter to strengthen internal skill in-
formation through a low-rank gating approach. Furthermore, due to its low-rank
nature, this approach significantly reduces computational complexity compared
to traditional gating mechanisms in the hidden dimension, making it well-suited
for low-cost fine-tuning scenarios in PEFT. As shown in equation 3.11, within
the Skill Inventory extracted by the Multi-Adapter, the Shared-Skill Matrix is
shared across all adapters. In contrast, the multimodal skill allocation matrix is

custom-designed for each adapter.
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3.4. MMtuning Web Platform

In the field of contemporary artificial intelligence, the popularization of technology
and the ease of operation are the key factors that promote the wide application
of related models. To promote the widespread adoption of vision-language mul-
timodal models, I have designed and developed a specialized web platform built
upon the MMtuning framework. This platform is tailored specifically for fine-
tuning vision-language multimodal models. Compared with traditional codes or
specialized software, the platform makes it easy for users to fine-tune and acquire
models without a programming background by simplifying the operation process.
This design principle of intuitiveness and simplicity not only reduces the cogni-
tive burden of users but also improves operational efficiency, thus enhancing the
usability of the MMtuning fine-tuning platform.

Specifically, the platform is designed in the following areas:

e Data upload guidance: Through clear guidance and restriction prompts,
it provides users with a clear path for data upload operation and necessary
feedback on data format, which reduces users’ uncertainty when uploading

datasets.

e Diversified model selection: The platform provides diversified model
selection functions to meet the specific needs of different user groups. Users
can select appropriate visual and language models according to their needs
to achieve personalized deep-learning model solutions. The platform also
provides default visual and language model recommendations for users who

are not deep learning professionals based on experimental results.

e Automated fine-tuning process: The parameter-efficient fine-tuning (re-
training) process of models is simplified through automated design. Users
can complete the fine-tuning with just one-click operation, without the need
for complex parameter settings. This design reduces the users’ requirements
for deep learning or Al expertise, lowering the time cost and technical thresh-

old for model fine-tuning.

e Visualize the fine-tuning process: Through the form of progress bars,

the platform provides real-time feedback on the progress of fine-tuning, en-
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abling users to monitor the training process intuitively. In addition, the
platform will assist users in evaluating and understanding the capability of
the fine-tuned model by displaying an exhaustive presentation of the param-

eters of the model’s performance, such as loss and accuracy.

Based on the above design principles and guidelines, the web platform shown in
Figure 3.7 is designed so that users can easily get started without deep knowledge
of AL In the data upload module, users can upload JSON files containing images,
text, and labels (the output they want), and the platform helps users standard-
ize the upload operation through formatting hints and supports batch uploading,
which improves the efficiency of data preparation. The model selection module
provides a variety of visual and language model options and recommends default
models to meet different user needs. The fine-tuning training module simplifies
the training process and allows users to intuitively monitor the training progress
through the one-click start design and real-time progress bar visualization. Upon
completion of training, users can directly access the fine-tuned model files through
the download module. The whole process is convenient and efficient, which sig-
nificantly reduces the user’s technical threshold and improves operation efficiency

and user experience.
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Figure 3.7 MMtuning Web Platform: Provides a one-stop fine-tuning process for
multimodal models in visual language, which is easy to operate and suitable for

users with no programming and Deep-Learning background.

Vision-language Multimodal Model Fine-Tuning

Upload Dataset

Please upload a JSON file containing images and their corresponding labels, formatted as follows:

"image_name_1": {"split": "train","text_input": "input_sample_1", "label": "label_ 1"},

"image_name_2": {"split": "val","text_input": "dinput_sample_2", "label": "label_2"}

Upload JSON File

Drag and drop file here
Limit 200MB per file - JSON

Upload Image Files
Drag and drop files here

Limit 200MB per file « JPG, PNG, JPEG

Select and Download Models
Select Vision Model

ResNet50

Select Language Model

BERT
Start Fine-Tuning

Download Model
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In summary, the support of the MMtuning framework ensures the efficiency of
the fine-tuning process and the high quality of the models of the web platform
within limited resources. Meanwhile, based on the above design and interaction
principles, the platform embodies user-friendliness and highlights its important
role in promoting the popularization of deep learning models and lowering the
technical threshold. Specifically, by providing an easily accessible platform for
fine-tuning and acquiring Vision-language multimodal models, it opens the door
for users from non-technical backgrounds to enter the field of deep learning. Sub-
sequently, bridges the lack of literacy that general designers and engineers making

it difficult to access multimodal models in the era of Al and deep learning.
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Chapter 4

