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Abstract

Multimodal large language models (MLLMs)
face challenges in efficiently adapting to di-
verse input types, such as text and images, due
to the difficulty of processing heterogeneous
modalities with a uniform approach. Tradi-
tional parameter-efficient fine-tuning (PEFT)
methods, like LoRA, often treat all modali-
ties equally, overlooking the need for modality-
specific processing. To address this, we
propose MAMOoE-LoRA, a modality-aware
framework that enhances expert specializa-
tion through a mixture-of-experts (MoE) ar-
chitecture. Our approach organizes experts
into three distinct pools: modality-specific ex-
perts for each input type, modality-shared ex-
perts for cross-modal integration, and always-
active experts for consistent, domain-agnostic
adaptation. We introduce an enhanced gat-
ing mechanism that utilizes causal-aware fea-
tures and modality embeddings to intelligently
route tokens to the most suitable experts. Addi-
tionally, we apply similarity regularization to
maintain expert diversity and prevent overfit-
ting. Experiments across multiple multimodal
benchmarks demonstrate that MAMoE-LoRA
achieves strong performance with minimal pa-
rameter overhead, requiring only 1.83-2.53%
of trainable parameters while outperforming
existing PEFT methods.

1 Introduction

The emergence of multimodal large language mod-
els (MLLMs) has revolutionized artificial intel-
ligence, enabling unprecedented capabilities in
vision-language understanding (Alayrac et al.,
2022; Li et al., 2023). Models such as Qwen2.5-
VL (Bai et al., 2025), GPT-40 (OpenAl et al., 2024),
and LLaVA (Liu et al., 2023) demonstrate remark-
able proficiency across diverse multimodal tasks.
However, adapting these billion-parameter models
to specialized domains presents significant compu-
tational challenges (Han et al., 2024).

Parameter-efficient fine-tuning (PEFT) methods
address this challenge by adapting models while
freezing most pre-trained parameters. Low-Rank
Adaptation (LoRA) (Hu et al., 2022) has become
particularly prominent, decomposing weight up-
dates into low-rank matrices to reduce trainable
parameters by orders of magnitude while achieving
performance comparable to full fine-tuning. How-
ever, extending PEFT to multimodal scenarios in-
troduces fundamental challenges. The heterogene-
ity of multimodal inputs—encompassing distinct
feature distributions and processing requirements
across text and vision—creates a complex optimiza-
tion landscape that traditional PEFT approaches
struggle to navigate.

Recent studies reveal that standard LoRA suf-
fers from modality competition in multimodal set-
tings (Wei et al., 2025; Huang et al., 2022): shared
parameters optimized for one modality can de-
grade performance on another, and uniform param-
eter sharing fails to accommodate diverse vision-
language task requirements (Shen et al., 2024).
This highlights a critical tension between parameter
efficiency and modality-specific adaptation. While
unified sharing promotes efficiency, it constrains
the model’s ability to develop specialized represen-
tations for distinct modalities—particularly prob-
lematic for complex tasks requiring nuanced under-
standing of modality-specific patterns and cross-
modal interactions (Hadji-Kyriacou and Arand-
jelovic, 2023).

We propose Modality-Aware Mixture of Ex-
perts Low-Rank Adaptation (MAMOoE-LoRA),
a framework that reconciles parameter efficiency
with modality-specific adaptation through hierar-
chical expert organization. Our approach main-
tains separate LoRA expert pools for each modality,
complemented by shared experts for cross-modal
knowledge transfer and always-active experts for
universal representations (Liu et al., 2018). Three
key innovations enable this: (1) modality-specific
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Figure 1: Performance and parameter efficiency across multi-modal benchmarks. (7op) Performance compar-
ison on datasets with task-specific accuracy ranges. MAMOoE-LoRA consistently achieves the best performance
across all tasks. (Bottom) Trainable parameter overhead. MAMOoE-LoRA attains optimal efficiency-performance
trade-off at 2.53% parameters, outperforming methods with higher overhead (DoRA: 4.26%, LoRA r=64: 4.22%)
while avoiding the performance degradation of extremely low-rank methods (LoRA r=8: 0.55%).

expert pools for specialized adaptation, (2) an en- Expert Routing Distribution
hanced gating mechanism incorporating causal-
aware features for intelligent routing, and (3) simi-
larity regularization enforcing expert diversity and
preventing collapse.Our contributions are:
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chitecture that organizes LoRA experts into ” Expertindex
modality-specific and shared pools, enabling
specialized adaptation and effective cross-
modal knowledge transfer.

