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Abstract. Multimodal Large Language Models (MLLMs) achieve re-
markable progress in widespread vision-language tasks, while achieving
faithful MLLM reasoning remains a critical challenge: generating con-
tent grounded in comprehensive visual evidence without hallucination.
This challenge often stems from the inherent perceptual limitations of
the single visual encoder design in most MLLMs. While many works
have turned to integrating multiple vision experts, existing methods fail
to leverage the unique insights of diverse experts due to unspecialized
mixture and alignment strategies. To resolve these challenges, we in-
troduce MoSVE (Mixture of Specialized Vision Experts), a holistic
framework built upon the core insight of inter-expert complementarity.
To achieve fine-grained mixture, we introduce Query-guided Com-
plementary Clustering, which selectively preserves text-critical and
informative visual perception without redundancy. To cultivate expert
specialization, we propose Complementary Rejection Fine-Tuning,
which explicitly routes hard samples from the anchor MLLM to the most
visually-disparate auxiliary expert, enhancing unique insights without
homogenization. Extensive experiments demonstrate that MoSVE not
only mitigates hallucinations across the POPE, CHAIR and MMVP, but
also improves general multimodal reasoning on MMBench. Ultimately,
MoSVE provides an advanced and efficient solution for faithful MLLM
reasoning.10

† Equal contribution. # Emails: changweiwang@sdas.org; fukx@sdas.org
10 https://github.com/jerry19h/MoSVE.

https://github.com/jerry19h/MoSVE
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1 Introduction

Multimodal Large Language Models (MLLMs) [1, 3, 6, 18, 28, 29, 34, 42] have re-
cently achieved impressive progress in visual understanding, instruction follow-
ing and multimodal reasoning. However, despite their success, achieving faithful
multimodal reasoning remains a fundamental challenge. MLLMs frequently suf-
fer from hallucinations [4], where the generated content conflicts with the actual
visual evidence. This lack of reasoning faithfulness remains a major obstacle to
deploying MLLMs in factual and safety-critical applications, necessitating an
effective foundation for comprehensive visual grounding.

In MLLMs, the visual subsystem provides critical perceptual evidence for
grounding language generation. Therefore, the perception shortcomings are a key
cause of unfaithful MLLM reasoning [17, 25, 33]. Most existing MLLMs rely on
a single CLIP-based encoder [23]. Despite its strong global semantic alignment,
CLIP often suffers from perceptual blind spots in fine-grained visual details such
as spatial relations and precise object boundaries [7, 14, 40]. To overcome these
inherent limitations, recent studies have turned to integrating multiple vision
experts via strategies like token concatenation [2, 30] and auxiliary guidance or
refinement [5, 26,39], enhancing perceptual diversity for faithful reasoning.

Vision
Expert A

Vision
Expert B

Vision
Expert C

existing methods
(redundancy & inefficiency with hallucination)

TA1

TA2

TB1

TB2

TC1

TC2

Direct
Concatenation

Token
Interleaving

TA1 TA2 TB1 TB2 TC1 TC2

TA1 TB1 TC1 TA2 TB2 TC2

Complementary
Clustering
(Ours)

T(AB)1 TC1 T(ABC)2

query
guidance

MoSVE
(robust & effective representation without hallucination)

patch level for spatial semantics

Image

In this image can
you see people in

this building?

Query

Vision Expert & Tokens

TA1 TB1 TC1 TA2 TB2 TC2

Patch
1

Patch
2

query tokens

adaptive
clustering

Fig. 1: Comparison of existing multi-expert
models and our MoSVE. Existing methods in-
troduce coarse-grained integration and unspe-
cialized alignment, while our MoSVE preserves
specialized and informative visual semantics.

Despite the enrichment of
visual evidence, current multi-
expert frameworks [2, 5, 21, 27,
30, 39] face two critical limita-
tions that hinder faithful MLLM
reasoning.(As shown in Fig. 1)
(1) Coarse-grained Expert Mix-
ture: Most methods conduct sim-
ple mixture such as direct concate-
nation, without exploring multi-
expert representation distribu-
tions. This coarse-grained combi-
nation causes under-utilization of
informative visual insights with
significant redundancy. (2) Unspe-
cialized Expert Alignment : Most approaches align multi-expert spaces only using
standard data. This unspecialized alignment often leads to feature conflicts or
convergence to homogeneous representations, failing to provide complementary
visual insights. This leads to a fundamental question: How can we effectively
specialize and integrate vision experts to unlock their complementary strengths
for faithful reasoning?