Experiment

4.1. Experiment Setup of the MMtuning Frame-

work

MM-LLMs framework To evaluate the effectiveness of the MMtuning frame-
work, I constructed a visual-language multimodal large language pre-training
model based on BLIP-2 architecture. The BLIP-2 architecture [2] ingeniously uti-
lizes a two-stage pre-trained Querying Transformer (Q-Former) module to bridge
the gap between different modalities, thereby achieving the goal of bootstrap-
ping an unimodal pre-trained model to build a multimodal language model. In
my experiments, for verifying the performance of the MMtuning V1, we employed
the Transformer-based Encoder architecture google/vit-large-patch16-224 [101] as
the visual pretraining model, and the Transformer-based Encoder-Decoder archi-
tecture T5-3B [102], adopting as the language pre-training mode. The visual
and language models are connected using the pre-trained Q-Former module. In
the MMtuning V1 experiment, we apply the MMtuning V1 framework to the
query, key, and value components of the T5H Encoder, while freezing the visual
model, language model, and Q-Former. To validate the effectiveness of the MM-
tuning V2 framework, I built a visual-language multimodal large language model
based on the BLIP2 architecture. Different from the implementation of MMtun-
ing V1, I replace the original large language model with a Decoder-only language
model facebook/opt-2.7b [94], while keeping the visual model as google/vit-large-
patch16-224 and the Q-former connecting the visual and language modules mod-
ule fixed. In this study, the MMtuning V2 architecture is applied to the query,
key, and value components of the OPT model. In addition, the visual, language,

and Q-former modules were fixed during training, and only the MMtuning V2
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component was trained to explore its impact on model performance in terms of
fine-tuning. In the above experiments, in addition to the MMtuning V1 and V2
frameworks, trainable parameters include the two fully connected network layers
connecting the visual model to the Q-Former and the Q-Former to the language

model respectively.

Datasets I evaluated two publicly available Visual Question-Answer datasets:
ScienceQA and Visual7W. ScienceQA [103] is a dataset containing multimodal
contexts across different scientific fields, which is particularly well suited for mul-
timodal question-answering tasks. For ScienceQA, we extracted only a subset
of this dataset containing multiple choice questions of images and contexts for
training and testing the quality of the generated text and the accuracy of the
corresponding scientific topics. On the other hand, Visual7W [104] is a dataset
focused on deep image understanding for language models and consists of 7TW
visual QA pairs divided into two distinct sections: Telling (dealing with textual
responses) and Pointing (dealing with coordinates-based image annotation). For
our purposes, we only used the Telling part as the VQA task, which is to extract
visual multiple-choice question items containing six distinct types, for training
and testing the quality of the generated text and the accuracy of the respective

question types.

Baselines [ validate the performance of the MMtuning framework by comparing
three popular Parameter-Efficient Fine-Tuning (PEFT) methods — LoRA [8], Poly
[12], and MoLoRA [11] - in the context of a multimodal QA task. All three
methods have comparable parameter scales. I apply all PEFT methods uniformly
to the query, key, and value matrices of the Encoder component of the T5 model in
the experiment of MMtuning V1 framework. In the validation of the MMtuning
V2 framework, I uniformly apply PEFT methods to the query, key, and value
matrices of the OPT model. In all experiments, similar to PEFT methods based
on the MoE architecture, all adapters in MMtuning are based on the low-rank
matrices originating from LoRA, with parallel adapters count of four. In addition,
in the MMtuning framework, the MWB employs a temperature coefficient of four
(t = 4) as its weight output function.
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Training Details Due to the relatively small scale of the ScienceQA dataset,
ensuring satisfactory fine-tuning results, we conducted training for 3 epochs on
ScienceQA and only one epoch on Visual7W. Recognizing the sensitivity of MoE
architectures to hyperparameters [11,72,105], we referred to previous findings and
utilized smaller batch sizes and lower learning rates to mitigate the risk of the MoE
architecture tilting the output towards a single expert. Specifically, our training
hyperparameters take a batch size of 8 and a learning rate of 1e™° and utilize the

—8. In addition, we

AdamW optimizer [106] with a weight decay value set at le
adopted a warm-up cosine linear decay strategy as the learning rate scheduler,
with the warm-up steps set to 4000. All experiments were performed on a single
NVIDIA GeForce RTX 4090 graphics card, and the parameter precision of the

language model is bfloat16.

4.2. Main Results and Discussion

4.2.1 Evaluation of Skill Allocation Matrix Effectiveness in

Multimodal Framework

In Table 4.1, we present a comparative analysis of the impact of distinct ap-
proaches to acquiring skill allocation matrices on conventional MoE-based PEFT
methods. The experimental results indicate that in the Multi-Adapter architec-
tures for multimodal tasks, the skill allocation matrix obtained by separating
input information from distinct modalities leads to a marked enhancement in
model performance compared to the conventional approach of processing input
information. The conventional approach derives the skill allocation matrix di-
rectly from the entirety of the input information. In contrast, we postulate that,
at the dataset level, the clustering outcomes produced by the model for different
modalities may diverge from the ground-truth labels. At the sample level, to
fulfill the downstream task requirements more effectively, individual samples may
require different proportions of modality-specific routing matrices to optimally
select the multimodal skill subset from the Multi-Adapter Block. Therefore, it

is important to separate the input information of different modalities to form
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Table 4.1 A comparative analysis of different PEFT methods for obtaining the
skill allocation matrix in the Multi-Adapter architecture, evaluated on the Sci-
enceQA and Visual7TW datasets. The strategies denoted by Multi-MoLoRA and
Multi-Poly utilize a multimodal skill allocation matrix. In the Multi-Adapter
block, the setting for LoRA rank was uniformly set to 4 x 4. The base model
comprises the google/vit-large-patch16-224 as the visual backbone and the T5-
3B model as the language backbone within the BLIP2 framework. We report
the average Rougel, RougeL, and multiple-choice Accuracy for all samples in the

validation set, with higher scores for these metrics denoting superior performance.