Figure 2: Expert routing distribution in traditional MoE-
LoRA across two modalities. The uniform activation
patterns indicate insufficient modality specialization.

* An enhanced gating mechanism that incor-
porates causal-aware feature extraction to im-
prove expert routing under multimodal and
temporal contexts.

diverse benchmarks while maintaining exceptional
parameter efficiency, validating that explicit modal-
ity modeling is essential for effective multimodal

. oy |
* A similarity regularization strategy that ex- adaptation. We release our code publicly ".

plicitly enforces expert diversity across differ-
ent modality-specific expert pools.

2 Related Work

Parameter-Efficient Fine-Tuning (PEFT). Adapt-
ing large pre-trained models with minimal trainable
parameters has become standard practice. Early ap-

proaches include adapter modules (Houlsby et al.,

* Extensive experiments demonstrating state-
of-the-art performance while updating only
1.83-2.53% of the model parameters.

As shown in Figure; 1.’ MAMOoE-LoRA consis- Yhttps://anonymous. 4open.science/r/
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2019), which insert small trainable networks into
transformer layers, and prompt-based methods like
prefix-tuning (Li and Liang, 2021), which learn
continuous input embeddings without modifying
model weights. Most notably, LoRA (Hu et al.,
2022) injects trainable low-rank matrices into each
layer, reducing trainable parameters by orders of
magnitude while achieving performance compa-
rable to full fine-tuning. Recent extensions in-
clude UORA (Zhang et al., 2025), which intro-
duces orthogonal initialization for improved stabil-
ity, and L4Q (Jeon et al., 2025), which integrates
quantization-aware training with LoRA for supe-
rior low-bit accuracy.

PEFT for Vision-Language Models. Extend-
ing PEFT to multimodal transformers presents
unique challenges. In dual-encoder models
like CLIP, adapter-based methods such as CLIP-
Adapter, Tip-Adapter (Zhang et al., 2021),
and XMAdapter (Zhou et al., 2022) fine-tune
lightweight networks on modality-specific embed-
dings. However, these methods adapt each modal-
ity independently, "ignoring interactions between
different modalities" (Seputis et al., 2024). To
address this, Multi-Modal Adapter adds cross-
attention for joint adaptation, while LLaMA-
Adapter v2 (Gao et al., 2023) shows that LoRA-
style modules can effectively align visual inputs to
frozen LLMs. Recent work explores fine-grained
alignment strategies: (Guo et al., 2025) achieve
cross-modal semantic alignment with 0.25M pa-
rameters via prompt learning, while MoReS (Bi
et al., 2025) steers visual representations through
linear subspace transformations to rebalance text-
vision attention.

Mixture-of-Experts for Adaptation. Combin-
ing parameter-efficient fine-tuning with Mixture-
of-Experts (MoE) has proven effective for efficient
model adaptation. Prior work integrates multiple
LoRA experts into frozen LLMs with sparse rout-
ing to approach full fine-tuning performance using
less than 1% trainable parameters (Zadouri et al.,
2024).Subsequent methods explore LoRA-based
MOokE designs for multi-task learning (Li et al., 2024;
Luo et al., 2024), as well as heterogeneous expert
allocation and task-conditioned routing (Gao et al.,
2025; Feng et al., 2024).

However, these MoE-based approaches are de-
signed for unimodal scenarios and fail to address
multimodal adaptation challenges. As shown in
Figure 2, traditional MoE-LoRA exhibits three crit-
ical limitations: (1) Lack of modality specializa-

tion—expert activation weights show nearly identi-
cal patterns across modalities (0.11-0.14 range); (2)
Expert homogenization—all experts exhibit sim-
ilar frequencies (~0.125), suggesting functional
equivalence; (3) Insufficient modality discrim-
ination—maximum inter-modality difference is
merely 0.03. These patterns reveal quasi-random
expert selection in multimodal contexts, failing to
exploit cross-modal heterogeneity. Our MAMOoE-
LoRA addresses these limitations through explicit
modality-aware expert organization and enhanced
routing mechanisms.

3 Methodology

We present Modality-Aware Mixture of Experts
Low-Rank Adaptation (MAMoE-LoRA), a frame-
work that efficiently adapts multimodal large lan-
guage models through hierarchical expert organiza-
tion and modality-aware routing.