To address this question, we first conduct a diagnostic representation analy-
sis across diverse vision experts, covering semantic-centric (CLIP [23]), object-
oriented (DINOv2 [22]) and structure-aware (SAM-L [13]) viewpoints. Our anal-
ysis reveals that these experts exhibit significant complementarity: their visual
focus shares both overlaps and expert-specific perspectives. Based on this insight,
we introduce MoSVE (Mixture of Specialized Vision Experts), a holistic multi-



Mixture of Specialized Vision Experts 3

expert framework for faithful MLLM reasoning. For fine-grained mixture, we
propose Query-Guided Complementary Clustering. Specifically, for each image
patch, we perform adaptive hierarchical clustering on multi-expert visual tokens
based on query relevance and semantic richness. This mechanism dynamically
merges redundant consensus while preserving the unique, informative details re-
quired for faithful and comprehensive perception. Furthermore, for specialized
alignment, we propose Complementary Rejection Fine-Tuning (CRFT). Unlike
joint optimization, CRFT identifies failure cases from the anchor CLIP-based
MLLM and routes these hard samples to the most visually-disparate auxiliary
expert for targeted projector training. This ensures that each expert specializes
in overcoming the anchor model’s blind spots, thereby maximizing the collective
synergy of the multi-expert system.

We conduct extensive experiments of MoSVE across a wide range of faithful
MLLM reasoning benchmarks. Our results demonstrate that MoSVE not only
mitigates hallucinations on POPE [15], CHAIR [25], and MMVP [30], but also
advances general multimodal reasoning capabilities on MMBench [19], outper-
forming various SOTA MLLMs and multi-expert baselines. Notably, MoSVE
achieves this superior performance while maintaining inference efficiency with
lightweight token consumption. Our contributions are threefold:
• We introduce MoSVE (Mixture of Specialized Vision Experts), a novel
framework based on inter-expert complementarity for faithful MLLM reasoning.
• Our MoSVE introduces two core mechanisms: Query-Guided Complementary
Clustering for fine-grained mixture of informative visual features, and Comple-
mentary Rejection Fine-Tuning for specialized alignment via anchor-based sam-
ple routing.
• Extensive experiments demonstrate that MoSVE outperforms existing MLLMs
and multi-expert baselines on hallucination-centric (POPE, CHAIR, MMVP)
and general reasoning (MMBench) benchmarks, providing a novel effective so-
lution for faithful MLLM architectures.

2 Related Work

2.1 Hallucination in MLLMs

Hallucination remains a significant challenge for faithful MLLM reasoning, rep-
resenting the generated responses present misalignment with the image. Earlier
studies on image captioning exposed object hallucinations where models describe
nonexistent entities [25]. With the emergence of MLLMs such as MiniGPT-4 [42]
and LLaVA [18], hallucinations have expanded beyond object existence to at-
tributes and relations [37]. Recent benchmarks, including POPE [15], CHAIR [25],
and MMVP [30], further standardize hallucination evaluation through discrimi-
native and generative protocols. To alleviate hallucination, existing approaches
operate at different levels of the MLLM pipeline. Data-centric strategies curate
balanced or contrastive instruction datasets [9,31,32,39], vision-centric methods
enhance perceptual fidelity via higher-resolution or auxiliary encoders [10,11,37,
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43], and alignment-based training or decoding refinement aims to reduce the vi-
sual–textual gap [12,33,38]. Recent post-processing frameworks, like LURE [41]
and Woodpecker [35], further revise outputs through visual verification and fac-
tual correction. Despite these advances, hallucination remains a fundamental
limitation as MLLMs scale toward more complex and open-ended scenarios.

2.2 Multi-Expert MLLM Framework for Faithful Reasoning

To mitigate hallucination, employing multiple visual encoders to enhance MLLM
performance has already been explored. Early frameworks such as BLIP-2 and
InstructBLIP [6, 14] pioneered the decoupled design that bridges frozen visual
encoders with large language models, laying the foundation for subsequent multi-
encoder fusion architectures. LEO [2] adopts hierarchical multi-resolution align-
ment to maintain consistent reasoning across scales, while MoF [30] introduces
a multi-objective fusion strategy balancing semantic and structural represen-
tations. LLaVA-HR [21] further integrates high- and low-resolution pathways
under a Mixture-of-Resolution Adaptation design, and MARINE [39] employs
multi-resolution alignment to explicitly mitigate visual hallucination. Beyond
these, multi-stream or auxiliary-perception frameworks such as SPHINX [16]
also reflect the growing trend of fusing heterogeneous visual representations.
MoVE-KD [5] performs multi-expert knowledge distillation using MoE-routed
LoRA [8] and attention-weighted fusion to improve a single encoder. These ad-
vances demonstrate the potential of diverse visual perception to overcome the
limitations of single-encoder MLLMs.