Datasets PEFT Methods Metrics

Rougel RougeL ACC(%)

ScienceQA  MoLoRA 65.30  65.04 54.41
Multi-MoLoRA  67.13 66.96 57.18
Poly 68.64  68.30 57.27
Multi-Poly 70.50 70.28 59.74
Visual’lW  MoLoRA 38.50  38.49 31.07
Multi-MoLoRA  40.13 40.11 33.61
Poly 40.02 40.02 32.82
Multi-Poly 40.31 40.30 33.89

the final allocation matrix Wy, For this reason, in the MMtuning framework,
we attempt to explicitly segregate input information from diverse modalities and
construct a multimodal skill allocation matrix tailored to a Multi-Adapter setup.

In the experiments, we separate the information outputted by the Q-Former
(the first 32 tokens of input Wiyput) and the text data (the remaining tokens) di-
rectly inputted into the T5 model. Following dimension reduction through mean
pooling in the token dimension and linear transformation operations, We derive
two distinct modality-specific routing matrices, denoted as W, and Wpg, respec-
tively. Ultimately, we obtain the overall multimodal skill allocation matrix, Wy,
by averaging the numerical value of these two modality-specific routing matrices,

following Equation 4.1.
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1
Wain = §(WA + Wpg) (4.1)

4.2.2 Empirical Evaluation of the Effectiveness of the M M-
tuning vl and MMtuning V3 Framework

First, an in-depth comparative analysis of the generalizability of MMtuning is
performed. Within the MMtuning framework, we not only establish a methodol-
ogy for extracting individual modality-specific routing matrices from the input but
also introduce the Interaction Enhancement Block (IEB) to fortify inter-modality
information exchange and the Modality Weights Block (MWB) to facilitate the
assignment of weights to modality-specific routing matrices. This design enables
MMtuning to construct a multimodal skill allocation matrix Wy, tailored for mul-
timodal input. Table 4.2 presents the performance of traditional PEFT methods
alongside the MMtuning framework on the ScienceQA and Visual7W datasets. In
these experiments, both Poly and MoLoRA employ a multimodal skill allocation
matrix without the enhancements provided by IEB and MWB.

The results reveal two key insights:

(1) the MMtuning framework consistently surpasses the conventional PEFT
methods on the ScienceQA and Visual7W datasets, even when using the same
approach of separating input information based on different modalities. This
superiority is attributed to the IEB and MWB in the MMtuning framework.
The TEB facilitates cross-modality information fusion and knowledge-sharing by
allowing modality-specific routing matrices to learn information in other routing
matrices relevant to the original modality. Subsequently, the MWB provides an
effective rule for dynamic modality weight allocation, enabling MMtuning V1
to analyze the important information in the input from different modalities to
construct an optimal multimodal skill allocation matrix. Within the above two
blocks, the robustness of the multimodal skill allocation matrix can be significantly
improved relative to the conventional PEFT method, which speeds up the learning
process of the model and enhances the adaptability to multimodal tasks. Ablation
experiments also substantiate the contributions of the IEB and MWB to the

importance and performance of the MMtuning framework.
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(2) Moreover, through the synergistic interplay of the Shared-Skill matrix and
the multimodal skill allocation matrix, MMtuning V3 significantly improves ro-
bustness in handling complex multimodal tasks, particularly in scenarios involving
multiple subdomains. The incorporation of the Shared-Skill matrix in the MM-
tuning framework further emphasizes the importance of leveraging similarities
in input = to effectively retrieve analogous multimodal skills from the Skill In-
ventory. Additionally, the multimodal skill allocation matrix refines the extracted
skill combinations along the sample dimension, selectively extracting the most rel-
evant subset of skills required for the current input. This synergy enables a more
fine-grained regulation of the outputs generated by multiple adapters, facilitating
the identification of the optimal skill combination for a given task.