3.1 Problem Formulation

Given a pre-trained vision-language model M with
frozen parameters ©, we adapt it for downstream
multimodal tasks while maintaining parameter ef-
ficiency. Let X = {xi,Xo,...,x7} € RT*d
denote the input sequence of length 7" with hid-
den dimension d, and M = {mj,ma,...,mp}
represent modality indicators where m; €
{0,1,..., K — 1} for K modalities.
The adaptation objective is:

Y = F(X,M; 0, A0), (1)

where F is the adapted model and A© represents
trainable parameters enable modality-specific adap-
tation while preserving cross-modal interactions.

3.2 MAMOE-LoRA Architecture

Our framework comprises three key components:
modality-enhanced gating, hierarchical expert orga-
nization, and causal-aware feature extraction. Fig-
ure 3 illustrates the overall architecture.

3.2.1 Modality-Enhanced Gating

Traditional MoE routing relies solely on input con-
tent. We incorporate modality information and
temporal statistics to improve expert selection:

Gate(x¢,s¢) = TopK(Wy(xt4€m, ) +bg+a-Wisy), (2)

where e,,, € R? is the modality embedding for
token t, W, € RV*4 and W, € RV** are learn-
able weight matrices for N experts, and s; € R*
captures distributional statistics.
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Figure 3: MAMOoE-LoRA architecture overview. Modality embeddings and causal pooling statistics guide Top-K
expert routing. Hierarchical expert organization includes modality-specific pools, shared pools, and always-active

LoRA, integrated via residual connections.

Causal-Aware Feature Extraction To preserve
autoregressive properties, we extract temporal con-
text using causal pooling and statistical features
capture distributional characteristics:

t

R 1
% = ;Z(xi +em,) (3)
=1
S5t = [,Uta Ot, Hl?.X, mtin]Ta (4)

where pi;, o, max;, and min; are mean, standard
deviation, maximum, and minimum of xX;. This
ensures routing decisions at position ¢ depend only
on current and previous tokens.

3.2.2 Hierarchical Expert Organization

We organize experts into three tiers to capture dif-
ferent levels of modality interactions:

Modality-Specific Experts For each modality
ke€{0,1,...,K — 1}, we maintain N LoRA ex-
perts {ka), . ,Sz(f)}:

P ) = Wi Wx- 2, (5)

where Wffz e R™*4 and Wgﬂ)z € R are down-

projection and up-projection matrices with rank r
and scaling factor a.

Modality-Shared Experts

{51(8), e ,5](\?)} processes tokens from all modali-
ties to capture cross-modal interactions:

A shared expert pool

wg), idxgs) — Gate®® (x¢ + €emy,8¢).  (6)

Always-Active Experts We include always-
active shared experts £(*) that contribute to all to-
kens, implemented as a single LoRA module.

3.2.3 Forward Computation

For token x; with modality m,, the final output
combines all expert tiers:

vi= Y wt(?”%(mt)(m)
i€TopK (mt)

FY e+ £,

j€TopK(®)

(N

where TopK (™) and TopK(®) denote selected ex-
pert indices for modality-specific/shared pools.

3.3 Training Objective

The training objective combines task loss with sim-
ilarity regularization:

L= /v‘task + /\ﬁsima (8)

where L, is cross-entropy loss.



Table 1: Performance comparison on the ScienceQA benchmark. Accuracy (%) is reported for six categories:
Natural Science (NAT), Social Science (SOC), Language Science (LAN), Text-only (TXT), Image-based (IMG),
and No-context (NO). Results of the first four methods are taken from ScienceQA paper. Train.(%) denotes the ratio
of trainable parameters. Bold and underlined numbers indicate the best and second-best results, respectively.

Method Train. (%) NAT SOC LAN TXT IMG NO Average
UnifiedQA BASE (CoT) 100 71.00 76.04 7891 6642 6653 81.81 74.11
LLaMA-Adapter 6B - 84.37 88.30 84.36 83.72 80.32 86.90 85.19
LLaVA 13B 100 90.36 95.95 88.00 89.49 88.00 90.66  90.92
GPT-4 w/ CoT - 85.48 7244 90.27 82.65 7149 92.89 83.99
PEFT Methods on Qwen2.5-VL-3B

