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Abstract

Multimodal Mixture-of-Experts (MoE) mod-
els have achieved remarkable performance on
vision-language tasks. However, we identify a
puzzling phenomenon termed Seeing but Not
Thinking: models accurately perceive image
content yet fail in subsequent reasoning, while
correctly solving identical problems presented
as pure text. Through systematic analysis, we
first verify that cross-modal semantic sharing
exists in MoE architectures, ruling out seman-
tic alignment failure as the sole explanation.
We then reveal that visual experts and domain
experts exhibit layer-wise separation, with im-
age inputs inducing significant routing diver-
gence from text inputs in middle layers where
domain experts concentrate. Based on these
findings, we propose the Routing Distraction
hypothesis: when processing visual inputs, the
routing mechanism fails to adequately activate
task-relevant reasoning experts. To validate this
hypothesis, we design a routing-guided inter-
vention method that enhances domain expert
activation. Experiments on three multimodal
MoE models across six benchmarks demon-
strate consistent improvements, with gains of
up to 3.17% on complex visual reasoning tasks.
Our analysis further reveals that domain ex-
pert identification locates cognitive functions
rather than sample-specific solutions, enabling
effective transfer across tasks with different in-
formation structures.

1 Introduction

Mixture-of-Experts (MoE) architectures (Cai et al.,
2025) have become the dominant paradigm for scal-
ing large vision-language models (Lin et al., 2024;
Wang et al., 2025b; Kuang et al., 2025; Tang et al.,
2025; Ding et al., 2026), powering a wide range
of downstream multimodal applications (Lu et al.,
2026a, 2025). By activating only a sparse subset of
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Vision Version

Text Version: Mark plants a beanstalk below his second-story window, 
which is 20 feet off the ground. The beanstalk doubles its height every 
day. If the beanstalk starts out 4 feet tall, how many days will it take to 
be taller than Mark's window? 

1 2 3

It takes 3 days for the beanstalk to be taller than Mark's window.

Window height: 20 feet… Beanstalk starts at 4 feet… It doubles 
each day… After 4 days, it becomes taller than the window.

Figure 1: Illustration of the Seeing but Not Thinking
phenomenon. See Appendix B for details.

experts for each input, MoE models efficiently han-
dle the intricate interactions between visual and
textual information while maintaining computa-
tional tractability. However, beneath this success
lies a puzzling phenomenon that challenges our
fundamental understanding of how these models
integrate perception and reasoning.

Consider a simple scenario illustrated in Figure 1
and Appendix B: when presented with a grade-
school mathematics problem (Cobbe et al., 2021)
as an image (Yuan et al., 2025), Qwen3-VL-30B-
A3B (Bai et al., 2025) accurately extracts all nu-
merical values and textual content, yet produces
an incorrect answer due to reasoning errors. When
the identical problem is presented as pure text, the
same model solves it correctly with ease. We term
this phenomenon Seeing but Not Thinking: the
model perceives visual content accurately but fails
to reason correctly, despite possessing the requisite
capability on semantically equivalent text inputs.
This raises a fundamental question: what factor
causes multimodal MoE models to fail at reason-
ing when visual inputs are correctly perceived?

To systematically quantify this phenomenon
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while minimizing interference from perceptual er-
rors, we construct rigorously controlled experi-
ments based on the MATH500 (Hendrycks et al.,
2021) dataset. We render all pure-text problems as
high-resolution images (detailed in Appendix C)
to ensure visual inputs are clear and legible. To
pinpoint the source of these failures, we conduct
error analysis on samples that succeed on text but
fail on images. The results are striking: 68.2% to
73.1% of failures stem from reasoning errors, while
only 26.9% to 31.8% are attributable to perception
errors (Table 6). This confirms that visual inputs
degrade reasoning performance even when the con-
tent is correctly perceived. This finding aligns with
conclusions from recent benchmarks (Zhang et al.,
2024b; van Sprang et al., 2025).

A natural hypothesis is cross-modal semantic
alignment failure: visual information, though cor-
rectly perceived, may fail to align with the textual
semantic space at the representation level. Prior
work has demonstrated that dense-architecture
VLMs achieve cross-modal semantic sharing (Wu
et al., 2024; Shukor and Cord, 2024), but whether
MoE-based VLMs possess the same property re-
mains unexplored. We design cross-modal concept
intervention experiments that manipulate hidden
state representations across modalities. Our re-
sults reveal a clear inverted U-shaped pattern across
layers: intervention success rates are low in early
layers where visual features have not yet aligned,
peak in middle layers where semantic sharing oc-
curs, and decline in terminal layers where output
distributions are already determined. This finding
confirms that MoE architectures also exhibit cross-
modal semantic sharing, indicating that semantic
alignment failure alone cannot account for the ob-
served reasoning degradation.

If semantic alignment is not the primary bottle-
neck, what other factors might contribute? We ex-
amine the routing mechanism, the core component
distinguishing MoE from dense models. Through
systematic analysis of expert activation patterns,
we uncover two critical findings. First, experts
exhibiting high activation on visual inputs concen-
trate in early and terminal layers, while domain-
specific reasoning experts cluster in middle layers.
Second, image inputs induce significant routing di-
vergence from text inputs precisely in these middle
layers. Crucially, greater routing divergence corre-
lates with lower reasoning accuracy across our con-
trolled conditions. These observations lead us to
propose the Routing Distraction hypothesis: when

processing visual inputs, the routing mechanism
fails to adequately activate task-relevant reason-
ing experts, instead directing computation toward
less suitable experts. The visual modality does not
impair intrinsic reasoning capabilities; rather, it
causes suboptimal expert selection, preventing full
utilization of domain-specific reasoning capacity.