3 MoSVE: Mixture of Specialized Vision Experts
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Fig. 2: Visualization of inter-expert com-
plementarity via attention heatmaps. For
the same input image, different vision ex-
perts exhibit complementary focus areas.

In this section, we conduct a diag-
nostic analysis of multi-expert rep-
resentations to confirm our core in-
sight: inter-expert complemen-
tarity (Sec 3.1). Building on this
insight, we present MoSVE (Mix-
ture of Specialized Vision Experts).
MoSVE achieves robust and com-
prehensive multimodal understand-
ing via two core mechanisms: Query-
Guided Complementary Clustering
as adaptive mixture (Sec 3.2) to in-
tegrate heterogeneous expert features
without redundancy; Complementary
Rejection Fine-Tuning (CRFT) as
specialization enhancement (Sec 3.3)
to cultivate unique expert insights.
Together, MoSVE overcomes single-encoder limitations via faithful perception
beneficial for multimodal reasoning.
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Fig. 3: The detailed architecture of our Query-Guided Complementary Clus-
tering. For each image patch, our framework computes a adaptive threshold based on
the semantic relevance and richness between the multi-expert visual tokens and input
query. This adaptive threshold guides a patch-level hierarchical clustering process that
merges redundant expert features while preserving complementary tokens, resulting in
context-aware and robust visual representation for faithful MLLM reasoning.

3.1 Observation of Inter-Expert Complementarity

To comprehensively understand the capabilities and focusing regions of differ-
ent vision experts, we use multiple widely-used visual encoders (CLIP [23], DI-
NOv2 [22], and SAM-L [13]) to extract features from a single image and con-
duct a diagnostic analysis of their feature distributions. To this end, we generate
attention heatmaps by aggregating self-attention scores from the last layer in
Vision Transformers (ViT) and projecting them into the original spatial space.
This attention heatmap reflects the most important visual details within their
respective representations.

As shown in Fig. 2, our selected vision experts exhibit distinct perception
patterns. CLIP mainly pays attention to high-level semantic regions related to
the input query, showing strong global cross-modal perception. DINOv2 can
highlight object attributes and local features without textual guidance, reveal-
ing strong object-oriented perception. SAM-L focuses on instance-level shapes
and precise boundaries due to its segmentation-driven training. These atten-
tion patterns indicate that visual experts exhibit significant complementarity:
they share focus on common salient regions while also providing their own in-
dependent perspectives. Therefore, this motivates a two-fold requirement: adap-
tively mixing consistent visual evidence for informative perception, while pre-
serving and actively cultivating specialized expert insights. This complementary
paradigm constructs the foundation of MoSVE, enabling comprehensive and re-
liable visual representations for faithful MLLM reasoning.
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3.2 Query-Guided Complementary Clustering

Building upon the core insight of complementarity, we require an effective mix-
ture mechanism that can intelligently integrate diverse vision experts. Exist-
ing token mixture approaches like direct concatenation or simple averaging fail
to distinguish between redundant consensus and valuable, unique perspectives.
We recognize that merging similar information while preserving distinct outliers
aligns perfectly with the typical goal of clustering algorithms [24]. This moti-
vates our patch-level clustering approach for informative visual representation
from multiple experts, as illustrated in Fig. 3. Meanwhile, the patch-level mixture
can also maintain the spatial relationships in visual space, facilitating faithful
and accurate perception.

For the i-th image patch, we collect the expert tokens given by corresponding
encoders and projectors as Vi = {v(k)

i ∈ Rd | k = 1, . . . , Ne}, where d is the token
embedding dimension and Ne is the number of vision experts.

Inter-Expert Similarity To evaluate consistency among these multi-expert
tokens, we compute a pairwise cosine similarity matrix Si for the i-th patch:

Si(m,n) =
⟨v(m)

i ,v
(n)
i ⟩

∥v(m)
i ∥2 ∥v(n)

i ∥2
, (1)

and define the corresponding distance as Di(m,n) = 1 − Si(m,n). Those to-
kens with small distance indicate similar or redundant information, while larger
distance implies complementary visual evidence.

