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Abstract

Multimodal long-chain-of-thought (CoT) gen-
eration requires models to dynamically route
information between visual evidence and an
expanding reasoning history. Existing hallu-
cination mitigation methods often strengthen
visual grounding or intervene in decoding,
but typically treat grounding as a relatively
static property of generation. We propose a
training-free dynamic attention intervention
framework that exploits the head-level spar-
sity, layer-level stratification, and trajectory-
level dynamics of multimodal long-CoT de-
coding. Our method selects routing-sensitive
heads using perturbation-only calibration, as-
signs visual-evidence and reasoning-history in-
terventions to different layer regions, and con-
tinuously rescales selected head outputs accord-
ing to their instantaneous token-group attention
ratios. Across multiple MLLM architectures
and multimodal hallucination benchmarks, our
method consistently improves over vanilla de-
coding and visual contrastive decoding, achiev-
ing an average performance gain of 4.6%.

1 Introduction

Multimodal large language models (MLLMs) (Bai
et al., 2025; Team et al., 2025) increasingly rely on
long chain-of-thought (CoT) generation (Wei et al.,
2022; Wang et al., 2025) to solve complex reason-
ing tasks. Compared with short-answer decoding,
long-CoT generation (Zhang et al., 2024b; Chen
et al., 2026b) fundamentally changes the structure
of the decoding process: each newly generated to-
ken is conditioned not only on the input image, but
also on an expanding sequence of previously gener-
ated reasoning tokens. As decoding proceeds, the
relative importance of these information sources

changes continuously. Some reasoning steps re-
quire renewed access to visual evidence, while oth-
ers depend more heavily on the reasoning context.
Consequently, multimodal long-CoT generation is
not simply a grounding problem, but a dynamic
information-routing process in which the model
continuously shifts attention between external evi-
dence and internal reasoning history.

Existing studies (Guan et al., 2024; Liu et al.,
2024a; Bai et al., 2024; Huang et al., 2025; Samy-
oun et al., 2026) on multimodal hallucination have
mainly focused on insufficient visual grounding,
language priors, or decoding-time biases. Existing
mitigation methods (Leng et al., 2024; Wang et al.,
2024b; Chen et al., 2024b; Yin et al., 2024; Yu
et al., 2026) therefore often strengthen the visual
modality uniformly, contrast generation against per-
turbed visual inputs, or intervene in the decoding
process at inference time. While effective, these
approaches typically treat grounding as a largely
static property of generation. In long-CoT reason-
ing, however, the generated rationale itself becomes
an evolving context source that continuously influ-
ences subsequent decoding (Wang et al., 2023; Xu
et al., 2025). This suggests that hallucination may
arise not only from weak visual grounding, but
also from ineffective routing between visual evi-
dence and generated reasoning history throughout
the decoding trajectory (Zhong et al., 2024).

Head-level routing structure. Recent studies
have shown that attention heads often exhibit highly
uneven responses to different information sources,
suggesting that information routing during decod-
ing is sparse and structured rather than uniformly
distributed across all heads (Clark et al., 2019; Ko-
valeva et al., 2019; Olsson et al., 2022; Todd et al.,
2024; Kang et al., 2025a). In multimodal long-CoT
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reasoning, some heads consistently allocate sub-
stantially larger attention ratios to visual tokens or
previous-CoT tokens, while others remain compar-
atively inactive with respect to these sources (Bi
etal., 2025; Kang et al., 2025b). Moreover, the rout-
ing behavior of a head is itself dynamic, changing
across decoding steps as the model shifts between
visual grounding and reasoning-context reuse. This
motivates selective intervention on heads that are
both strongly and dynamically responsive to spe-
cific information sources, rather than uniformly
modifying the entire attention module (Zhang et al.,
2024a; Sarkar et al., 2025).