To validate this hypothesis, we design a routing-
guided intervention that enhances domain expert ac-
tivation during inference. The core idea is straight-
forward: if routing distraction significantly con-
tributes to reasoning failures, then explicitly in-
creasing the activation weights of domain-relevant
experts should recover reasoning performance. We
evaluate on three MoE models across six bench-
marks spanning semantically equivalent and natural
visual scenarios. The soft routing guidance strat-
egy yields consistent improvements. Even on tasks
involving complex geometric figures and function
graphs where visual information cannot be replaced
by text, enhancing domain expert activation helps
models better integrate perception with reasoning,
with gains of up to 3.17%. Further analysis re-
veals that domain expert identification is robust to
information completeness of text references: as
long as the reference elicits target domain reason-
ing patterns, identified experts transfer effectively
to visual tasks with different information structures.
This suggests that expert identification locates com-
putational units responsible for cognitive functions,
rather than memorizing sample-specific solutions.

Our contributions are threefold. First, we sys-
tematically characterize the Seeing but Not Think-
ing phenomenon and demonstrate its prevalence
across multiple state-of-the-art multimodal MoE
models. Second, we provide mechanistic insights
into this phenomenon through the Routing Distrac-
tion hypothesis, revealing the layer-wise separation
between visual and domain experts and the rout-
ing divergence induced by visual inputs. Third,
we propose and validate a routing-guided interven-
tion method that effectively mitigates routing dis-
traction, achieving consistent improvements across
diverse benchmarks and model scales.

2 Related Work

Multimodal Semantic Sharing Vision-language
models achieve cross-modal understanding by con-
necting visual encoders with large language mod-
els. Although image and text embeddings exhibit
separated distributions in the shared space (Liang
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Figure 2: Overview of our work. We first conduct cross-modal concept intervention to verify semantic sharing in
MoE architectures (left, §3.1), then identify domain experts by comparing activation frequencies on domain-specific
versus general data (middle, §3.2), and finally analyze routing divergence across modalities and apply routing
guidance to enhance domain expert activation (right, §3.3-§4).

et al., 2022; Schrodi et al., 2024), semantic sharing
arise at deeper representation levels. Image repre-
sentations can transfer to frozen language models
through a single linear projection (Merullo et al.,
2022), and representations from different modali-
ties may converge toward a shared statistical model
(Huh et al., 2024). In VLMs specifically, visual
and text tokens activate similar LLM weights de-
spite being distinct in representation space (Shukor
and Cord, 2024), and semantically equivalent text-
image inputs can be aligned into modality-invariant
task vectors (Luo et al., 2024). More broadly,
shared semantic spaces have been observed across
diverse modalities and languages (Wendler et al.,
2024; Bandarkar et al., 2025; Wu et al., 2024).

MoE Expert Specialization Mixture-of-Experts
models scale effectively through sparse activation.
Early MoE models such as OpenMoE (Xue et al.,
2024) did not exhibit significant domain special-
ization due to the design of their load-balancing
objectives. In modern MoE architectures, improved
training strategies make domain specialization an
expected outcome (see Appendix F). This special-
ization manifests at multiple granularities: expert
differentiation intensifies with layer depth (Lo et al.,
2025), cognitive experts control meta-level reason-
ing operations (Wang et al., 2025a), and safety-
related refusal behavior concentrates in a small
subset of experts (Lai et al., 2025).

Routing Intervention Inference-time routing in-
tervention (Wu et al., 2025; Ding et al., 2025) has
emerged as a promising direction. R2-T2 refines
expert selection by shifting routing weights toward
correctly predicted samples (Li et al., 2025). SC-

MoE enhances reasoning by contrasting output dis-
tributions between selected and unselected experts
(Shi et al., 2024). SteerMoE identifies key experts
through routing differences and adjusts routing log-
its for lightweight behavior control (Fayyaz et al.,
2025). Dynamic routing mechanisms can also en-
able complex tasks to activate more experts (Huang
et al., 2024).

3 Analyzing Routing Distraction

We systematically probe the mechanisms underly-
ing the Seeing but Not Thinking phenomenon. Our
analysis proceeds in three stages: we first verify
that cross-modal semantic sharing exists in MoE ar-
chitectures (§3.1), then examine the spatial distribu-
tion of specialized experts across layers (§3.2), and
finally characterize routing behavior differences
across modalities (§3.3). All experiments are con-
ducted on Qwen3-VL-30B-A3B using controlled
datasets that minimize perceptual confounds.

3.1 Cross-Modal Semantic Sharing in MoE

Experimental Design. To examine whether
cross-modal semantic sharing exists in MoE ar-
chitectures, we design a concept intervention ex-
periment that directly alters hidden states across
modalities. We construct an arithmetic completion
task where the input consists of a digit image fol-
lowed by a textual arithmetic expression (e.g., an
image of "3" followed by "+ 2 ="). We extract
hidden state vectors for the source digit S and tar-
get digit T from pure text inputs, denoted as h(l)

src

and h
(l)
tgt at layer l. We then perform the following
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intervention on the hidden states of image tokens:

ĥ
(l)
img ← h

(l)
img − α · h(l)

src + α · h(l)
tgt (1)

where α = 1 controls intervention strength. This
operation removes the source concept’s semantic
vector from the image representation while adding
the target concept’s vector. If the model’s output
changes to match the answer for the target digit, the
intervention is deemed successful. We randomly
generate 100 test instances with simple digit images
to ensure perception is not a confounding factor.