Query-Guided Adaptive Thresholding For MLLM reasoning, the faith-
ful responses without hallucination rely on comprehensive visual understanding
based on the input query. Therefore, we propose a query-guided adaptive thresh-
olding mechanism to dynamically control the clustering strength. We derive this
adaptive threshold from two following key metrics:
• Cross-Modal Relevance: Visual regions relevant to the textual query are es-
sential for accurate grounding and faithful answering. Therefore, if the expert
tokens exhibit cross-modal alignment, the mixture should be conservative to
preserve valuable evidence.
• Expert-Query Semantic Divergence: When image patches have rich connec-
tions with multiple aspects of the input query, it is necessary to retain different
expert perspectives for visual enhancement.

Specifically, to measure these factors for the i-th patch, we first aggregate
its expert features via mean pooling to get an expert center v̄i =

1
Ne

∑Ne

k=1 v
(k)
i .

We then compute its cosine similarity with each of the Nt text tokens from the
input query, yielding a similarity vector si ∈ RNt . The cross-modal relevance s̄i
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and inter-expert semantic divergence ei are then calculated as:

s̄i =
1

Nt

Nt∑
t=1

s
(t)
i

ei = −
Nt∑
t=1

p(si,t) log p(si,t), where p = Softmax(si)

(2)

Based on these two metrics, we design a soft function to control the clustering
threshold adaptively. The final threshold τi for the i-th patch is formulated as:

τi = 1− σ
(
α s̄i + β ei

)
(3)

where σ denotes the sigmoid function, α and β are hyperparameters which
balance the contribution of relevance and divergence. Through our carefully-
designed adaptive threshold mechanism, we ensure that achieving expert com-
plementarity is tightly integrated with the input query, facilitating targeted and
comprehensive visual understanding for specific scenarios.

Token Mixture via Cluster Centroid For the i-th image patch, given the
distance matrix Di and adaptive threshold τi, we perform hierarchical clustering
over the expert tokens Vi. Visual tokens whose pairwise distances fall below τi
are assigned to the same cluster Ci,m. To mix the redundant evidence within
each cluster, we compute the centroid of all member tokens. Formally,

v̂i,m =
1

|Ci,m|
∑

v∈Ci,m

v,

V̂ = [ v̂1,1, . . . , v̂i,m, . . . ],

(4)

where V̂ is the fused visual token sequence formed by concatenating all cluster
centroids across spatial positions.

In conclusion, our cluster-based mixture mechanism preserves complemen-
tary evidence across diverse experts and improves query-guided visual semantics,
promoting faithful MLLM reasoning with token and parameter efficiency.

3.3 Complementary Rejection Fine-Tuning

Although mainstream visual encoders capture diverse semantics, simply pro-
jecting them into the LLM space via standard joint fine-tuning may face feature
conflicts or cause representation homogenization, leading to suboptimal multi-
modal perception. Therefore, we freeze the vision experts and the LLM backbone,
focusing on training a dedicated projector for each expert.

To fully unlock the potential of our mixture mechanism and prevent homoge-
neous convergence, we propose Complementary Rejection Fine-Tuning (CRFT).
Instead of standard joint training on all data, CRFT explicitly specializes each
auxiliary expert by producing unique visual tokens to supplement helpful in-
sights. This targeted specialization preserves complementary evidence and effec-
tively corrects the inherent biases of the existing vision encoder.
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Fig. 4: Workflow of Complementary Rejec-
tion Fine-Tuning (CRFT). Anchor-based
rejection sampling constructs a negative
pool from anchor failures. Each sample is
then routed to the auxiliary expert with
maximal feature discrepancy, encouraging
complementary specialization.

Anchor-Based Rejection Sam-
pling Since CLIP serves as the pri-
mary vision encoder in most MLLMs
(e.g., LLaVA), we utilize a CLIP-
based MLLM as the anchor to iden-
tify cases of unfaithful reasoning
caused by single-encoder visual bi-
ases. Specifically, across the train-
ing data, we use the anchor model
to generate responses and verify
their correctness. Samples yielding
incorrect or hallucinated responses
are collected into a negative pool
(Pneg). This pool represents hard
cases where CLIP-based visual repre-
sentations are insufficient, necessitat-
ing complementary visual perception
to achieve faithful reasoning.