Layer-level routing stratification. Beyond
head-level sparsity, information routing in mul-
timodal long-CoT reasoning also exhibits clear
depth-wise organization (Michel et al., 2019;
Rogers et al., 2020; Yin et al., 2026). Prior studies
have shown that attention behavior changes system-
atically across Transformer layers, with different
regions of the network displaying different rout-
ing tendencies during decoding (Vig and Belinkov,
2019; Tenney et al., 2019). Empirically, attention
to visual tokens and previous-CoT tokens often ex-
hibits distinct depth-dependent distributions, sug-
gesting that different routing patterns emerge in dif-
ferent regions of the model. This depth-wise struc-
ture further implies that routing-sensitive heads
should not be treated uniformly during interven-
tion. Instead, shallower regions can be used to
strengthen visual evidence access, while deeper re-
gions can be used to strengthen reuse of previously
generated reasoning context.

Trajectory-aware routing dynamics. While
head-level sparsity and layer-level stratification de-
scribe where routing behavior emerges, long-CoT
reasoning further introduces a temporal dimension
in which routing patterns evolve throughout de-
coding (Zou et al., 2026; Jiang et al., 2025a). Un-
like short-form generation, long-CoT decoding is
highly non-stationary: the model may repeatedly
shift attention between visual evidence and previ-
ously generated reasoning context as the reasoning
trajectory unfolds (Yu and Lee, 2025; Liu et al.,
2025). In particular, visual grounding behavior is
often highly dynamic rather than monotonic, with
the model revisiting visual evidence at different
decoding stages when resolving downstream rea-
soning uncertainty (Man et al., 2025; Li et al., 2025;
Jiang et al., 2025b). Such trajectory-level dynam-
ics make static intervention strategies fundamen-
tally mismatched to long-CoT decoding, since a

fixed amplification strength cannot reflect whether
a routing-sensitive head is actively participating in
information routing at the current step (Chen et al.,
2025; Wang et al., 2026). Instead, intervention
should adapt to the model’s instantaneous routing
state, strengthening selected heads only when they
are currently engaged in visual evidence access or
reasoning-history reuse (Zhang et al., 2025; Lyu
et al., 2026; Yu et al., 2026).

Based on these observations, we propose a dy-
namic attention intervention framework for mul-
timodal long-CoT hallucination mitigation. Our
method continuously regulates selected attention
heads throughout the CoT decoding trajectory,
strengthening visual evidence access and reasoning-
history reuse without introducing additional train-
ing or inference overhead. Experiments across
multiple MLLMs and multimodal hallucination
benchmarks demonstrate consistent improvements,
achieving an average performance gain of 4.6%.

2 Related Work

2.1 Multimodal Hallucination in Long-CoT

Multimodal hallucination remains a major reliabil-
ity challenge for large vision-language models (Fa-
zli et al., 2026). Existing studies attribute halluci-
nations to insufficient visual grounding (Leng et al.,
2024), language priors (Yang et al., 2025; Ouyang
et al., 2026), and decoding biases (Xu et al., 2026),
while prior mitigation methods improve reliability
through contrastive decoding (Chen et al., 2026a),
visual-token enhancement (Zhu et al., 2026), atten-
tion redistribution (Tang et al., 2026), and post-hoc
correction (Liu et al., 2026a) . Recent multimodal
large language models increasingly rely on long
chain-of-thought (CoT) reasoning (Zhang et al.,
2024b), where each newly generated token depends
not only on the input image, but also on previ-
ously generated reasoning tokens (Uppaal et al.,
2026). As a result, the generated rationale itself be-
comes an evolving context source that continuously
participates in subsequent decoding, introducing
additional challenges for hallucination mitigation
during long-CoT generation.

2.2 Structured Attention Routing in LL.Ms

Prior work has shown that Transformer attention ex-
hibits sparse and structured routing behavior, where
different heads and layers respond unevenly to dif-
ferent information sources (Chuang et al., 2024;
Kang et al., 2025a,b). In multimodal models, visual
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grounding is often concentrated in specific heads
or layer regions (Jiang et al., 2025c), motivating
inference-time interventions such as image-guided
head suppression (SPIN) (Sarkar et al., 2025), shal-
low visual-head amplification (ClearSight) (Zhang
et al., 2024a), and dual-level token/head atten-
tion regulation (VisFlow) (Tang et al., 2026). Un-
like these primarily visual-attention interventions,
our method jointly selects visual-evidence and
previous-CoT routing heads, localizes them by
layer, and dynamically rescales selected head out-
puts during long-CoT decoding.