Results. Figure 3(a) shows intervention success
rates across layers. The results exhibit a clear in-
verted U-shaped pattern: early layers show low
success rates, indicating that visual features have
not yet aligned with the textual semantic space;
middle layers (8–42) show significantly elevated
success rates exceeding 90%, suggesting that the
two modalities achieve substantial semantic shar-
ing in this region; terminal layers show a sharp de-
cline in intervention effectiveness, likely because
the model has already committed to its output dis-
tribution. This pattern confirms that MoE-based
vision-language models exhibit cross-modal seman-
tic sharing in middle layers, consistent with find-
ings in dense architectures (Wu et al., 2024; Shukor
and Cord, 2024). This result rules out semantic
alignment failure as the sole explanation for Seeing
but Not Thinking, motivating us to explore other
factors specific to MoE architectures.

3.2 Layer-wise Expert Specialization

Having established that semantic alignment is pre-
served across modalities, we now investigate an-
other distinctive aspect of MoE architectures: ex-
pert specialization. We examine how different
types of experts are distributed across layers and
whether this distribution reveals structural patterns
relevant to the observed phenomenon.

Quantifying Expert Specialization. We first
measure the degree of expert specialization at each
layer using the Gini coefficient. For a sequence
of length L, let pl,t denote the expert probability
vector for the t-th token at layer l. The average
expert importance at layer l is ql =

1
L

∑L
t=1 pl,t,

with ql,i representing the importance of expert i.
The Gini coefficient is computed as:

Gl =

∑E
i=1

∑E
j=1 |ql,i − ql,j |

2E
∑E

k=1 ql,k
(2)

where E is the total number of experts. Higher val-
ues indicate greater concentration of computation
among fewer experts. As shown in Figure 3(b),
early layers exhibit lower Gini coefficients while
middle and terminal layers show elevated values,
indicating that expert functional specialization in-
tensifies in deeper layers.

Identifying Domain Experts. To locate experts
responsible for domain-specific reasoning, we com-
pare activation frequencies between domain data
and general data. Define the Top-K activation fre-
quency of expert El,i on dataset D as:

Φ(El,i, D) =
1

ND

∑

t∈D

1[El,i ∈ TopK(xt)] (3)

where ND is the total token count. The frequency
difference ∆Φl,i = Φ(El,i, Ddom)− Φ(El,i, Dgen)
captures domain-specific activation patterns. Ex-
perts with ∆Φl,i > τ are set as domain experts.
Using GSM8K as domain data and Alpaca as gen-
eral data with τ = 0.3, we find that math experts
cluster predominantly in middle layers (Figure 4).

Identifying Visual Experts. To locate experts as-
sociated with visual processing, we render Alpaca
text as images and compute frequency differences
between the image and text versions. With τ = 0.2
(we also tried τ = 0.3 but found too few experts),
we identify visual experts that are preferentially ac-
tivated for image inputs. These experts concentrate
in early and terminal layers, exhibiting minimal
overlap with math experts in middle layers.

Key Finding. This analysis reveals a critical
structural trait: visual experts and domain experts
exhibit layer-wise separation. Visual experts cluster
in early layers (for initial visual encoding) and ter-
minal layers (preparing modality-specific outputs),
while domain experts concentrate in middle layers
where cross-modal semantic sharing occurs (§3.1).
This spatial segregation raises a natural question:
when processing visual inputs, does the routing
mechanism in middle layers adequately activate
the domain experts necessary for reasoning? We
investigate this question in the following section.

3.3 Routing Divergence Across Modalities
The layer separation between visual and domain ex-
perts implies routing behavior in middle layers may
be critical for reasoning performance. We now di-
rectly examine how expert activation patterns differ
between image and text inputs, and whether such
differences correlate with reasoning degradation.
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Figure 3: Analysis of routing mechanisms in multimodal MoE models. (a) Cross-modal semantic sharing verification
showing inverted U-shaped intervention success rates. (b) Expert specialization quantification using Gini coefficients.
(c) Routing divergence across modalities for three image versions.
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Figure 4: Layer-wise distribution of domain experts and visual experts. Left: Heatmap showing activation frequency
differences (red: higher on math data; blue: higher on general data), with deep red concentrated in layers 6–42.
Right: Expert counts per layer, where Overlap indicates experts identified as both math and visual experts.

Experimental Setup. We conduct analysis on
the MATH500 dataset with semantically equiva-
lent text and image versions. Three image versions
(v1/v2/v3) are constructed with increasing visual
complexity. Error analysis confirms that reasoning
errors rather than perception errors dominate these
failures (Table 6), ensuring strict control over per-
ceptual factors. To explicitly measure how visual
inputs alter expert selection compared to text inputs
for the same problem, we calculate the divergence
at the sample level. Let Φl(x) denote the expert
activation frequency distribution at layer l for input
x. We quantify the average routing divergence as:

Divl =
1

N

N∑

i=1

JSD(Φl(x
txt
i ),Φl(x

img
i )) (4)

where N is the total sample count, and JSD(·)
represents the Jensen-Shannon Divergence. JSD
is computed over prompt-phase tokens only, as
generation-phase tokens are exclusively textual.

Results. Figure 3(c) shows JSD across layers for
the three image versions. Two patterns emerge.
First, JSD exhibits a U-shaped distribution: early
and terminal layers show larger divergence (ex-
pected due to visual encoding and output prepara-
tion), while middle layers show smaller divergence.
Second, and more critically, the three curves di-
verge primarily in the middle layer (6–42) region

while remaining nearly identical in early and ter-
minal layers. This indicates that visual complexity
predominantly affects routing behavior in middle
layers, precisely where domain experts concentrate.