Few-shot 0.00 57.15 49.04 67.27 5425 51.66 68.99  60.12
LoRA r=8 0.55 90.00 92.80 83.64 89.54 8790 86.06 88.94
LoRA r=64 4.22 9436 98.09 8945 94.13 9425 91.15 93.87
LoHA 8.10 86.10 86.39 79.55 84.65 82.80 8244  84.46
DoRA 4.26 94.40 97.98 8991 94.28 94.40 91.29 93.99
BoFT 1.98 93.34 98.31 89.27 9296 9296 91.01 93.33
KRAdapter 1.06 85.08 8346 78.18 83.08 8145 8097 82.95
MoELoRA 3.85 9227 97.08 88.82 9198 91.67 90.31  92.38
FusionLoRA 3.82 94.18 97.64 90.18 93.74 9351 91.85 93.87
MAMOoE-LoRA (Ours) 1.83 95.83 97.64 90.09 95.65 95.54 91.57 94.72

The similarity regularization encourages expert
diversity across modalities:

K
1 s
Lm = ———— Y _ Y CosSim(©®,00)),
K(K —1) & <
)

where ©(") denotes concatenated parameters of all
experts in modality ¢, preventing expert collapse
while maintaining modality specialization.

3.4 Integration with Vision-Language Models

MAMOoE-LoRA integrates into decoder layers as an
additional adaptation branch. For each transformer
layer [:

h(*+Y = h® + MAMOE-LoRAY (LN(h(®)),
(10)
where h() denotes hidden states at layer [ and
LN(-) is layer normalization. This residual inte-
gration leverages pre-trained representations while
introducing minimal computational overhead.

4 Experiment

4.1 Experiment Setting

Datasets. To comprehensively evaluate the effec-
tiveness of parameter-efficient fine-tuning methods
on multi-modal large language models, we con-
duct experiments on three widely-adopted bench-
marks that require joint understanding of visual and

textual information: ScienceQA, which contains
multiple-choice science questions spanning natu-
ral science, social science, and language science
at elementary and high school levels (Saikh et al.,
2022); ChartQA, a benchmark designed for ques-
tion answering about charts requiring both visual
perception and logical reasoning over visualized
data (Masry et al., 2022); And CSVQA, a Chinese
Multimodal Benchmark for Evaluating STEM Rea-
soning Capabilities of VLMs (Jian et al., 2025).
These datasets collectively assess diverse capabil-
ities of VLMs using PEFT method including sci-
entific reasoning, chart comprehension, and struc-
tured data interpretation, providing a robust testbed
for multi-modal understanding.

Baseline. We compare our proposed method
against two categories of baselines. The first cate-
gory consists of large-scale foundation models eval-
uated in a zero-shot setting without task-specific
fine-tuning, including both open-source models
(e.g., Qwen2.5-VL (Bai et al., 2025), LLaVA (Bi
et al., 2025), GLM-4.6V (Team et al., 2025)) and
closed-source models (e.g., GPT-4 (OpenAl et al.,
2024), Gemini2.5 (Comanici et al., 2025)). These
models represent the upper bound of pre-trained
capabilities on multi-modal tasks. The second
category comprises excellent parameter-efficient
fine-tuning methods that adapt pre-trained models
with minimal trainable parameters. This includes



Table 2: Comprehensive performance comparison on CSVQA dataset. The table includes excellent open-source
and closed-source VLMs as baselines are taken from CSVQA papers, followed by PEFT methods applied to
Qwen2.5-VL-3B. Bold indicates best performance among PEFT methods, underline indicates second-best.