(3) MMtuning demonstrates variable performance improvements between dif-
ferent types of multimodal QA tasks. Notably, it demonstrated a particularly
pronounced improvement in the Visual7TW dataset with only image information,
compared to the ScienceQA dataset which integrates image and contextual infor-
mation. This discrepancy can be attributed to the stronger inherent ability of
the language model to extract information from direct text input. However, the
Visual7W dataset relies heavily on information input from images. Due to the
lack of descriptive context, the fine-tuning stage of conventional PEFT methods
on the Visual7W dataset encountered a huge challenge. However, the information
fusion mechanism within [EB significantly improves the ability of the language
model to comprehend critical information in images that are relevant to the ques-
tion of input. Ablation studies also provide compelling evidence. In summary,
the TEB enables MMtuning to, in the absence of extensive contextual informa-
tion, accurately identify the input-relevant content through a multimodal skill
allocation matrix Wy, thereby extracting the fine-grained multimodal expertise-
relevant skills subset from the Multiple-Adapter block and improving performance

in downstream multimodal tasks.
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Table 4.2 Based on the BLIP2 framework, we employed the google/vit-large-
patch16-224 model as the visual backbone and the T5-3b model as the language
backbone for evaluation on the ScienceQA and Visual7W datasets. In the Multi-
Adapter block the setting for LoRA rank was uniformly set to 4 % 4, while the
rank for individual LoRA was set to 16. We report the average Rougel, RougeL,
and multiple-choice Accuracy for all samples in the validation set. Higher values

are preferred for all metrics.

Datasets PEFT Methods Metrics

Rougel RougeL Accuracy(%)

ScienceQA  LoRA 59.48  59.22 46.59
Multi-MoLoRA 67.13  66.96 57.18
Multi-Poly 70.50  70.28 59.74
MMtuning(IEB only)  72.44  72.27 63.23
MMtuning V1 73.08 72.95 64.62
MMtuning V3 75.14 74.96 65.43
Visual7TW  LoRA 39.13  39.11 31.79
Multi-MoLoRA 40.13  40.11 33.61
Multi-Poly 40.31  40.30 33.89
MMtuning(TEB only) ~ 59.99  59.98 55.54
MMtuning V1 60.43 60.42 56.14
MMtuning V3 63.03 62.94 58.89

4.2.3 Empirical Evaluation of the Effectiveness of the M M-

tuning v2 Framework

Subsequently, I conducted exhaustive comparative experiments on the perfor-
mance of the MMtuning V2 framework for fine-tuning the Decoder-only large
language model. In the provided Table 4.3, the performance of MMtuning V2 on
large language models (MM-LLMs) based on Decoder-only architecture is exhaus-
tively demonstrated compared to other baseline PEFT methods. This experiment
shows that similar to MMtuning V1 and V3, MMtuning V2 exhibits superior fine-
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tuning performance in multimodal tasks. This result further confirms the signif-
icant advantages of MMtuning in the fine-tuning process of MM-LLMs in novel
multimodal downstream tasks.

Table 4.3 Based on the BLIP2 framework, we employed the google/vit-large-
patch16-224 model as the visual backbone and the opt-2.7b model as the language
backbone for evaluation on the ScienceQA and Visual7W datasets. In the Multi-
Adapter block the setting for LoRA rank was uniformly set to 4 *x 4, while the
rank for individual LoRA was set to 16. We report the average Rougel, RougeL,
and multiple-choice Accuracy for all samples in the validation set. Higher values

are preferred for all metrics.

Datasets PEFT Methods Metrics

Rougel RougeL Accuracy(%)

ScienceQA LoRA 45.79  45.62 39.20
MoLoRA 45.32  45.20 35.48
Multi-MoLoRA 49.18  46.51 39.34
Poly 46.65  46.35 37.77
Multi-Poly 49.46  49.18 38.91
MMtuning V2  57.36 57.27 53.61

4.2.4 Parameter Efficiency Analysis

Figure 4.1 presents the comparative performance of diverse PEFT (Parameter-
efficient Fine-Tuning) techniques when subjected to varying proportions of train-
able parameters while preserving a constant number of training epochs and utiliz-
ing the same underlying base model on the ScienceQA dataset. Experiments were
conducted across three distinct scales (LoRA,qn = 8,16,32), with each adapter
scale set to LoRA,qnx/4 to ensure comparable amounts of trainable parameters.
The MMtuning framework realizes PEFT through the application of low-rank
LoRA Adapters and simple multimodal router learning matrices. MMtuning out-

performs all other methods across every scale and even outperforms other meth-
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ods with a larger parameter count. Consequently, we assert that the MMtuning
framework stands out as the most suitable parameter-efficient fine-tuning method

for handling multimodal tasks, particularly for large-scale multimodal language
models (MM-LLMs).
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Figure 4.1 On the ScienceQA dataset, we evaluated the accuracy of various PEFT
methods. Here, Multi-MoLoRA and Multi-Poly respectively represent the multi-
modal skill allocation matrix strategies based on the original MoLoRA and Poly
methods. The X-axis represents the percentage of trainable parameters relative

to the 3.3B parameters of the base model.
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4.3. In-depth Exploration of the MMtuning Frame-