Correlation with Reasoning Accuracy. Despite
similar perception error rates, the three image
versions exhibit different reasoning performance:
v1/v2/v3 achieve 89.0%/88.2%/87.4% respectively,
versus 92.8% for pure text. Notably, versions with
lower reasoning accuracy exhibit greater JSD in
middle layers. This correlation suggests that rout-
ing divergence in middle layers, rather than percep-
tual quality, contributes to reasoning degradation.

The Routing Distraction Hypothesis. Synthe-
sizing the findings from §3.1–§3.3, we propose the
Routing Distraction hypothesis: when processing
visual inputs, the MoE routing mechanism fails to
adequately activate task-relevant domain experts
in middle layers, instead directing computation to-
ward other experts less suited for the reasoning
task. This hypothesis explains why models can
perceive correctly yet reason incorrectly: seman-
tic alignment is preserved, but the computational
resources required for reasoning are not fully mo-
bilized. While our controlled analysis focuses on
semantically equivalent scenarios where percep-
tion is not a confounding factor, we expect this
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hypothesis to generalize to natural visual scenar-
ios involving complex figures and diagrams. In
the following sections, we validate this hypothesis
across both scenario types.

4 Routing-Guided Intervention

Based on the Routing Distraction hypothesis, we
propose a simple intervention strategy: if insuffi-
cient activation of domain experts contributes to
reasoning failures, then explicitly enhancing their
routing weights should recover performance.

4.1 Domain Expert Identification
Following the method in §3.2, we find domain
experts by comparing activation rates between
domain-specific data and general-purpose data (Al-
paca). This requires constructing text references
that elicit the target domain’s reasoning patterns.

Text reference construction depends on the sce-
nario type. For semantically equivalent scenarios,
we directly use the original text problems before
rendering. For natural visual scenarios, we adopt
task-appropriate proxies that elicit similar domain
reasoning patterns, such as text-only problem ver-
sions or model-generated descriptions (§5.1).

Given text references, we compute ∆Φl,i for
each expert and apply threshold τ to obtain the
domain expert set Edomain. This procedure requires
only 20 randomly sampled examples. Notably, the
model need not solve these samples, nor must the
text reference be strictly equivalent to the visual
task. We analyze this robustness property in §5.3.

4.2 Routing Weight Adjustment
During inference, we enhance routing weights of
identified domain experts. We investigate two
strategies with a random baseline as control.

Soft Intervention. We apply moderate additive
enhancement to domain expert logits:

r′l,k ← rl,k + λ · s(rl), ∀El,k ∈ Edomain (5)

where rl,k is the original routing logit, s(rl) is the
standard deviation of all expert logits at layer l, and
λ is the enhancement coefficient. This formulation
preserves the router’s flexibility to adjust based
on specific inputs while systematically increasing
domain expert activation probability.

Hard Intervention. We force domain expert log-
its to the layer maximum:

r′l,k ← max
j

rl,j + δ, ∀El,k ∈ Edomain (6)

where δ ∼ N (0, 10−4) introduces small perturba-
tions to prevent identical logits, particularly rele-
vant for architectures with Top-1 routing.

Random Baseline. To verify that improvements
stem from activating specific domain experts rather
than routing perturbation itself, we randomly select
the same number of experts at each layer and apply
identical enhancement as Soft intervention.

5 Experiments

5.1 Experimental Setup

Models. We evaluate three multimodal MoE
models spanning different scales: Qwen3-VL-30B-
A3B (Bai et al., 2025), Kimi-VL-16B-A3B (Team
et al., 2025), and Llama4-Scout-109B-A17B (Meta
AI, 2025). Detailed model architectures are pro-
vided in Appendix D.

Benchmarks. We construct two complementary
evaluation scenarios. Semantically Equivalent Sce-
narios include MATH500 and GPQA-Diamond
(chemistry, physics subsets) (Rein et al., 2024) ren-
dered as high-resolution images, providing con-
trolled environments where perception is not a con-
founding factor. Natural Visual Scenarios include
MathVerse (vision-only version) (Zhang et al.,
2024a), MATH-Vision (Wang et al., 2024), and
GSM8K-V (Yuan et al., 2025), with text references
constructed from the official text-only version for
MathVerse, model-generated problem descriptions
for MATH-Vision (Appendix E.2), and correspond-
ing GSM8K text problems for GSM8K-V.

Implementation. We use vLLM (Kwon et al.,
2023) with EasySteer (Xu et al., 2025) for
inference-time intervention. Intervention config-
urations are summarized in Table 1. All models
use τ = 0.3 for domain expert identification. Inter-
vention layers are selected based on findings from
§3.2: middle layers for Qwen3-VL and Llama4-
Scout, early and middle layers for Kimi-VL where
domain experts emerge earlier. Due to slight non-
determinism in vLLM, we run 16 trials with greedy
decoding and report average accuracy verified by
xVerify (Chen et al., 2025). Additional details are
provided in Appendix G.

5.2 Main Results

Table 2 presents reasoning accuracy across all mod-
els and benchmarks. We analyze the results from
three perspectives.
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Model Intervention
Layers τ λ

Kimi-VL-16B-A3B [0, 20] 0.3 0.5
Qwen3-VL-30B-A3B [6, 42] 0.3 0.5

Llama4-Scout-109B-A17B [8, 40] 0.3 0.2

Table 1: Intervention configurations for each model.
Intervention layers are specified as inclusive ranges.