3 Method

We propose a training-free inference-time frame-
work for dynamic attention intervention in multi-
modal long-CoT generation. Specifically, we use
token-group attention ratios to characterize how
attention heads route information between visual
evidence and previous reasoning context, identify
routing-sensitive heads with routing patterns, and
dynamically amplify their outputs during decoding.
Since the intervention only rescales selected head
outputs at inference time, it introduces negligible
overhead and requires no additional training.

3.1 Token-Group Routing Signals

To dynamically follow the model’s routing behav-
ior during long-CoT decoding, we first require a
lightweight signal that characterizes which infor-
mation source a head is currently attending to. We
use the attention ratio assigned to a token group as
such a routing signal.

Let ¢ = (I,h) denote the h-th attention head
in transformer layer [. At decoding step ¢, head
q produces an attention distribution a,(t) over all
available tokens. For a token group GG, we define
the token-group attention ratio as

Ry(G,t) =) aq(t)s. (1)

i€G

Intuitively, R,(G, t) measures how much attention
mass head q allocates to source group G at decod-
ing step ¢, and therefore reflects the instantaneous
routing intensity toward that source.

We consider two token groups in this work. The
first is the visual-token group Gy;is, containing im-
age tokens from the multimodal input. The second
is the previous-CoT group Gt (t), containing rea-
soning tokens generated before step t. Accordingly,
R,(Gyis, t) measures the routing intensity toward

visual evidence, while R, (Gcot(t), t) measures the
instantaneous routing intensity toward previously
generated reasoning context.

3.2 Routing-Sensitive Head Selection

Since information routing is highly sparse across
attention heads (Jin et al., 2025; Voita et al., 2019),
uniformly intervening on all heads is both ineffi-
cient and unnecessary. Instead, we identify routing-
sensitive heads that actively participate in routing
to a target information source during decoding.

For each source x € {vis, cot} and each head ¢,
we compute a routing sensitivity score

S(q) = Bap [Ry(Gx (1), 1)]

- Stdg s [Re(Gy(1),1)]. @

where x indexes calibration samples and ¢ indexes
decoding steps.

The expectation term measures how strongly a
head participates in routing to a source on average,
while the standard-deviation term measures how
dynamically this routing behavior changes through-
out decoding. Therefore, a high routing sensitivity
score indicates that a head is not only strongly en-
gaged with a source, but also dynamically activated
during the generation trajectory.

The resulting scores {Syis(q) 4 and {Scot(q) }4
form source-specific routing maps over attention
heads, which are later used to localize dynamic
interventions.

3.3 Layer-Localized Intervention

Although routing-sensitive heads can be identified
from routing maps, information routing in multi-
modal long-CoT reasoning is not uniformly dis-
tributed across network depth. Instead, routing
behavior often exhibits a clear layer-wise stratifi-
cation, with different regions of the network dis-
playing different routing tendencies toward visual
evidence and previous-CoT context.

To capture this structure, we estimate a coarse
layer boundary from the layer-wise previous-CoT
routing profile. For layer [, we compute

Crt = Ea v [Rup (Geot (), )], (3)

which measures the average amount of previous-
CoT routing in layer [ over calibration samples and
decoding steps.

We then identify the layer boundary as the largest
transition point in the routing profile:

b= arg max |CFPY — CZCOt‘ . 4)
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Figure 1: Overview of routing-aware head amplification. The method identifies heads that route to visual evidence
or previous CoT tokens, localizes them by layer, and dynamically rescales their outputs during decoding according

to their current routing strength.

This boundary provides a coarse shallow/deep strat-
ification of the network and is used only as a struc-
tural prior for localizing interventions across depth.