Complementary Expert Routing
To fully cultivate expert specialization, we hypothesize that the auxiliary visual
expert exhibiting the greatest feature discrepancy from the anchor presents the
highest potential to correct the anchor model’s perceptual biases. As shown in
Fig. 4, for a given hard image in Pneg, we first obtain a global image-level rep-
resentation v̄(k) for each expert k via average pooling across its visual tokens.
We then compute the cosine similarity between the anchor expert’s representa-
tion (v̄(anchor)) and each auxiliary expert’s representation. Crucially, the hard
sample is exclusively routed to the specific training subset Dk of the auxiliary
expert k∗ that minimizes this similarity:

k∗ = arg min
k∈Aux

S(v̄(anchor), v̄(k)), (5)

where S denotes cosine similarity. This explicit discrepancy-driven routing is
the fundamental advantage of CRFT over standard fine-tuning: it effectively
incentivizes the auxiliary experts to specialize in resolving specific multimodal
reasoning biases.

Two-Stage Training for Expert Specialization and Mixture We imple-
ment CRFT through a two-stage training paradigm to first cultivate special-
ization and then align them for multimodal reasoning. In the first stage, we
independently train the lightweight projector of each auxiliary expert using its
exclusively routed hard-sample subset (Dk). This explicit routing guides each
projector to extract highly specialized, complementary visual evidence. In the
second stage, we combine the general training data and perform supervised fine-
tuning on all projectors and the LLM backbone concurrently. This two-stage



Mixture of Specialized Vision Experts 9

process ensures that vision experts develop unique perceptual strengths and col-
laborate complementarily, yielding robust and informative visual representations
crucial for faithful MLLM reasoning.

4 Experiments

4.1 Experimental Setup

Training Dataset and Negative Pool Construction Our training data
is collected from a comprehensive multimodal conversation dataset EAGLE-
1.8M11. To prevent data leakage, we remove any samples overlapping with the
LLaVA-1.5 SFT dataset. This difference set is used for negative pool construction
(Pneg) and subsequent fine-tuning.

For correctness verification during CRFT, we adopt a strict strategy based
on answer verifiability: for explicit tasks (e.g., yes/no, choice), we employ ex-
act answer matching; for free-form generations, we extract ground-truth object
attributes (e.g., existence, color, shape) by spaCy toolbox12 and check whether
the response ignores specified objects or describes conflicting attributes as our
evaluation criterion.

Benchmarks POPE [15]. To evaluate object hallucination, we utilize the
widely-used POPE benchmark. POPE assesses a model’s ability to confirm the
presence or absence of specific objects through binary “Yes/No" questions. We
report overall accuracy and F1 score as comprehensive POPE evaluation.
CHAIR [25]. The CHAIR benchmark is a standard for quantifying object hal-
lucination in generated image descriptions. For each image, CHAIR constructs
a set of ground-truth objects, and any object mentioned in the generated de-
scription but not in this ground-truth set is regarded as a hallucination object.
CHAIR provides metrics based on two dimensions: sentence and instance level,
denoted as CS and CI , respectively.

CHAIRS =
|{captions with hallucinated objects}|

|{all captions}|

CHAIRI =
|{hallucinated objects}|
|{all annotated objects}|

(6)

MMVP [30]. MMVP is uniquely designed to expose systematic visual failures
by using “CLIP-blind pairs" (i.e., image pairs which are highly similar in CLIP
space but have clear visual differences). It requires MLLMs to distinguish pair-
wise images with similar semantics. Overall, MMVP directly requires the MLLM
to perceive visual patterns (e.g., orientation, quantity, spatial relations) where
a single encoder may be insufficient, validating the effectiveness of our comple-
mentary design in MoSVE.
11 https://huggingface.co/datasets/shi-labs/Eagle-1.8M
12 https://github.com/explosion/spaCy



10 Authors Suppressed Due to Excessive Length

Table 1: Comparison of our MoSVE and existing MLLM / multi-expert baselines on
POPE, CHAIR, MMVP and MMBench. Expert Paradigm represents how MLLMs uses
their vision experts, including training and inference strategies. Image Tokens denotes
the number of visual tokens required to answer questions. The bold and underlined
styles respectively indicate the top and second-best results.

Model Expert
Paradigm

LLM
Backbone

Image
Tokens

POPE CHAIR MMVP MMB
Accu↑ F1↑ CS↓ CI↓ P-Accu↑ Accu↑

LLaVA-1.5 Single-stage Vicuna-7B 576 83.1 82.9 45.6 16.3 22 64.3
LLaVA-1.5 Single-stage Vicuna-13B 576 83.9 83.6 41.3 14.2 22 67.7

mPLUG-Owl Two-stage LLaMA-7B 64 83.2 82.9 39.9 14.8 – 64.5
SPHINX Multi-stage Vicuna-13B 2880 81.1 80.1 42.7 15.6 23.5 65.9