Effectiveness in Semantically Equivalent Sce-
narios. These setup directly test the Routing Dis-
traction hypothesis by isolating reasoning from
perception. The Soft intervention achieves con-
sistent improvements across all models. Kimi-VL
improves from 52.30% to 54.54% (+2.24%) on
math and from 29.51% to 32.49% (+2.98%) on
physics. Qwen3-VL shows gains of 1.22% on math
and 2.15% on chemistry. These results confirm that
enhancing domain expert activation effectively mit-
igates routing distraction when perception is fixed.

Generalization to Natural Visual Scenarios. A
key question is whether routing distraction extends
to scenarios with complex visual elements. Kimi-
VL rises from 35.41% to 38.58% (+3.17%) on
MathVerse; Qwen3-VL improves from 55.92% to
57.57% (+1.65%) on MATH-Vision. These gains
indicate enhancing domain expert activation helps
models better integrate visual information. Im-
provements on GSM8K-V are modest, suggesting
that when task difficulty concentrates in the percep-
tion phase (extracting information from multiple
scene images), routing guidance offers less benefit.

Comparison of Intervention Strategies. Soft
intervention performs most consistently, balancing
enhanced domain expert activation with preserved
routing flexibility. Hard intervention shows mixed
results: while it sometimes yields improvements
(e.g., Kimi-VL on physics), it causes severe degra-
dation on Llama4-Scout, even underperforming the
Random baseline. We attribute this to Llama4’s
Top-1 routing mechanism, where forcing expert
logits throughout generation frequently disrupts the
original routing decisions. The Random baseline
generally produces no improvement, confirming
that gains stem from activating correct domain ex-
perts rather than routing perturbation.

5.3 Analysis

Robustness of Expert Identification. A criti-
cal question is whether domain expert identifica-
tion demands semantically equivalent text refer-

ences. This is particularly relevant for natural vi-
sual benchmarks where perfect text equivalents do
not exist. Taking MathVerse as an example, its offi-
cial text-only version cannot fully convey spatial re-
lationships and geometric configurations, rendering
many problems unsolvable from text alone. Indeed,
Qwen3-VL achieves 67.26% accuracy on text-only,
while achieving 69.29% on vision-only, indicating
that visual information provides independent value.

However, experts identified using this partial
text reference still yield substantial improvements:
vision-only accuracy rises to 71.20% (+1.91%)
with Soft intervention. This result carries two impli-
cations. First, visual information provides unique
value that text misses; routing guidance helps mod-
els leverage this information rather than regressing
to text-based reasoning paths. Second, expert iden-
tification is robust to information completeness.
The procedure locates computational units respon-
sible for domain-specific cognitive functions, not
sample-specific solution paths. As long as the text
reference elicits target domain reasoning patterns,
identified experts transfer effectively to visual tasks
with different information structures.

Domain Specificity. While expert identification
is robust to information completeness, it remains
sensitive to domain mismatch. When using
GSM8K (elementary arithmetic) instead of Math-
Verse text-only as the reference for MathVerse
evaluation, improvements diminish substantially
or even reverse. As shown in Table 3, Qwen3-VL’s
vision-only accuracy rises from 69.29% to 71.20%
(+1.91%) with MathVerse-matched guidance, but
only reaches 69.54% (+0.25%) with GSM8K-
mismatched guidance. Notably, Llama4 shows
degradation: from 56.09% baseline to 57.11%
(+1.02%) with matched guidance, but drops to
55.08% (-1.01%) when mismatched. Although
both datasets involve mathematics, GSM8K em-
phasizes arithmetic operations while MathVerse
requires geometric reasoning and function analysis.
The experts activated by these distinct patterns do
not fully overlap, confirming that effective inter-
vention requires domain-matched references.

Layer Selection. We examine the impact of in-
tervention layer range. As shown in Table 4,
Qwen3-VL and Llama4-Scout achieve optimal per-
formance when intervening only on middle layers.
Adding early layers degrades performance, likely
because visual experts in these layers handle neces-
sary visual feature extraction; premature interven-
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Semantically Equivalent Scenarios Natural Visual Scenarios
Method Math Chemistry Physics MathVerse MATH-V GSM8K-V Average

Kimi-VL-16B-A3B-Instruct

Baseline 52.30 25.54 29.51 35.41 21.05 8.11 28.65
Random 51.64-0.66 25.67+0.13 28.78-0.73 34.39-1.02 19.74-1.31 6.82-1.29 27.84-0.81

Hard 53.06+0.76 25.81+0.27 32.78+3.27 35.79+0.38 21.71+0.66 7.13-0.98 29.38+0.73

Soft 54.54+2.24 27.89+2.35 32.49+2.98 38.58+3.17 23.36+2.31 9.17+1.06 31.01+2.36

Qwen3-VL-30B-A3B-Instruct

Baseline 88.20 41.94 75.58 69.29 55.92 24.49 59.24
Random 85.18-3.02 36.56-5.38 70.93-4.65 67.78-1.51 53.62-2.30 23.42-1.07 56.25-2.99

Hard 87.92-0.28 33.33-8.61 70.93-4.65 68.40-0.89 54.28-1.64 23.65-0.84 56.42-2.82

Soft 89.42+1.22 44.09+2.15 76.74+1.16 71.20+1.91 57.57+1.65 25.32+0.83 60.72+1.48

Llama4-Scout-109B-A17B-Instruct

Baseline 77.95 42.20 55.60 56.09 32.24 23.50 47.93
Random 77.80-0.15 41.40-0.80 54.65-0.95 54.57-1.52 31.58-0.66 22.82-0.68 47.14-0.79

Hard 77.62-0.33 37.16-5.04 46.73-8.87 53.55-2.54 30.59-1.65 22.44-1.06 44.68-3.25

Soft 79.20+1.25 43.01+0.81 56.98+1.38 57.11+1.02 33.88+1.64 24.41+0.91 49.10+1.17

Table 2: Accuracy (%) across three multimodal MoE models and six benchmarks. Math, Chemistry, and Physics
refer to image-rendered versions of MATH500 and GPQA-Diamond (chemistry and physics subsets) respectively.
MATH-V denotes MATH-Vision.