Based on this stratification, visual-sensitive
heads are selected from the shallow region,

Hyis = TopK {Svis(q) | layer(q) < b},  (5)

while previous-CoT-sensitive heads are selected
from the deep region,

Heot = TopK {Scot(q) | layer(q) > b}.  (6)

The final intervention set is H = Hyis U Heot-
This layer-localized design preserves the routing

structure of the network while avoiding uniform

intervention across all layers and heads.

3.4 Trajectory-Aware Head Amplification

Long-CoT decoding is highly non-stationary, and
the routing behavior of an attention head can
change across decoding steps. A routing-sensitive
head may strongly engage with visual evidence or
previous-CoT context at certain stages of genera-
tion, while remaining inactive at others. Therefore,
applying a fixed intervention strength throughout
decoding is fundamentally mismatched to the dy-
namic nature of long-CoT reasoning.

Instead, we use a trajectory-aware conditional
intervention strategy that follows the model’s in-
stantaneous routing state. Intuitively, a selected

head should receive stronger amplification only
when it is actively routing information to its target
source. If the head is not currently engaged with
that source, the intervention should remain weak so
that the original decoding dynamics are preserved.

Let o,4(t) denote the output vector of head ¢
at decoding step ¢ before the multi-head output
projection. We rescale this vector as

6q(t> O‘q(t)oq(t)a (7

where 4 (t) is a routing-aware amplification factor
defined as

1 + AYARQ(GVim t)) q S HViS)
O‘q(t) = 1 + ARq(GCOt(t)a t)u q c HCOt?
1, otherwise.

)]

Here, X controls the overall intervention strength,
while vy is an additional scaling factor used to com-
pensate for the intrinsic magnitude gap between
visual-routing ratios Rq(G\is, t) and previous-CoT
routing ratios R,(Geot(t),t). In practice, visual-
routing ratios are typically much smaller than CoT-
routing ratios, and therefore require additional am-
plification to achieve comparable intervention in-
tensity across the two routing sources.

When a selected head strongly routes attention
to its target source at decoding step ¢, the corre-
sponding routing ratio becomes larger and the head
output receives stronger amplification. Conversely,
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if the routing ratio is small, the computation re-
mains close to the original model.

Importantly, we do not modify attention logits or
attention probabilities. The attention distribution is
computed normally, and only the aggregated out-
put of selected heads is rescaled before the output
projection. Therefore, the intervention is condi-
tioned on the model’s own routing behavior dur-
ing decoding, strengthening active visual-evidence
and reasoning-history routes while leaving inactive
heads and non-selected heads largely unchanged.

4 Experiments

In this section, we design our experiments around
five research questions:

* RQ1: Can routing-aware attention interven-
tion improve multimodal long-CoT reliability
across models and task domains?

* RQ2: Can perturbation-only calibration re-
cover routing maps that are aligned with real-
task decoding?

* RQ3: Does layer-wise routing stratification
provide a robust prior for separating visual-
evidence and CoT-history interventions?

* RQ4: How sensitive is routing-aware inter-
vention to the amplification strength?

* RQS5: What do ablations reveal about the per-
formance gains?

4.1 Experimental Setup

Environment. Experiments are conducted on
NVIDIA A800-80GB NVLink GPUs with Xeon
Platinum 8374C CPUs and 120GB host memory.
Details are provided in the supplementary material.

Datasets. To verify the generality of the pro-
posed method beyond hallucination-only settings,
we evaluate not only on hallucination benchmarks,
but also on mathematical and multimodal reason-
ing tasks to study whether routing-aware interven-
tion can improve long-CoT reasoning reliability
more broadly. Specifically, we consider three cate-
gories of benchmarks: 1. Multimodal Integration:
MMStar (Chen et al., 2024a), SEED-Bench (Li
et al., 2023a); 2. Mathematical Reasoning: Math-
Vista (Lu et al., 2024), MathVision (Wang et al.,
2024a); 3. Hallucination Evaluation: Hallusion-
Bench (Guan et al., 2024), POPE (Li et al., 2023b),
MMHal (Sun et al., 2024).

Baselines. We compare with represen-
tative inference-time hallucination mitigation
methods, including VCD (Leng et al., 2024),
OPERA (Huang et al., 2024), and AGLA (Anetal.,
2025). We further compare against the vanilla de-
coding strategy of each base model.