LLaVA-NeXT Multi-stage Vicuna-v1.5-7B 2880 85.5 85.2 36.9 12.4 39 67.4
LLaVA-NeXT Multi-stage Hermes-Yi-34B 2880 86.1 86.0 35.8 12.0 44 -

MARINE Guidance Vicuna-v1.5-7B – 84.3 83.8 37.5 12.7 42 65.7
MoF Expert-fusion Vicuna-v1.5-7B 512 84.3 84.2 39.8 15.2 28 66.2

LLaVA-HR Multi-scale Vicuna-v1.5-7B 1024 85.9 85.8 38.0 13.2 52 68.6
MoVE-KD Distillation Vicuna-v1.5-7B 577 86.3 - - - 37 67.6

LEO Multi-stage InternLM2-7B 3584 86.5 86.3 31.2 12.1 46 67.8

MoSVE Complementary Vicuna-v1.5-7B 576 86.9 86.5 27.1 12.2 57 68.3

MMBench [19]. MMBench is a comprehensive multiple-choice benchmark for
evaluating general multimodal reasoning across diverse visual tasks, including
object recognition, attribute understanding, spatial reasoning, and OCR. We
use MMBench to verify that our MoSVE achieves not only performs faithful
reasoning, but also showcases superior general multimodal capabilities.

Implementation Details We implement MoSVE on top of the standard LLaVA
architecture. To instantiate our mixture of specialized experts, we integrate the
CLIP-L/14-336 (as the anchor), DINOv2-L/14 and SAM-L/16. For our query-
guided clustering, the adaptive thresholding parameters were empirically set to
α = 0.45 and β = 0.75.

The two-stage training settings are as follows. First, we train expert-specific
projectors using a learning rate of 1e-4. Subsequently, the full model undergoes
end-to-end instruction tuning for a single epoch with a lower learning rate of 2e-
5. For both stages, we use batch size of 64 and employ the AdamW [20] optimizer
with a cosine decay schedule. We conduct training and evaluation on 8 and 1
NVIDIA A100 GPU(s), respectively.

4.2 Main Results

We conduct comprehensive comparison of our MoSVE against a wide range
of existing MLLMs and multi-expert baselines on POPE, CHAIR, MMVP and
MMBench. Tab.1 presents the main results, where our MoSVE is evaluated on its
ability to perform robust visual reasoning and maintain computational efficiency.
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Comparison of Base MLLMs The first part of our comparison includes
prominent MLLM baselines such as LLaVA-1.5, mPLUG-Owl, SPHINX and
LLaVA-NeXT. These models, while powerful, demonstrate the limitations of
relying on single-expert paradigms. For instance, even the strongest baseline,
LLaVA-NeXT with the large Hermes-Yi-34B [36] backbone, achieves a CHAIRS

score of 35.8 and MMVP accuracy of only 44. This indicates that merely scaling
the LLM backbone or blindly increasing visual tokens (e.g., SPHINX uses 2880
tokens) is insufficient to resolve the root cause of unfaithful reasoning. Without
specialized visual experts, standard MLLMs struggle to ground their generation
in accurate visual evidence.

In contrast, MoSVE significantly outperforms all standard MLLM baselines
across every benchmark. Compared to the strongest LLaVA-NeXT (Hermes-Yi-
34B), our method achieves 8.7% performance gain on CHAIRS (27.1 against
35.8) and an impressive 13% improvement on the challenging MMVP bench-
mark (57 against 44). Notably, our superior performance is achieved using a
lightweight Vicuna-v1.5-7B backbone. This highlights that complementary ex-
pert specialization and mixture are more effective solutions for faithful MLLM
reasoning than simple model scaling.

Comparison of Multi-Expert Frameworks 13 We emphasize the compari-
son between our MoSVE and existing SOTA multi-expert frameworks, including
MARINE, MoF, LLaVA-HR, MoVE-KD and LEO. These methods represent ad-
vanced attempts to leverage diverse visual information for multimodal reasoning.
While they generally outperform the base MLLMs, existing multi-expert strate-
gies suffer from the limitations identified in our analysis: inefficient mixture and
unspecialized alignment.

For instance, MoF achieves limited accuracy (28 on MMVP), suggesting that
its coarse-grained token interleaving fails to effectively coordinate diverse percep-
tual patterns. Similarly, MoVE-KD (37 on MMVP) relies on distillation without
explicit specialization, leading to less robust visual representations. LEO requires
a massive budget of 3584 image tokens caused by direct token concatenation.