Model Text Vision
w/ Guidance

RefMathVerse RefGSM8K

Kimi-VL 45.94 35.41 38.58+3.17 37.31+1.90

Qwen3-VL 67.26 69.29 71.20+1.91 69.54+0.25

Llama4 63.32 56.09 57.11+1.02 55.08-1.01

Table 3: Text-only and vision-only accuracy on Math-
Verse, with guidance using experts identified from Math-
Verse text-only vs. GSM8K.

Model Baseline w/ Early Middle w/ Late

Kimi-VL 28.65 31.01 29.82 29.35
Qwen3-VL 59.24 59.76 60.72 58.97

Llama4 47.93 46.85 49.10 47.82

Table 4: Impact of intervention layer range on average
accuracy. Middle: intervening only on middle layers; w/
Early: adding early layers; w/ Late: adding late layers.
For Kimi-VL, middle layers refer to layers 6-20.

tion disrupts this processing. Kimi-VL exhibits a
different pattern, benefiting from early and middle
layer intervention. Analysis reveals that Kimi-VL’s
domain experts and cross-modal semantic sharing
both emerge at earlier layers, making early inter-
vention beneficial for this architecture.

Intervention Strength. Figure 5 shows the effect
of enhancement coefficient λ in Soft intervention.
Kimi-VL and Qwen3-VL achieve optimal perfor-
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Figure 5: Effect of enhancement coefficient λ on rea-
soning accuracy gains across three models.

mance with λ ∈ [0.4, 0.6]; excessive values de-
grade accuracy by overriding input-specific routing
decisions. Llama4 requires weaker intervention
(λ = 0.2), due to its Top-1 routing mechanism
where activating only one expert per layer makes
routing decisions more sensitive to logit changes.

6 Conclusion

This paper investigates the Seeing but Not Think-
ing phenomenon in multimodal MoE models. We
establish that cross-modal semantic sharing exists
in MoE architectures, ruling out alignment fail-
ure as the sole explanation. Our analysis reveals
layer-wise separation between visual and domain
experts, with image inputs inducing routing diver-
gence in middle layers that correlates with reason-
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ing degradation. Based on these findings, we pro-
pose the Routing Distraction hypothesis and vali-
date it through routing-guided intervention, achiev-
ing consistent improvements across three models
and six benchmarks, with gains of up to 3.17% on
complex visual reasoning tasks. Our work provides
both mechanistic insights into multimodal reason-
ing failures and a practical method for mitigation.

Limitations

This work has several limitations. First, routing
guidance cannot address perceptual errors; when
visual information is incorrectly extracted, enhanc-
ing domain expert activation provides no benefit.
The method targets the specific failure mode of cor-
rect perception coupled with reasoning failure, not
the broader challenge of visual understanding.

Second, the current approach requires task-
specific configuration. Domain expert identifica-
tion relies on constructing appropriate text refer-
ences, and optimal intervention layers and strengths
must be determined empirically for each model-
task combination. Developing adaptive methods
that automatically identify relevant experts and cal-
ibrate intervention parameters would substantially
improve practical applicability.

Third, our cross-modal semantic sharing experi-
ments verify alignment for simple numerical con-
cepts. Whether complex visual concepts (spatial
relationships, geometric configurations, abstract di-
agrams) achieve equal alignment quality remains
unclear. Insufficient alignment for complex con-
cepts could constitute an additional factor contribut-
ing to reasoning failures beyond routing distraction.

Finally, while we demonstrate correlation be-
tween routing divergence and reasoning degrada-
tion, establishing strict causality would require
more controlled interventions. The consistent im-
provements from routing guidance provide support-
ing evidence, but the precise causal mechanisms
underlying expert selection in multimodal contexts
merit further investigation.
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A Discussion

Scope of Routing Distraction. The routing dis-
traction hypothesis explains cases where perception
succeeds but reasoning fails. However, it does not
address perceptual errors, nor does it claim to be
the sole factor underlying multimodal reasoning
failures. For tasks where difficulty concentrates
in perception (e.g., GSM8K-V requiring informa-
tion extraction from multiple scene images), rout-
ing guidance provides limited benefit. The phe-
nomenon likely arises from multiple interacting
factors, with routing distraction being one identifi-
able and addressable component.

Generality Across Architectures. Our experi-
ments span three models with different scales and
routing mechanisms (Top-K vs. Top-1), demon-
strating consistent improvements. However, the
optimal intervention parameters (layers, strength)
vary across architectures, reflecting differences in
where domain experts emerge and how routing de-
cisions propagate. Future work could investigate
whether architectural properties predict optimal in-
tervention configurations.

From Inference-Time Remedy to Training-Time
Solution. While routing-guided intervention ef-
fectively mitigates routing distraction, it remains
a post-hoc remedy requiring domain expert identi-
fication and hyperparameter tuning for each task.
A more fundamental solution lies in the training
phase: designing architectures or training objec-
tives that encourage routers to allocate experts
based on task requirements rather than input modal-
ity. Potential directions include routing regular-
ization that penalizes modality-dependent expert
selection, auxiliary losses that align routing distri-
butions across semantically equivalent multimodal
inputs or better behavior internalization (Lu et al.,
2026b; Du et al., 2026).