Method Model Train. Train. Overall Bio Chem Math Phys Open MC Easy Med Hard
Size Size (%)
Open-source VLMs (Full Model)
Deepseek-VL2 4.5B - - 7.00 6.20  7.60 450 8.00 6.00 - - - -
LLaVA1.5-13B 13B - - 10.70 9.40 5.40 5.50 4.00 7.80 - - - -
MonolnternVL 2B - - 7.30 9.10 920 1090 3.00 9.80 - - - -
Pixtral-12B 12B - - 15.30 8.80 8.60 10.00 5.00 10.90 - - - -
Phi-4 14B - - 13.30  16.10  8.90 830 7.00 11.80 - - - -
Gemma3-27B 27B - - 26.00 2350 27.00 17.10 23.00 22.90 - - - -
InternvI2-5-78B 78B - - 36.30  36.10 24.10 19.70 16.00 29.30 - - - -
QVQ-72B 72B - - 40.70  41.30 33.70 32.00 32.00 36.90 - - - -
Closed-source VLMs (Full Model)
GPT-40 - - - 23.60 28.00 23.50 23.50 20.60 18.00 24.00 - - -
Claude3.7 - - - 36.60 41.70 38.10 37.10 31.30 32.00 36.90 - - -
Gemini2.0-flash - - - 44.10  45.00 4550 47.60 39.80 46.00 44.00 - - -
ol - - - 49.60 46.20 45.10 59.00 49.10 41.30 50.20 - - -
PEFT Methods on Qwen2.5-VL-3B
Zero-shot 3.7B - - 0.73 3.16  0.00 0.00 0.00 000 078 1.1l 072 0.00
LoRA (r=8) 3.7B 20M 0.55 32.69 4842 5446 13.13 17.80 0.00 3497 4222 3441 227
LoRA (r=64) 3.9B 165M 422 38.98 50.53 5743 2525 2542 741 41.19 47778 4122 6.82
KRAdapter 3.8B 20M 0.53 39.23 52.63 57.43 2323 2627 370 41.71 48.89 4122 6.82
DoRA (r=64) 4.0B 166M  4.26 38.74 52.63 57.43 2424 2373 741 4093 47778 4086 6.82
BoFT 3.8B 75M 1.98 35,59 4632 5149 2424 2288 0.00 38.08 46.67 3656 6.82
FusionLoRA 4.0B 155M  3.82 40.92 54.74 5842 2626 27.12 370 43.52 47.78 43.73 9.09
MoELoRA 4.0B 156M  3.85 4092 5158 5941 2828 27.12 741 4326 50.00 4337 6.82
MAMOE-LoRA (Ours) 3.9B 99M 2.53 41.40 51.58 56.44 3434 2627 7.41 43.78 50.00 44.09 6.82

LoRA, which applies low-rank decomposition to
weight updates (Hu et al., 2022); DoRA, which
decomposes weight updates into magnitude and
direction components (Liu et al., 2024a); LoHa,
which employs Hadamard product-based low-rank
adaptation for enhanced expressiveness (Hyeon-
Woo et al., 2022); KRAdapter, which leverages
the Khatri-Rao product to achieve higher effective
rank in weight updates (Albert et al., 2025); BOFT,
which uses butterfly-structured orthogonal trans-
formations for parameter-efficient adaptation (Liu
et al., 2024b); and MoELoRA, which considers
LoRA as a Mixture of Experts architecture with
dynamic expert selection (Li et al., 2024). These
methods represent diverse design philosophies in
PEFT, from low-rank approximation to orthogonal
transformations and MoE architectures.

Implementation. We use a unified training
framework with consistent hyperparameters across
PEFT methods. For CSVQA, we use a 70/30 train-
test split. Models are fine-tuned independently per
dataset with performance averaged over three ran-
dom seeds. For MoE-based methods, we set ex-
pert count N € {2,4, 8} based on task complex-
ity. Zero-shot baselines use task-specific prompts.

Evaluation uses exact match accuracy for multiple-
choice and relaxed accuracy for numerical answers.
Training uses NVIDIA GPUs.

4.2 Result Analysis

Tables 1, 4, and 2 present comprehensive com-
parisons across all three benchmarks. Our anal-
ysis reveals several key findings regarding param-
eter efficiency, cross-task generalization, and ar-
chitectural design choices. Overall Performance.
MAMOoE-LoRA achieves excellent results among
PEFT methods: 94.72% on ScienceQA, 75.24% on
ChartQA, and 41.40% on CSVQA, using only 1.83—
2.53% trainable parameters. On ScienceQA, we
surpass DoRA (93.99%) by 0.73 points with 2.43%
fewer parameters. On ChartQA, we outperform
MOoELoRA (74.80%) by 0.44 points with 36.5%
fewer parameters, validating our MoE architecture.

Comparison with Foundation Models. While
closed-source models like Claude-3.7-Sonnet
(82.31% on ChartQA) and o1 (49.60% on CSVQA)
achieve higher absolute performance, MAMOoE-
LoRA demonstrates remarkable efficiency. On
ScienceQA, our method achieves 94.72%, ap-
proaching GPT-4 w/ CoT (83.99%) and surpassing
LLaMA-Adapter 6B (85.19%), while using only a



Table 3: Ablation study on ScienceQA. We report accuracy (%) and absolute drops (A) relative to the full model.

Checkmarks indicate included components.