As shown in Tab.1, we achieve the best performance on POPE accuracy
(86.9) and F1 (86.5), CHAIRS (27.1), and MMVP score (57), demonstrating
superior ability to handle fine-grained patterns and overcome existing visual
shortcomings. Critically, this leading performance is achieved with remarkable
efficiency. Our model uses only 576 visual tokens, which is 6.2 times fewer than
LEO (3584) and nearly half that of LLaVA-HR (1024). These robust results prove
that our query-guided complementary clustering serves as an fine-grained and
efficient mixture mechanism, and our CRFT strategy incentivizes expert-specific
visual insights, achieving faithful multimodal understanding and reasoning.

Evaluation of General Multimodal Reasoning Furthermore, MoSVE achieves
excellent performance on the general multimodal reasoning benchmark MM-
Bench (68.3). The results demonstrate that by fixing perceptual blind spots,
13 We evaluate the per-sample inference latency in Tab.5.
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MoSVE establishes a more comprehensive visual foundation that benefits gen-
eral multimodal reasoning tasks across practical scenarios.

4.3 Ablation Analysis of MoSVE components

Mixture Stage Analysis: Query-Guided Complementary Clustering To
validate the effectiveness of our proposed query-guided clustering mechanism, we
compare our method against two critical variants:
• Fixed + CRF : This version replaces our adaptive threshold with an empir-
ically optimized fixed threshold (τ = 0.45). It serves as a strong baseline to
determine if a static non-contextual clustering approach is sufficient.
• Upper Limit : This variant bypasses clustering module and feeds all special-
ized expert tokens (1536 tokens in total) to LLM backbone. This setting has
relative high cost, but it serves as theoretical ceiling by preserving the maxi-
mum visual information while still benefiting from our CRFT strategy.

Table 2: Ablation results of our query-guided (QG)
complementary clustering. For fair comparison, we
conduct our CRFT for all variants. The upper limit
is indicated in italics.

Method Image
Tokens POPE↑ CHAIRS ↓ MMVP↑

Fixed+CRF 600 85.1 34.0 48
QG+CRF 576 86.9 27.1 57

All visual
tokens+CRF

1536 87.2 25.1 59

The results in Tab.2 clearly
demonstrate the superiority
of query-guided clustering.
First, MoSVE (QG+CRF)
significantly outperforms the
Fixed variant (consistent gains
on POPE, CHAIRS and
MMVP), confirming that dy-
namically adapting mixture
strength based on query se-
mantics is crucial for preserv-
ing text-critical evidence.

Second, compared to the theoretical upper limit with full-scale tokens, MoSVE
retains 96.6% of the performance (57 against 59 on MMVP) while using 2.67
times fewer image tokens (576 against 1536). This demonstrates that our query-
guided clustering achieves a remarkable balance, compressing redundancy while
retaining the complementary insights essential for faithful MLLM reasoning.

Specialization Stage Analysis: Expert Diversity and CRFT We inves-
tigate the contributions of diverse vision experts and our novel CRFT in Tab.3.

Table 3: Ablation results of diverse vision experts
and our CRFT. C, D and S denote CLIP, DINOv2
and SAM-L experts, respectively.

Methods CRFT POPE↑ CHAIRS ↓ MMVP↑

C ✗ 83.1 45.6 22
C+D ✗ 84.5 38.8 38
C+S ✗ 84.2 39.5 36

C+D+S ✗ 85.3 36.8 42
MoSVE ✓ 86.9 27.1 57

First, simply adding ex-
perts (from C to C+D+S)
improves results progressively
(from 22 to 42 on MMVP),
indicating that diverse ex-
perts provide complementary
visual information essential
for robust visual grounding.

Crucially, when we ap-
ply our CRFT strategy, our
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MoSVE achieves a substan-
tial 15% on MMVP (from 42 to 57) and 9.7% on CHAIRS (from 36.8 to 27.1).
This significant improvement highlights the specialization cultivated by CRFT
is beneficial to unlock full potential for multi-expert system, thus achieving su-
perior multimodal reasoning performance.

Routing Mechanism Analysis: Complementary Expert Routing To ver-
ify the effectiveness of the expert routing mechanism in our CRFT, we design
two variants as follows:
• Random Routing : assigns the negative samples to the vision experts equally
at random.
• Standard SFT : Fine-tunes all expert projectors on the entire negative pool
via joint training.

Table 4: Ablation results of complementary routing
mechanism in CRFT.