4.2 RQ1: Main Results

We evaluate the proposed routing-aware atten-
tion intervention on three representative multi-
modal long-CoT models, including Kimi-VL
A3B-Thinking, Ocean—-R1 7B-Instruct,
and R1-Onevision 7B. To comprehensively
evaluate the generality of the proposed method,
we conduct experiments not only on hallucination-
oriented benchmarks, but also on mathematical rea-
soning and general multimodal reasoning datasets.
This setting allows us to study whether routing-
aware intervention can improve the overall relia-
bility of multimodal long-CoT reasoning beyond
hallucination-only scenarios.

As shown in Table 1, our method consistently
improves performance across all evaluated models
and datasets. Compared with Vanilla Decoding,
the proposed method achieves an average improve-
ment of approximately 5% across all benchmarks.
Compared with existing inference-time hallucina-
tion mitigation methods, including VCD, OPERA,
and AGLA, our method achieves the best perfor-
mance in 85.7% of all evaluated model—dataset
settings. The improvements are particularly clear
on MathVision, HallusionBench, POPE, and
MMHal, suggesting that dynamically strengthen-
ing visual-evidence routing and reasoning-history
reuse can effectively improve both reasoning ac-
curacy and hallucination robustness during long-
CoT generation. Overall, these results demonstrate
that routing-aware intervention provides a robust
and general mechanism for improving multimodal
long-CoT reasoning reliability across different ar-
chitectures and task domains.

In addition to effectiveness, the proposed method
introduces only minimal deployment overhead.
The intervention target set H is computed once per
model using 24 non-semantic 640 x 640 calibra-
tion images (white, black, Gaussian-noise, checker-
board, and random-patch images) paired with the
same prompt, and is then shared across all down-
stream datasets. We use one rollout per calibra-
tion sample, select the top 30% heads within the
corresponding layer region, and fix the visual com-
pensation factor to v = 10. During deployment,
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Table 1: Overall results across seven benchmarks covering general multimodal reasoning, mathematical
reasoning, and hallucination evaluation. MHal reports hallucination rate, where lower is better. Bold indicates the
best result and underlined numbers indicate the second best. For our method, we use model-specific hyperparameters:
b=2,A=0.4forKimi, and b = 4, A = 0.25 for Ocean and R1-Onevision.

Method Mode

| | General Multimodal Tasks | Mathematical Reasoning |

Hallucination Evaluation

| MMStar ~ SEED-Bench | MathVista MathVision | HallusionBench POPE MMHal (Hal. Rate |)
Vanilla 4421 59.92 54.29 19.74 48.93 64.33 0.31
VCD Z 5 45.71 60.19 54.79 20.63 49.92 66.73 0.28
OPERA g 2 E 47.87 61.90 56.26 22.43 45.07 67.85 0.29
AGLA & = 48.57 63.36 57.90 24.34 44.95 68.28 0.27
Ours 49.18 65.72 60.72 22.97 55.82 70.67 0.23
Vanilla 55.74 68.75 60.66 32.81 57.97 80.33 0.41
VCD g 56.43 68.49 60.18 33.11 58.23 81.28 0.40
OPERA @ 53.14 66.09 59.52 35.97 53.83 81.93 0.41
AGLA IS 54.17 67.95 60.76 36.84 55.03 82.11 0.40
Ours 59.82 71.20 62.03 39.86 61.75 83.67 0.38
Vanilla 59.43 65.92 62.98 56.17 65.21 84.67 0.42
VCD S 59.92 66.34 63.87 55.88 66.13 84.92 0.39
OPERA ¢ 5 2 63.24 67.65 65.94 57.02 62.83 84.85 0.36
AGLA ¥ FE 64.29 69.31 67.08 58.68 62.74 85.21 0.34
Ours 65.23 69.15 66.41 61.03 69.59 87.00 0.30
Kimi-VL Ocean-R1 7 - R1-OneVision
i 020 [ VLV VYY) ] o WV
Higa, EUHSCeH chgori I o
o 5B 0.20 0.18 2‘”‘ ﬂﬂy Yfg VIVIVE R
"“\% i o — 015 200 il A gl jepirikiglad o
T N gﬁg o s -
o f & o e M e i i et
£, ;ﬂéi %ﬂ% ﬁng 010 ukvﬁ‘//ﬁé g ‘/m%w‘? G V%Q ﬁ% o8
04 = qf 0.10 i % g o ﬂ‘/
9 Lo v/ﬂg RN GER Tep eSS fo | oos
02 & ﬂgjﬁ L =h 58 | 005 0.05 : ) \V/“V/V/ yi’l V) v i
3 “ ‘«/ W 003 4 - 0.02
0.0 ot =A J g *r‘\% 0.00 000 O 0.00
Seot 0 2 4 6 8§ 10 12 14 s, Suis 0
Heads (q) Heads (q) Heads (q)