COMPONENTS ACCURACY (%)
Method Static Modal Sim Shared General Im Overall
Scale Pool Loss LoRA Pool g
MAMOoE-LoRA (Full) v v v v v 95.54 94.72
w/o Static Scale v v v v 95.48 (-0.06)  94.69 (-0.04)
w/o Sim Penalty v v v v 95.04 (-0.50)  94.03 (-0.69)
w/o Shared LoRA v v v v 94.94 (-0.60)  93.63 (-1.09)
w/o General Pool v v v v 94.59 (-0.95)  93.37 (-1.35)
w/o Modal & Sim v v v 91.42 (-4.12)  91.86 (-2.86)

Table 4: Performance comparison on the ChartQA
dataset. Results for both closed-source and open-source
models are obtained from our own experiments, with
detailed settings described in the appendix.

Method Param (%) Average
Closed-source Models

Grok-3 - 48.02
GPT-4.1 - 73.16
Claude-3.7-Sonnet - 82.31
Qwen-VL-Max - 56.13
Open-source Models

GLM-4.6v - 38.02
Qwen2.5-VL-72B-Instruct - 57.20
PEFT Methods (Base: Qwen2.5-VL-3B)

LoRA (r = 8,a = 16) 0.55 74.44
LoRA (r = 64, = 128) 4.22 74.08
LoHa (r = 64) 8.10 74.00
DoRA (r = 64) 4.26 74.12
FusionLoRA (r = 256) 3.82 72.92
BoFT 1.98 70.84
MoELoRA 3.85 74.80
KRAdapter 1.06 74.44
MAMOoE-LoRA (Ours) 2.53 75.24

3.7B base model with 1.83% parameters fine-tuned.
Against open-source models, MAMoE-LoRA sub-
stantially outperforms Qwen2.5-VL-72B-Instruct
(57.20% on ChartQA) despite using 19x fewer pa-
rameters, validating that efficient fine-tuning com-
pensates for model scale limitations.

Parameter Efficiency Analysis. The rela-
tionship between trainable parameters and perfor-
mance reveals critical insights. On ScienceQA,
MAMOE-LoRA (1.83%, 94.72%) outperforms
LoRA r=64 (4.22%, 93.87%) with 57% fewer
parameters, indicating superior parameter utiliza-
tion. Conversely, extremely low-rank methods like
LoRA r=8 (0.55%) achieve 88.94% on ScienceQA,
substantially underperforming despite similar ef-
ficiency. This pattern holds across datasets: on

Table 5: Efficiency comparison on CSVQA. Training
and inference time normalized to LoRA r=64.

Method Params Acc. Train Infer

(%) (%) Time Time
LoRA r=64 4.22 3898 1.00x 1.00x
KRAdapter 0.53 39.23 1.66x 1.49x
DoRA r=64 4.26 38.74 1.86x 1.96x
MoELoRA 3.85 4092 1.08x 0.94x
MAMOoE-LoRA 2.53 41.40 1.10x 0.95x

ChartQA, LoRA r=8 achieves 74.44% while LoRA
r=64 achieves 74.08%.

Domain-Specific Analysis. MAMoE-LoRA
achieves top performance on most ScienceQA cate-
gories: 95.83% on NAT (vs. GPT-4’s 85.48%),
95.65% on TXT, and 95.54% on IMG. BoFT
slightly outperforms on SOC (98.31% vs. 97.64%),
suggesting domain-specific architectural benefits.
On CSVQA, MAMOoE-LoRA excels in Mathemat-
ics (34.34%, +21.4% over MoELoRA’s 28.28%)
while maintaining competitive performance on
Chemistry (56.44%) and Physics (26.27%), demon-
strating superior quantitative reasoning.

Modality-Specific Performance. On Sci-
enceQA, comparing IMG (95.54%), TXT
(95.65%), and NO (91.57%) contexts reveals con-
sistent high performance across modalities, with
slightly lower scores on no-context questions that
require pure knowledge recall. This pattern differs
from baselines: GPT-4 shows larger variance
(71.49% on IMG vs. 92.89% on NO), indicating
less robust multi-modal integration. The consistent
performance across modalities suggests that
MAMOE-LoRA effectively captures cross-modal
dependencies through expert specialization.

Key Takeaways. Our experimental results
demonstrate that: (1) MAMOoE-LoRA achieves op-
timal trade-offs between performance and parame-



ter efficiency across diverse multi-modal tasks; (2)
Moderate parameter allocation (1.83-2.53%) with
expert-based routing outperforms both extremely
low-rank and high-rank monolithic adaptations.