Method POPE↑ CHAIRS ↓ MMVP↑

Random 85.7 30.8 50
Standard SFT
(no routing)

86.5 29.2 54

CRFT 86.9 27.1 57

As shown in Tab.4, the
weak result of random rout-
ing proves that blind as-
signment confuses the vision
experts. Standard SFT un-
derperforms MoSVE consis-
tently on POPE, CHAIR and
MMVP, indicating that in-
discriminately training hard
samples is insufficient to de-
velop unique expert strengths. In contrast, MoSVE’s complementary routing
explicitly assigns failures to the most potential expert, maximizing specialized
gains. This indicates that data construction and utilization strategies are the
key elements which enable full capabilities of the multi-expert system.

4.4 Inference Latency Analysis

Table 5: Inference latency comparison on POPE.

Method Throughput
(samples/s)

Latency
(s/sample)

POPE
Accu↑

MARINE 0.67 1.49 84.3
MoF 0.70 1.44 84.3
LLaVA-HR 0.62 1.63 85.9
MoVE-KD 0.77 1.31 86.3
LEO 0.29 3.49 86.5
MoSVE 0.68 1.49 86.9

Tab.5 reports the inference
throughput and latency on
POPE. The results demon-
strate that our MoSVE achieves
faithful multimodal reason-
ing without significantly in-
creasing inference resource
consumption. This is at-
tributed to the complemen-
tary clustering that com-
presses visual tokens into in-
formative and robust representations, which are both efficient and beneficial for
multimodal reasoning.
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User Prompt:
“Please describe

this image.”

On a wide African
savanna, a giraffe and a
zebra stand side by side
under the sunlight. The

giraffe reaches up to eat
fresh leaves from a tall

acacia tree while the
zebra grazes on the dry

grass nearby.

On a wide African savanna, two
giraffes stand side by side

under the sunlight. One giraffe
stands beside a tree, extending

its long neck to feed on the
leaves, while another giraffe

rests quietly in the background
behind some vegetation.

LLaVA-1.5

In a warm, sunlit
woodland clearing, a

giraffe stretches up to
leaves from a tree while
another giraffe rests on
the ground nearby. The
standing one pulls at a

few green flowers among
the branches.

MoF MoSVE (Ours)

Fig. 5: A qualitative case study comparing MoSVE with the LLaVA-1.5 and MoF
baselines. While LLaVA-1.5 and MoF respectively hallucinate non-existent zebra and
flowers (marked in red), MoSVE correctly identifies both giraffes (marked in green)
with a factually grounded detailed description, demonstrating that our specialization
and mixture paradigm effectively resolves perceptual blind spots for faithful reasoning.

4.5 Qualitative Analysis

To provide an intuitive understanding of MoSVE’s effectiveness, we present a
qualitative comparison in Fig. 5.

The single-encoder LLaVA-1.5 fails to perceive the second, partially occluded
giraffe. Due to perceptual blind spots, it hallucinates a “zebra" (commonly associ-
ated with giraffes) and imagines “grazing on dry grass". Notably, the multi-expert
baseline MoF, despite having access to additional visual encoders, also performs
unfaithful multimodal reasoning. MoF hallucinates “green flowers", suggesting
that its coarse-grained token interleaving introduces visual noise instead of clar-
ifying the scene.

In contrast, MoSVE accurately identifies both giraffes and correctly describes
their distinct postures (one standing, one feeding). This success highlights the
synergy of our design: for expert mixture, our query-guided clustering efficiently
integrates informative insights without introducing noise; for expert specializa-
tion, our CRFT strategy successfully specializes the vision experts to capture
comprehensive details like object boundaries. This case highlights MoSVE’s abil-
ity to create robust and informative visual representations, beneficial for faithful
multimodal reasoning.

5 Conclusion

In this work, we address the critical challenge of faithful MLLM reasoning by
overcoming the perceptual blind spots inherent in single-encoder architectures.
We introduce MoSVE (Mixture of Specialized Vision Experts), a holistic frame-
work driven by the core insight of inter-expert complementarity. MoSVE real-
izes this through two collaborative mechanisms: Query-Guided Complementary
Clustering serves as an efficient mixture strategy for informative representations,
while Complementary Rejection Fine-Tuning (CRFT) acts as a specialization
enhancement to route hard samples for targeted expert alignment. Extensive
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experiments demonstrate that MoSVE achieves superior performance on hallu-
cination benchmarks (POPE, CHAIR, MMVP) and general multimodal capa-
bilities (MMBench), all while maintaining high inference efficiency. Ultimately,
MoSVE presents a novel multi-expert paradigm, proving that the path toward
faithful and robust MLLMs lies not only in simply scaling visual perception
patterns, but also in the intelligent mixture of specialized and complementary
perceptual insights.
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