work

4.3.1 Enhanced Knowledge-Sharing through Modality In-

tegration

The Interaction Enhancement Block (IEB) constructs a knowledge-sharing mech-
anism between different modalities through attention-based cross-modality infor-
mation fusion, which effectively enhances the recognition of similarities across
different modalities for the model. To validate whether this understanding of
different modality input information by the IEB can facilitate the model distin-
guishing between different types of inputs x;, we conducted experimental analysis
on the ScienceQA dataset. Specifically, we performed a clustering analysis of the
skill allocation matrix Wy at specific layers of the Encoder of the T5 model
to evaluate whether the multimodal skill allocation matrices have learned both
differences and commonalities across various topics. These matrices of different
topics were sampled at fixed intervals on all layers of the model encoder with
Softmax normalization at the time of sampling. The results of the hierarchical
clustering are shown in Figure 4.2, and this clustering reveals differences in the
skill allocation among different topics and commonalities between similar topics.
Similar to the differences in the methods employed by different journals to clas-
sify articles into disciplines [107], we heuristically acknowledge that the clustering
cognition of one specific dataset for the model may not align perfectly with human
classification schemes. Therefore, despite some discrepancies between the cluster-
ing results of the model and the ground truth labels of human classification for
distinct scientific topics in the ScienceQA dataset, the figure can confirm that the
IEB enables models to possess the capability to accurately identify differences and
commonalities between different domains’ inputs z; through the cross-modality

knowledge-sharing mechanism.
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Figure 4.2 In the experiment of the ScienceQA dataset, we inquire about the topic

clustering dendrogram of the multimodal skill allocation matrix W;; within the
MMtuning framework. This hierarchical clustering aims to classify scientific topics
into common categories based on shared subsets of the allocation matrix.
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4.3.2 Explicit modality segmentation enhances skill learn-
ing
As discussed in Chapter 3.1, a robust multimodal skill allocation matrix Wy
plays a crucial role in facilitating the model to acquire fine-grained skill subsets
from the Multi-Adapter block. Figures 4.3, and 4.4 show the variation of the
multimodal skill allocation matrix W to varying depths of the model concerning
the model depth when only the Interaction Enhancement Block (IEB) is employed
(i.e., the skill allocation matrix is the average of the routing matrices of each
modality). The results indicate that in the shallow layers of the encoder of the
language model, the distribution of the final skill multimodal allocation matrix
is closer to the numerical distribution of the text routing matrix. As shown in
Figure 4.3, the numerical range of the text routing matrix significantly exceeds
the range of values of the Q-former routing matrix. In contrast, at a deeper
level, the model tends to allow the Q-former routing matrix to determine the
numerical distribution of the final skill allocation matrix. Based on these findings,
we infer that the language model attempts to learn information from different
modality-specific routing matrices at varying depths and assigns corresponding
importance weights. This suggests that the rule designed in the Modality Weights
Block (MWB) is indeed rational in enabling the model to assign differing weights
to the modality-specific routing matrices dynamically. Therefore, we propose
that through the MWB mechanism, the MMtuning framework facilitates language
models in actively extracting the relevant multimodal skill information required

from various input modalities.
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The multimodal skill allocation matrix in the shallower layer of the language model
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Figure 4.3 The visualization of individual routing matrices from each modality
within the selected shallower Encoder layer of T5-3B, along with the multimodal

skill allocation matrix obtained through average, after training on ScienceQA.

The multimodal skill allocation matrix in the deeper layer of the language model
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Figure 4.4 The visualization of individual routing matrices from each modality
within the selected deeper Encoder layer of T5-3B, along with the multimodal

skill allocation matrix obtained through average, after training on ScienceQA.

4.4. Experiments of the MMtuning Web Plat-

form

This research is dedicated to the exploration of deep learning fine-tuning algo-
rithms and focuses on the application of the research results through user-friendly

interaction design, thus reinforcing the key role of the MMtuning fine-tuning
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method in lowering the technological threshold and promoting the popularity of
deep learning models. It aims to realize the vision of making deep learning models
or Al models more accessible and applicable in the era of artificial intelligence.
Specifically, the MMtuning web platform serves as an easy-to-access platform that
enables users with non-technical backgrounds, especially the designer community,
to easily fine-tune and access visual-language deep learning multimodal models
that meet their creative needs. In addition, the platform’s design principles and
interactions aim to reduce the workload and cognitive burden on users, increase
the efficiency of accessing multimodal models, and enhance the usability of MM-

tuning techniques in solving real-world tasks.

4.4.1 Target Users

This web platform targets professional designers specializing in media design, vi-
sual arts, and interactive experiences, who possess rich creative expertise but lack
technical proficiency in Al and programming. While they are highly interested
in exploring deep learning-powered tools for visual and verbal creativity, they
face significant challenges due to resource constraints and technical barriers in
fine-tuning traditional deep learning models.