4.3 Efficiency Analysis

Table 5 compares computational efficiency on
CSVQA, with time normalized to LoRA r=64.
MAMOE-LoRA achieves best accuracy (41.40%)
using only 2.53% parameters with competitive ef-
ficiency (1.10x training, 0.95x inference). De-
spite dynamic expert routing, overhead remains
comparable to MoELoRA while delivering +0.48%
accuracy improvement. Extreme parameter re-
duction (KRAdapter: 0.53%) incurs substantial
computational penalties (1.66x, 1.49x), while
DoRA suffers the highest overhead (1.86 %, 1.96x).
MAMOE-LoRA thus achieves optimal balance for
practical deployment.

4.4 Ablation Study

We systematically validate each component’s con-
tribution through ablation experiments on Sci-
enceQA. Table 3 demonstrates that removing any
component degrades performance, confirming the
necessity of our hierarchical design.
Modality-Specific Pools. Removing component
causes the largest performance drop (-2.86% over-
all, -4.12% on IMG), validating our core hypothe-
sis that explicit modality specialization is essential.
Without dedicated pools, shared experts face a rep-
resentational bottleneck when handling divergent
visual and textual reasoning requirements.
Always-Active LoRA. Removing component re-
duces performance by -1.35%, demonstrating its
role in providing universal adaptation across all
tokens and preventing routing failures.

Shared Expert Pool. Without shared experts, per-
formance drops by -1.09%, confirming their im-
portance for cross-modal knowledge transfer in
questions requiring joint visual-textual reasoning.
Similarity Regularization. Removing the sim-
ilarity loss causes -0.69% degradation. Without
explicit diversity enforcement, experts converge
to similar parameters through collapse, losing
modality-specific specialization.

Causal Static Features. Removing static features
results in -0.04% drop. While the impact is mod-
est, these features enable context-dependent expert
selection, particularly valuable when sequence con-
text matters.

Synergistic Effects. The combined removal of
modality pools and similarity loss (-2.86%) demon-
strates these components work synergistically:
modality specialization requires both architectural
support (dedicated pools) and training objectives
(diversity regularization).

5 Conclusion

We introduce MAMOoE-LoRA, a modality-aware
parameter-efficient fine-tuning method for mul-
timodal large language models. MAMOoE-
LoRA organizes LoRA experts into hierarchical
pools—modality-specific experts for specialized
adaptation, shared experts for cross-modal integra-
tion, and always-active experts for universal repre-
sentations. This organization enables element-wise
modality processing while maintaining efficient pa-
rameter usage. The enhanced gating mechanism in-
corporates modality embeddings and causal-aware
features to route tokens intelligently, while simi-
larity regularization prevents expert collapse and
maintains functional diversity.

We demonstrate the efficiency of MAMOoE-
LoRA, which achieves strong performance with
substantially reduced trainable parameters com-
pared to traditional PEFT methods. Moreover,
since the hierarchical expert structure is designed
to explicitly model modality differences, it main-
tains inference efficiency while avoiding the repre-
sentational bottlenecks of uniform adaptation ap-
proaches. The effectiveness of MAMOoE-LoRA
as a multimodal adaptation framework is further
supported by experimental results across diverse
benchmarks. MAMOoE-LoRA consistently achieves
superior performance in vision-language tasks,
demonstrating enhanced adaptability compared to
existing LoRA variants and MoE-based methods
that lack modality-aware design.

Limitations

Our work has several limitations that suggest direc-
tions for future research.

Model Scale. Experiments are conducted on mod-
els up to 3.7B parameters (Qwen2.5-VL-3B). Scal-
ability to larger models (e.g., 70B+ parameters) and
their expert utilization patterns remain unexplored.
Modality and Task Coverage. Our evaluation
focuses on two-modality vision-language tasks; ex-
tension to richer modalities (audio, video, 3D) and
broader task types (generation, dense prediction)
remains future work.



Expert Architecture. Our design uses uniform
expert allocation across modalities. Heterogeneous
configurations—varying expert counts, ranks, or
adaptive Top-K routing based on modality charac-
teristics—may yield further improvements.
Interpretability. While our method improves accu-
racy, the internal cross-modality mechanisms and
the specialization of modality-specific experts re-
main underexplored.