Figure 2: Visualization of routing-sensitive heads selected from perturbation-based calibration. For each
model, we separately select the top 30% visual-routing heads (Vis) and previous-CoT-routing heads (CoT) according
to the routing sensitivity score. The visualization is computed by aggregating routing statistics over all calibration
samples, illustrating the global distribution of intervention targets across layers and attention heads.

the method only rescales selected head outputs, in-
creasing end-to-end decoding latency by less than
1% in our implementation with marginal memory
and throughput changes.

4.3 RQ2: Validity of Perturbation-Based
Routing Maps

Since our method selects intervention heads us-
ing only perturbation-based calibration, we further
study whether the resulting routing maps remain
statistically aligned with routing behavior observed
on real-task datasets. Specifically, we compare
perturbation-based routing maps with routing maps
computed on downstream VQA benchmarks from
three complementary perspectives: Pearson corre-
lation (P), which measures the similarity of global
routing-score distributions; Spearman correlation
(S), which measures whether the relative ranking of

routing-sensitive heads is preserved; and Top over-
lap (T), which measures whether the final selected
intervention heads overlap between perturbation-
based and real-task routing maps.

Table 2 reports the PST analysis on Ocean—-R1
7B-Instruct, Kimi-VL A3B-Thinking,
and R1-Onevision 7B. Overall, perturbation-
based routing maps exhibit strong statistical con-
sistency with routing behavior observed on down-
stream datasets. In particular, the Pearson corre-
lation on MMStar, HallusionBench, and Math-
Vista remains close to 0.9 on average, indicat-
ing that the global routing-score distributions are
highly aligned between perturbation inputs and
real-task decoding. The Spearman correlation fur-
ther shows that the relative ranking of routing-
sensitive heads is largely preserved across datasets.
While Ocean-R1 exhibits relatively lower rank-
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Table 2: PST consistency between perturbation-based and real-task routing maps. The table compares routing
maps generated from perturbation-based calibration with routing maps computed on downstream datasets, in order
to evaluate whether perturbation-selected routing-sensitive heads remain statistically aligned with real-task routing
behavior. P, S, and T denote Pearson correlation, Spearman correlation, and Top-overlap, respectively.

Kimi-VL Ocean-R1 R1-Onevision
Dataset Type ) S T P S T P S T
Vis 0.94 0.96 0.90 0.93 0.72 0.65 0.93 0.90 0.74
MMStar
CoT 0.95 0.93 0.80 0.89 0.86 0.80 0.88 0.85 0.75
HallusionBench Vis 0.89 0.94 0.80 0.89 0.55 0.44 0.88 0.80 0.68
CoT 0.92 0.90 0.77 0.80 0.75 0.69 0.88 0.86 0.75
MathVista Vis 0.82 0.92 0.90 0.91 0.66 0.56 0.93 0.89 0.71
CoT 0.88 0.86 0.79 0.72 0.66 0.62 0.90 0.88 0.79
Kimi-VL o Ocean-R1 o R1-OneVision cre
1o 0.0000.025 0.050 0.00 0.05 0.10 0.00 0.05 0.1C
24 i - cr 24L 244
—0.8 mi | ol u
3 20 20 20
Eo.e 316 16 16
vf:o.4 %12 12 12
Z - 8 8 sl
m 1
02 4 4' L N 0011 T S 4 LN R AT
m [ S W | comiURNNGG N N\
00 0O 107214321428535 0.0 05 1.0 00 107214321428535 00 05 1.0 00 107214321428535 00 05 1.0
CoT Step (t) Cret CoT Step (t) Cret CoT Step (t) Cret