The designer user can be further segmented based on their specific needs and
professional roles, including UI/UX designers, multimedia and content creators,

AT application explorers, and multimodal information exploiters:

e Focused on creating engaging and intuitive interfaces and experiences, UI/UX
designers seek multimodal models that recognize and respond to visual and

textual inputs to deliver innovative interactive experiences.

e Multimedia and content creators, on the other hand, utilize visual and tex-
tual elements to communicate ideas. They show a keen interest in features

such as automated authoring, smart quizzes, and Al assistants.

e Al application explorers are eager to integrate cutting-edge multimodal Al

technologies into their design workflows without facing technical barriers.

e Multimodal information exploiters, on the other hand, are looking to lever-

age visual and textual data to get a more accurate picture of the user and
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design needs to provide more precise solutions.

In a nutshell, these designer-user groups seek to leverage visual-language multi-
modal models to create more efficient, innovative, and personalized design solu-
tions. As creative professionals from non-technical backgrounds, they urgently
require accessible and practical fine-tuning technologies that simplify the integra-
tion of advanced multimodal models into their design processes while minimizing
workload.

Based on the above analysis, I have identified the target user group for the
MMtuning Web platform and verified the capability of the MMtuning Web Plat-
form to reduce the workload of designers in acquiring visual-language multimodal

models by comparing it with other fine-tuning applications.

4.4.2 Main Results

In this experiment, we aimed to evaluate the effectiveness of the MMtuning Web
Platform in reducing the workload of designers in acquiring visual-language mul-
timodal models, and the experiment compared three different model fine-tuning
scenarios. The subjects of the experiment were 21 professionals working in design,
mainly from the fields of media design, visual arts, and interactive experience de-
sign. They worked on developing Al applications using visual-language models
to realize many of their interesting IDEAS. these designers typically have deep
expertise in media design, visual arts, and interactive experience design, but lack
the necessary technical background in Al, especially deep learning fine-tuning, as

well as programming.

Experimental Scenario Design

Scenario 1 - Traditional PyTorch-based fine-tuning approach: In Sce-
nario 1, participants use the PyTorch framework to directly perform fine-tuning
of visual-language models. This process requires a high technical background and
requires participants to manually write and run the code, which involves com-
plex steps such as parameter setting, GPU management, and model optimization.
Due to the high technical threshold, many designers need to spend a lot of time

learning and find it difficult and error-prone to operate the process.
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Scenario 2 - Stable Diffusion Web UI: Scenario 2 was tested using the Stable
Diffusion Web UI software, which only supports fine-tuning of image generation
models, it cannot handle visual-language multimodal tasks, so its applicability is
limited. Participants were required to understand and manipulate the complex
user interface to fine-tune the image generation model using LoRA [8] technology.
And free parameter tuning and model selection are not possible.

Scenario 3 - MMtuning Web Platform: Scenario 3 shows the MMtuning Web
Platform, a multimodal model fine-tuning platform developed in this study with
a more user-friendly interface. The platform allows users to upload datasets by
simple drag-and-drop and select the appropriate language and visual processing
model according to the task requirements and cost, which is easy to operate
and allows personalized fine-tuning of visual-language multimodal models without
writing code. However, this web platform is unable to set many parameters in
the model fine-tuning process, which may lead to the problem of the fine-tuned

models not performing as expected.

Task Setting

Participants were tasked with fine-tuning and acquiring a visual language model
model for a day (3 hours) in each scenario. This task was designed to assess the
ease of use of different acquisition methods in practice and the workload imposed

on the user.

Evaluation Scale

To evaluate the participants’ workload in different scenarios, this study used the
NASA Task Load Index (NASA-TLX) [15,108], a widely recognized subjective
workload assessment scale that was originally designed to measure the burden that
an individual endures while performing a specific task. Designed by the National
Aeronautics and Space Administration (NASA), the tool provides a careful quanti-
tative analysis of task load through six core dimensions. These dimensions include
psychological demands, physical demands, time demands, task performance, ef-
fort, and frustration. By considering these dimensions together, researchers can
assess the psychological and physical demands and other subjective experiences of

users during task performance. By quantifying the data from these dimensions, it
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is possible to gain deeper insights into the workload conditions of users in different

task scenarios.

Experimental Process

In the experiment, 21 participants, in three scenarios (each scenario for one day,
2 hours), performed the fine-tuning task described above. On the first day, model
fine-tuning was performed by a PyTorch-based approach, which requires partici-
pants to have some knowledge of programming and deep learning, and has a high
technical threshold, thus allowing users to use conversational Al such as Chat-
GPT [21]. Afterward, on the second day, they performed model fine-tuning by
using the Stable Diffusion Web UI, an image generation model using the LoRA as
a fine-tuning method that also has a relatively high operational complexity. On
the final day, participants use the MMtuning Web Platform, which enables users
to fine-tune and acquire models without a programming background through a

simplified operational process.
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Figure 4.5 This line plot illustrates the changes in workload for each participant
across different scenarios (Total Score). Each line represents a participant’s total
score in three experimental scenarios (Scenario 1, Scenario 2, and Scenario 3).
It is observed that participants generally reported a higher workload in Scenario
1, while their scores significantly decreased in Scenario 3, indicating a lighter
workload in that scenario. Different colors of the lines and markers represent

individual participants, highlighting their score trends across the scenarios.