Future work should investigate scaling to larger
models, extending to multi-modality scenarios be-
yond vision-language, designing adaptive expert
allocation strategies, and conducting interpretabil-
ity studies to understand emergent specialization
patterns.
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A Prompting and LLM-based Inference
Details

This appendix describes the prompting strategy and
large language model (LLM)-based inference and
evaluation pipeline used in our experiments, partic-
ularly for ChartQA-style multimodal question an-
swering. All prompts are fixed across experiments
to ensure reproducibility and fair comparison.

A.1 System Prompts

We employ predefined system prompts to guide
LLM behavior during inference. These prompts
are not modified during training or evaluation.

A.1.1 English Science Question Answering
Prompt

The following system prompt is used for science-
related multiple-choice question answering tasks,
where each question may optionally include an
image (e.g., charts or diagrams):
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You are a highly intelligent assistant
specialized in answering science-related
multiple-choice questions. Each question may
include an image.

Your task is to analyze the question, consider
the provided image if available, and give the
answer.

If an explanation is required, provide a
concise and clear explanation for your choice.
Format your response as follows:

Answer: <Your Answer>

Explanation: <Your Explanation (if
applicable)>.

Always ensure your answers are based on
scientific knowledge and logical reasoning.
(safe and brief mode)

This prompt enforces a structured output format
and encourages concise, scientifically grounded
reasoning.

A.2 Evaluation Prompt

To automatically assess the correctness of model-
generated answers, we employ a separate LLM as
an evaluator with a fixed evaluation prompt:

You are an AI assistant tasked with evaluating
the correctness of answers generated by another
AI model. You will be provided with the correct
answer and the model’s response.

If the response is correct, return ’Correct’.

If the response is incorrect, return
’Incorrect’.

Format your response as follows: Result:
<Correct/Incorrect> Explanation: <Your

Explanation (if applicable)>

The evaluator strictly performs answer matching
and does not generate task outputs.

A.3 LLM-based Inference and Evaluation
Pipeline

For ChartQA inference, we adopt a two-stage
pipeline consisting of LLM-based reasoning and
LLM-based answer verification.

A.3.1 Inference Stage

Given an input sample consisting of a question and
an optional chart image, we construct the inference
input as follows:

» Text input: the question text.

* Image input: the associated chart image, if
available.

* System prompt: the science QA prompt de-
scribed in Section A.1.
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The LLLM generates a structured response con-
taining an answer and, when applicable, a brief
explanation.

A.3.2 Evaluation Stage

The generated response is subsequently evaluated
by a separate LLM using the evaluation prompt
described in Section A.2. Given the ground-truth
answer and the model response, the evaluator out-
puts a binary judgment:

1D

This automated evaluation protocol reduces am-
biguity in answer matching and ensures consistent
evaluation across different models.

Result € {Correct, Incorrect}.

A4 Models and Decoding Settings
Unless otherwise specified, we use the following
models and decoding configurations:

¢ Evaluation model: GPT-4.1-mini

e Maximum tokens: 64 for inference, 16 for
evaluation

* Decoding strategy: greedy decoding

* Streaming: disabled

A.5 Reproducibility Statement

All prompts are fixed and shared across models.
No prompt tuning, prompt optimization, or prompt-
based learning is applied in any experiment. There-
fore, all reported performance gains are attributed
solely to the proposed MAMOoE-LoRA adaptation
framework rather than prompt engineering.

A.6 Generation Parameters

Unless otherwise specified, we use the following
decoding parameters for all LLMs:

e Temperature: 0.7
* Top-p: 0.9

¢ Max tokens: 64

Table 6: Experiment settings.

Hardware/Software Setting

(ON) Ubuntu 20.04.1 LTS
CPU Intel Core 19-10900K
GPU RTX 3090 x 2
Python 3.10.0

PyTorch 25.1

Global Batch size 128
claude-3-7-sonnet(API) claude-3-7-sonnet-20250219
LLM response evaluator gpt-4.1-mini
Optimizer AdamW

Epoch 3

Loss function Cross Entropy Loss
Learning rate 3x1074

Learning rate schedule Cosine

BF16 True

weight decay 0.01

warmup ratio 0.03

gradient accumulation steps 4

gradient checkpointing True

image min pixels(qwen-vl) 256 * 28 * 28
image max pixels(qwen-vl) 1024 * 28 * 28

tf32 True

Flash Attention 2 True

number of routed expert 2,4,8)

number of activate expert (1,2)
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