Figure 3: Layer-wise routing stratification across long-CoT decoding. The figure visualizes the aggregated
routing dynamics on a subset of HallusionBench along relative CoT decoding steps. Routing statistics are averaged
over all samples within different layer regions, illustrating a clear depth-wise transition from shallow layers to
middle layers during long-CoT generation. The observed transition boundary provides empirical evidence for the
layer-localized intervention strategy used in our framework.

ing consistency compared with the other mod-
els, both Kimi-VL and R1-Onevision main-
tain consistently high Spearman correlations across
benchmarks. Moreover, the Top-overlap metric
remains above 50% across most settings, suggest-
ing that the majority of intervention heads selected
from perturbation-based routing maps are also se-
lected under real-task routing distributions.

These results suggest that perturbation inputs
can expose stable routing priors of multimodal
long-CoT models despite lacking downstream task
semantics. Rather than exactly reproducing task-
specific routing behavior, perturbation-based cali-
bration captures statistically consistent routing ten-
dencies that remain aligned with real-task decoding
patterns, thereby providing an effective lightweight
prior for routing-sensitive head selection.

4.4 RQ3: Layer-Wise Routing Stratification

We further analyze whether the proposed layer
boundary b reflects a stable structural prop-
erty of multimodal long-CoT models. Specif-
ically, we aggregate the previous-CoT rout-

ing intensity over all heads within the same
layer and compute the layer-wise routing pro-
file C/°*. Figure 3 visualizes the resulting
depth-wise routing distributions for Kimi-VL
A3B-Thinking, Ocean—-R1 7B-Instruct,
and R1-Onevision 7B.

As shown in the figure, all three models exhibit
a clear transition pattern between shallow and deep
layers. In particular, the transition emerges around
layer 2 for Kimi~-VL and around layer 4 for both
Ocean-R1 and R1-Onevision. Although the
exact boundary location differs across architectures,
the existence of a clear depth-wise transition re-
mains highly consistent. This suggests that the
shallow-to-deep routing boundary is not an acciden-
tal phenomenon of a specific model, but rather a re-
curring structural pattern in multimodal long-CoT
reasoning. Such observations provide empirical
support for using layer-wise routing stratification
as a structural prior for intervention localization.

We further evaluate boundary sensitivity on
Ocean-R1 by testing b — 1 = 3, the detected
boundary b = 4, b+ 1 = 5, and a larger shift
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Figure 4: Sensitivity analysis of the scaling coefficient
Aon Kimi-VL A3B-Thinking.

b+ 5 = 9. On MMStar, MathVista, and Hallusion-
Bench, these settings obtain (49.91, 58.34, 53.21),
(51.43,60.72,55.82), (51.92,61.02,55.14), and
(45.47,57.96,52.23), respectively. The neigh-
boring b + 1 setting remains close to the de-
tected boundary and slightly improves two datasets,
whereas the larger shift degrades more clearly. This
suggests that the largest-jump rule identifies a use-
ful boundary region rather than a uniquely optimal
layer index.

4.5 ROQ4: Sensitivity to Amplification
Strength

We further analyze the sensitivity of the ampli-
fication factor A, which controls the strength of
routing-aware intervention during decoding. In
practice, the optimal A for each model is selected
by evaluating performance on small validation sub-
sets and choosing the configuration that achieves
the best overall trade-off across datasets. The fi-
nal values used in RQ1 are reported in the caption
of Table 1. Since the magnitude of R,(G\is, t) is
relatively small in practice, we additionally apply
a 10x scaling factor to the visual-routing branch
when computing the final amplification strength.