Experimental results and analysis

Based on the individual workload variations for each participant shown in Figure
4.5 and the overall workload distribution for the different scenarios presented in
Figure 4.6, it can be observed that the participants’ workloads were generally at a
high level in Scenario 1. Further analysis reveals that the participants’ workload
decreased in Scenario 2, while in Scenario 3, the workload decreased significantly.

Figure 4.6 further reveals the distribution of scores, means, and medians of par-
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ticipants” workload in different scenarios. The results show that in Scenario 3, the
mean and median workload of the participants were significantly lower than in
the other scenarios. Scenario 1 had a higher technical threshold, resulting in par-
ticipants facing greater challenges in the PyTorch fine-tuning process, especially
in terms of code writing and environment configuration. In contrast, the Stable
Diffusion Web UI of Scenario 2, while providing an intuitive interface, was limited
in that it was only applicable to the image generation model and the complexity of
the interface was not conducive to efficient operation by users with non-technical

backgrounds.
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Figure 4.6 Box plot displaying the distribution of total scores across three sce-
narios (1, 2, and 3). Each box represents the interquartile range (IQR) of scores,
with the median indicated by a line inside the box. The mean scores (shown in
red) and median scores (shown in brown) are annotated for each scenario. The
results demonstrate that the mean and median total scores are highest in Scenario
1, followed by Scenario 2, with Scenario 3 showing the lowest scores, indicating a

significant reduction in workload across the scenarios.
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Subsequently, further statistical analysis in Table 4.4 showed that the workload
difference between Scene 1 and Scene 3 was significant, with a t-statistic of 10.996
and a p-value of 1 x 107?; and between Scene 2 and Scene 3, with a t-statistic of
9.371 and a p-value of 9 x 107, These results indicate that the MMtuning Web
platform reduces user workload and effectively lowers the technical barriers for

participants in fine-tuning visual-language multimodal models.

Table 4.4 T-test results comparing workload across different scenarios. Higher
t-statistics and lower p-values indicate stronger evidence of a significant difference

between scenarios.

Comparison | t-statistic | p-value Result

Seenario 1 vs 3 10.996 1 % 10 Scenario 3 has a significantly
. lower workload than Scenario 1

Seenario 2 vs 3 9.371 9 % 10-9 Scenario 3 has a significantly
nar v )

lower workload than Scenario 2

The experimental results confirm that the MMtuning Web Platform signifi-
cantly reduces user workloads compared to the PyTorch-based approach and the
Stable Diffusion Web UI. The MMtuning Web Platform substantially reduces
the workload and technical threshold by simplifying the operational process and
providing an intuitive user interface that allows designers from non-technical back-
grounds to fine-tune and be more accessible visual-language multimodal models

effortlessly.
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Chapter 5

Conclusion

5.1. Conclusion

This study introduces MMtuning, a Parameter-Efficient Fine-tuning (PEFT) frame-
work tailored for Multimodal Large Language Models (MM-LLMs). This frame-
work effectively dynamically integrates various multimodal expertise in the Multi-
Adapter block based on the input by employing an innovative multimodal skill
allocation matrix. In MMtuning, we developed the Interaction Enhancement
Block (IEB) and the Modality Weights Block (MWB). These two blocks aim
to enhance knowledge-sharing across modalities by identifying the similarity and
heterogeneity among all input modalities and optimizing the learning ability of
modality-specific routing matrices. Consequently, they facilitate the construction
of the most suitable shared-skill matrix and the multimodal skill allocation ma-
trix at the sample level, instantiating the fine-grained extraction of the optimal
multimodal skill subset from the task-relevant skill inventory. By incorporating
low-rank LoRA adapters into the adapter modules of MMtuning, designed to ex-
tract task-relevant skill inventory, efficient fine-tuning of multimodal tasks has
been successfully achieved within limited computational resources. In addition,
we also conducted an in-depth investigation into the effectiveness of the MMtuning
framework with a comprehensive comparative analysis and ablation study. At the
same time, we also accomplish some interpretability analysis for the MMtuning
framework. Finally, the experimental results reveal that irrespective of the scale
of fine-tuning parameters, MMtuning displays exceptional proficiency in handling
multimodal tasks, outperforms existing PEFT baselines, and attains state-of-the-
art performance. These findings underscore the significance and transformative
potential of our MMtuning framework for parameter-efficient multimodal down-
stream tasks within MM-LLMs.
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In addition, comparative user experiments provide direct evidence that Web
platforms built on the MMtuning framework can significantly lower the techni-
cal barriers faced by users from non-Al backgrounds in fine-tuning multimodal
models to fit their specific needs. The platform’s intuitive interface and simpli-
fied workflow enable users such as designers and software engineers with limited
deep-learning expertise to bypass the complexity of traditional coding-based ap-
proaches. By allowing users to upload datasets, select appropriate models, and
fine-tune them with minimal technical effort, the MMtuning-based Web platform

significantly reduces user workload.