B Case Study

Figure 1 presents a sample from the GSM8K
dataset (Cobbe et al., 2021), with the correspond-
ing image from GSM8K-V (Yuan et al., 2025). The
model successfully extracts all necessary informa-
tion and the question to be answered, but makes
a reasoning error during inference by incorrectly
counting the initial value as a separate day. Table 5
shows the complete model responses before and
after routing-guided intervention.

C Construction and Validation of
Semantically Equivalent Dataset

We constructed semantically equivalent images
based on the MATH500 dataset. To analyze the
relationship between routing divergence and rea-
soning accuracy in §3.3, we created three versions
with different visual styles.

Rendering Method. We used LaTeX to render
and crop text problems into high-resolution images
(dpi=200). For mathematical formulas, we used the
default LaTeX font; for code segments, we used
JetBrainsMono-Regular. We constructed three dif-
ferent versions:

• v1: Plain text uses the SimHei font (printed
style)

• v2: Plain text uses the Caveat font (handwrit-
ten style)

• v3: Adds a light gray grid background to v2

Images of the three versions corresponding to
the same text are padded to maintain identical di-
mensions. Examples are shown in Figure 6. The
Alpaca dataset in §3.2 was rendered following the
v1 approach, and GPQA-Diamond in §5 was ren-
dered following the v2 approach.

Figure 6: Examples of the three semantically equivalent
image versions (v1, v2, v3 from top to bottom) for the
same text problem.
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Baseline Response (Incorrect: Answer is 4)

Of course, let’s solve this problem step-by-step.
The scenario involves a beanstalk that doubles in height every day and starts at 4 feet tall. We need to find out how many
days it will take for the beanstalk to grow taller than a window located 20 feet off the ground.
We can calculate the height of the beanstalk each day until its height exceeds 20 feet.
- Day 1: The beanstalk is 4 feet tall.
- Day 2: It doubles from Day 1: 4× 2 = 8 feet tall.
- Day 3: It doubles from Day 2: 8× 2 = 16 feet tall.
- Day 4: It doubles from Day 3: 16× 2 = 32 feet tall.
Now we compare these heights to the window:
- On Day 3, the beanstalk is 16 feet tall, which is less than 20 feet (the window).
- On Day 4, the beanstalk is 32 feet tall, which is greater than 20 feet.
Therefore, on the fourth day, the beanstalk becomes taller than the window.
It takes 4 days for the beanstalk to be taller than the window.

With Routing Intervention (Correct: Answer is 3)

Of course, let’s solve this problem step-by-step.
The scenario involves a beanstalk that doubles in height every day and starts at 4 feet tall. We need to find out how many
days it will take for the beanstalk to grow taller than a window located 20 feet off the ground.
We can model the growth of the beanstalk using an exponential function:
- Initial Height (Day 0): h0 = 4 feet.
- Growth Rate: The plant doubles its size each day, so we multiply by 2 daily.
- Height on Day n: hn = h0 × 2n

Let’s calculate the height of the beanstalk over several consecutive days until it surpasses the 20-foot mark:
—
Step 1: Calculate the height after each day
- After Day 1: h1 = 4 ft × 21 = 8 ft
- After Day 2: h2 = 4 ft × 22 = 4 ft × 4 = 16 ft
- After Day 3: h3 = 4 ft × 23 = 4 ft × 8 = 32 ft
—
Step 2: Compare with the window height
Now, compare these heights to the window’s height of 20 feet:
- After Day 1 (8 ft), the beanstalk is shorter than the window (8 < 20).
- After Day 2 (16 ft), the beanstalk is still shorter than the window (16 < 20).
- After Day 3 (32 ft), the beanstalk is now taller than the window (32 > 20).
Therefore, the first time the beanstalk exceeds the height of the window is on the third day.
It takes 3 days for the beanstalk to be taller than the window.

Table 5: Complete model responses for the problem shown in Figure 1. Despite successfully extracting all necessary
information, the baseline response incorrectly counts the initial value as a separate day (Day 1), leading to an
off-by-one error. The response with routing-guided intervention correctly starts the count from Day 0 and produces
the correct answer.

Verification. We first tested a strategy of adding
a “perform OCR recognition first” instruction in
the prompt:

Prompt for OCR First Strategy
OCR first, then solve the problem.

However, this strategy did not improve the re-
sults (Table 6), possibly because the model focused
its attention on OCR rather than reasoning. There-
fore, we adopted the approach of directly inputting
images. We use gpt-5.2-1211-global to per-
form error analysis on all samples where the model
answered the text version correctly but the image
version incorrectly. Errors are classified into infor-
mation reading errors and reasoning errors using
the following prompt:

Prompt for Error Classification

You are given:

1) **Text Problem**:
`{text_problem}`

2) **Correct Text Solution** (guaranteed correct
):
`{text_solution}`

Now the same problem has been converted into an
**equivalent image** (same content, just visual).
A model answered based on the image and
produced:

3) **Model Answer (from the image)**:
`{model_answer}`

This model answer is **wrong**.

**Task:** Determine the most likely error type:
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- **Information Reading Error**: The model
misread, overlooked, or failed to extract key
information from the image (e.g., missed a
condition, misread a number/symbol, ignored part
of the diagram/text).
- **Reasoning Error**: The model correctly
extracted the relevant information, but made a
logical/mathematical mistake in reasoning or
computation.

**Instructions:**
1. Briefly list the key information that must be
extracted from the problem to solve it.
2. Compare the **Model Answer** with the **
Correct Text Solution** and infer whether the
model likely failed at reading/extraction or at
reasoning.
3. Output **only one label**: `Information
Reading Error` or `Reasoning Error`.
4. Then give a **one-sentence justification**.