Figure 4 shows the performance trends of
Kimi-VL A3B-Thinking under different A
settings on MMStar, HallusionBench, and Math-
Vista. Although the optimal peak values differ
slightly across datasets, the best-performing ranges
remain highly consistent within the same model. In
particular, the final configuration around A = 0.4
achieves stable strong performance across all eval-
uated benchmarks for Kimi—-VL. Moreover, the
performance curves exhibit relatively broad plateau
regions rather than sharp peaks, indicating that the
proposed intervention is not overly sensitive to pre-
cise amplification values.

Table 3: Ablation study on Kimi-VL
A3B-Thinking. The table reports the perfor-
mance of different ablation settings.

Variant MMStar HallusionBench MathVista
Vanilla 59.43 65.21 62.98
Random heads 57.24 62.18 61.02
w/o visual heads 63.49 65.91 64.21
w/o CoT heads 64.20 67.83 62.69
Full Ours 66.23 69.59 66.41

4.6 RQS5: Component Ablation

Finally, we conduct component ablations to ex-
amine which parts of the proposed intervention
are responsible for the final performance gains.
We use Kimi-VL A3B-Thinking as the rep-
resentative model and evaluate on MMStar, Hallu-
sionBench, and MathVista. We compare the full
method with three ablated variants. First, Random
heads replaces routing-sensitive heads with ran-
domly selected heads under the same intervention
budget and layer regions. Second, w/o visual heads
removes the visual-evidence branch and only am-
plifies previous-CoT-sensitive heads. Third, w/o
CoT heads removes the previous-CoT branch and
only amplifies visual-sensitive heads.

As shown in Table 3, the full method achieves
the best performance across all three benchmarks.
Randomly selected heads perform even worse than
vanilla decoding, indicating that the gains do not
come from simply rescaling additional attention
heads. Instead, amplifying arbitrary heads can dis-
rupt the model’s original routing behavior, which
highlights the necessity of selecting heads accord-
ing to source-specific routing sensitivity.

Removing visual-sensitive heads leads to con-
sistent degradation compared with the full method,
especially on MMStar and HallusionBench. This
suggests that visual-evidence routing is important
for both general multimodal understanding and
hallucination mitigation. Meanwhile, removing
previous-CoT-sensitive heads causes the largest rel-
ative drop on MathVista and even falls slightly be-
low vanilla decoding, indicating that mathematical
reasoning relies more heavily on stable reuse of the
accumulated reasoning history.

5 Conclusion

We presented a training-free inference-time in-
tervention for multimodal long-CoT reasoning.
Rather than enforcing uniform visual attention, our
method identifies attention heads that naturally en-
gage with useful information sources and dynami-
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cally amplifies their outputs during generation. By
strengthening visual-token access in shallow lay-
ers and previous-CoT reuse in deeper layers, the
method improves multimodal reasoning and hal-
lucination robustness across multiple models and
benchmarks. These findings suggest that long-CoT
hallucination can be mitigated by stabilizing the
model’s own grounding and reasoning mechanisms
without additional training or task-specific labels.

Limitation

Although the proposed routing-aware intervention
consistently improves multimodal long-CoT rea-
soning across multiple benchmarks and architec-
tures, several limitations remain. The current
framework still relies on manually selected inter-
vention hyperparameters, and the optimal settings
may vary across models and tasks. In addition, the
method focuses primarily on attention-head-level
routing behavior, while other architectural compo-
nents that may influence hallucination and reason-
ing stability are not explicitly modeled. Finally, al-
though perturbation-based calibration shows strong
alignment with downstream routing behavior, the
robustness of the learned routing priors under sub-
stantially different domains and interactive reason-
ing settings remains underexplored.

Ethical Considerations

This work aims to improve the reliability of mul-
timodal long-CoT reasoning by reducing halluci-
nation during generation. The proposed method
operates entirely at inference time and does not re-
quire additional training data, human annotation, or
modification of model parameters. All experiments
are conducted on publicly available datasets and
open-source models, and no personally identifiable
information or sensitive user data is involved. Al
assistants were used only for language polishing.
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