5.2. Contribution of the MMtuning Framework

In this study, my essential contributions for the Fine-tuning field are outlined
below:

o We have extended the concepts of ”skill inventory” and ”skill allocation ma-
trix” from multi-task PEFT to multimodal PEFT and introduced a more
fine-grained mechanism for extracting optimal multimodal skill subsets at
the sample level. This method enhances the model’s adaptability and per-
formance across various multimodal tasks by constructing an elaborated
multimodal skill allocation mechanism that dynamically selects the most

relevant multimodal skills from the skill inventory based on the input.

e We demonstrate that in multimodal scenarios, separating the input infor-
mation from different modalities into individual modality-specific routing
matrices is more effective in obtaining an optimal multimodal skill alloca-
tion matrix according to sample-level input than traditional approaches of

processing all input information.

e Within the MMtuning framework, We introduce IEB and MWB. IEB is
dedicated to enhancing the information exchange and knowledge sharing
of different modality-specific routing matrices, thus improving the learning
efficiency of each routing matrix. On the other hand, MWB assigns spe-

cific weights to each modality-specific routing matrix through a dynamic
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weight allocation mechanism, to ensure the stability of the multimodal skill

allocation matrix and achieve optimal decisions.

e We have explored the multimodal skill allocation matrix in detail. By an-
alyzing each routing matrix, we empirically demonstrate how the language
model of MM-LLMs progressively refines and integrates the distribution of
different multimodal skill subsets in different model depths.

e We performed ablation experiments to validate the performance of IEB and
MWB in the MMtuning framework. A series of comparative experiments
establishes that MMtuning is the current state-of-the-art approach (SOTA)
in the field of PEFT for MM-LLMs.

5.3. Contributions of MMtuning’s Application

e We have released the MMtuning series code on GitHub (link:
https://github.com/qiaoliamor /MMtuning), packaged as a user-friendly and
well-documented Python library. This open-source release provides devel-
opers and researchers with a convenient tool for applying and extending the
MMtuning framework in multimodal fine-tuning tasks. This initiative aims
to promote the broader adoption and continued innovation of parameter-

efficient fine-tuning in multimodal large language models.

e Based on the MMtuning framework, we build a user-friendly web platform
that enables non-deep learning users to access multimodal models more con-
veniently. The scale results of NASA-TLX indicate that, compared to other
popular methods, the platform significantly reduces the workload and tech-
nical barriers of the users when accessing visual-language multimodal mod-
els. Therefore, we expect that the platform will play a significant role in
the broader application and popularization of visual-language multimodal

models.
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5. Conclusion 5.4. Limitations of the MMtuning Framework

5.4. Limitations of the MMtuning Framework

Several limitations must be explicitly recognized. First, our experiments are
based entirely on the Q-former architecture in BLIP2. Despite our significant
achievements, the effectiveness of the MMtuning framework in other MM-LLMs
frameworks remains to be verified. Second, MM-LLMs are often implemented
in multi-task scenarios. However, the performance of MMtuning in multimodal
multitask scenarios has not been comprehensively experimentally verified. Third,
the MMtuning framework heavily relies on pre-trained bridge connectors to effec-
tively align inputs from different modalities, thereby enhancing the performance of
multimodal information processing. However, these pre-trained bridge connectors
are typically designed for specific modality pairs, which significantly constrains
the adaptability and scalability of MMtuning when applied to a broader range
of multimodal tasks. Furthermore, MMtuning depends on the powerful encoding
capabilities of large language models (LLMs) to extract and integrate multimodal
information. Nevertheless, not all multimodal tasks require or are well-suited for

LLMs, potentially leading to inefficient resource utilization.

5.5. Limitations of the MMtuning Web Platform

Additionally, while the MMtuning Web Platform lowers technical barriers by pro-
viding a user-friendly interface, from feedback many users without an Al back-
ground may still struggle to effectively integrate multimodal models into their
design or software applications. This highlights the need for further research on
making multimodal models more accessible in practical design and application

scenarios.

5.6. Future Work

These limitations above will be prioritized as key directions for future work. Ad-
ditionally, our current research focuses on constructing the multimodal skill allo-
cation matrix. However, adapting adapters for extracting domain-specific knowl-

edge more efficiently in a multimodal context needs further research. Moreover,
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it is necessary to explore how the multimodal skill allocation matrix and adapter
parameters in the MMtuning framework synergistically affect the performance
and behavior of the model and conduct related interpretability research. Further-
more, future research will focus on further iterating and optimizing the MMtuning
framework to eliminate reliance on pre-trained bridge connectors. The goal is to
enhance its adaptability to various high-performance pre-trained unimodal models
and multimodal tasks.

Furthermore, in terms of applications, future work will focus on developing
more cost-effective and user-friendly multimodal Al applications to further lower
the technological barriers of multimodal models. Specifically, we will explore
more intuitive interactive software to help non-expert users seamlessly integrate

multimodal models into their design and application workflows.
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