Dataset Acc Acc
(OCR first)

Perception
Error

Reasoning
Error

MATH500 92.8 - - -

MATH500-v1 89.0 87.4 31.8% (7/22) 68.2% (15/22)
MATH500-v2 88.2 86.8 26.9% (7/26) 73.1% (19/26)
MATH500-v3 87.4 86.8 31.0% (9/29) 69.0% (20/29)

Table 6: Accuracy comparison and error analysis on
MATH500 and its three image versions. “Acc (OCR
first)” refers to performance when explicitly instructing
the model to perform OCR before reasoning. Percep-
tion and reasoning error percentages are computed from
samples where the model answered correctly on the text
version but incorrectly on the image version.

D Model Information

Table 7 provides detailed architectural specifica-
tions for the three multimodal MoE models evalu-
ated in this work.

Model Layers Routed
Experts

Active Routed
Experts

Shared
Experts

Total Active
Experts

Kimi-VL 27 64 6 2 8
Qwen3-VL 48 128 8 – 8

Llama4 48 16 1 1 2

Table 7: Model architectures. All expert counts are
specified per layer.

E Evaluation Benchmarks

E.1 Benchmark Details

For MATH500 and GPQA-Diamond, we render all
problems as high-resolution images following the
v2 approach described in §3.3 to construct seman-
tically equivalent visual inputs.

• MATH500 is a curated subset of 500 prob-
lems from the MATH dataset.

• GPQA-Diamond consists of 198 graduate-
level multiple-choice questions in biology,
physics, and chemistry. Given the limited
number of biology questions (19), we select
only the physics (86) and chemistry (93) sub-
sets for evaluation.

• MathVerse is a visual math benchmark span-
ning plane geometry, solid geometry, and
function graphs, with six versions offering
varying degrees of multimodal information.
We adopt its vision-only version (788 test sam-
ples) to maximize visual dependency.

• MATH-Vision is a collection of 3,040 mathe-
matical problems with visual contexts sourced
from real math competitions. We use the mini
test set (304 samples) for evaluation.

• GSM8K-V systematically transforms
GSM8K text problems into purely visual
multi-image format, comprising 1,319
samples (5,343 images) that require models
to extract information from scene images. We
use the implicit version to maximize visual
dependency.

E.2 MathVision Description Generation

For MATH-Vision, we generate textual de-
scriptions of diagrams to construct text refer-
ences for domain expert identification. We use
gpt-5.2-1211-global to generate image descrip-
tions, excluding problem types where answers
(such as counting) are directly evident in the de-
scription. The generation prompt follows the tem-
plate shown below:

Prompt for MathVision Description Generation

Here is a diagram of a math problem, please
describe the diagram in complete detail so that
your description can be used to replace the
diagram for math problem-solving.

Example. For the sample image shown in Fig-
ure 7, the generated description is:

A horizontal sequence of five identical flower
shapes is shown, connected left-to-right by
arrows.
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Figure 7: Sample image from MATH-Vision dataset.

- **Flower 1 (far left):** In the center circle
is the number **48**.
- An arrow points from Flower 1 to **Flower 2**
with the label **-20** above the arrow.
- **Flower 2:** Center circle is blank (no
number shown).
- An arrow points from Flower 2 to **Flower 3**
with the label **+9** above the arrow.
- **Flower 3:** Center circle is blank.
- An arrow points from Flower 3 to **Flower 4**
with the label **-6** above the arrow.
- **Flower 4:** Center circle is blank.
- An arrow points from Flower 4 to **Flower 5 (
far right)** with the label **+30** above the
arrow.
- **Flower 5:** Center circle contains a **
question mark (?)**.

Each flower has a round center and multiple
petals (a simple daisy-like icon); only the
center contents (48, blanks, and ?) matter for
the math.

These descriptions are concatenated with the origi-
nal problem text to extract activation frequencies
for domain expert identification.

F Expert Specialization Analysis

Expert specialization is an expected outcome of
training in current mainstream MoE architectures.
The standard load-balancing loss is:

Lbalance = NE

NE∑

i=1

fi · pi (7)

where fi is the activation frequency of expert i and
pi is its average routing probability.

In early MoE frameworks such as OpenMoE
(Xue et al., 2024), this loss is computed at the
micro-batch level. Since tokens within a micro-
batch often come from the same domain, the loss
forces them to be distributed uniformly across
all experts, preventing any expert from becoming
domain-specific.

Modern architectures address this through two
strategies. (a) Global-batch auxiliary loss (e.g.,
Qwen3): computing fi over the entire global batch
imposes a looser constraint, permitting local im-
balance within a domain and explicitly encourag-
ing specialization. (b) Auxiliary-loss-free rout-
ing (e.g., DeepSeek-V3, Kimi-VL): dynamic bias

terms guide load balancing without coupling it to
the training gradient, granting experts maximum
freedom to specialize. Both strategies have been
shown to produce significant domain specialization
(Qiu et al., 2025).

G Implementation Details

Generation parameters are set to: temperature=0
(greedy decoding), zero-shot prompting, and max-
imum generation length of 8192 tokens, with no
external tools enabled. All experiments are con-
ducted on 16 A100 GPUs using vLLM v0.11.0. We
wrap the MoE router in vLLM via EasySteer to in-
tercept and modify routing logits during inference.

We observe that Qwen3-VL-30B-A3B-Instruct
tends to generate excessively long chains of
thought, likely due to long-CoT cold-start dur-
ing its training phase. To mitigate this, we set
repetition_penalty=1.2 for all benchmarks except
MATH500.
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