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Abstract

Multimodal Large Language Models (MLLMs)
integrate visual encoders with Large Language
Models (LLMs) and enable multimodal rea-
soning. However, for tasks that heavily rely
on visual information, the model’s utilization
of visual information remains unstable, which
leads to reasoning failures. Prior works mainly
strengthen multimodal reasoning by improving
representation alignment or increasing compu-
tation. These methods do not explicitly charac-
terize the differences in visual demands across
tasks, making it difficult for the model to de-
cide where and how strongly to attend to visual
information. Consequently, visual attention al-
location for different task becomes a key factor
that affects multimodal reasoning. To address
these, we propose RATION, an entropy-driven
task-adaptive visual attention allocation frame-
work. First, we use a task routing strategy to
infer the task type of each sample and identify
the key layers. We use visual attention entropy
as a control signal to dynamically allocate atten-
tion according to task demands. Experiments
show that RATION achieves consistent per-
formance gains across diverse reasoning tasks,
datasets, and models, providing a clear direc-
tion toward more reliable multimodal reason-
ing. Our code is available at https://github.
com/betterfly123/RATION.

1 Introduction

Recently, Multimodal Large Language Models
(MLLMs) that follow the alignment paradigm be-
tween vision encoders and Large Language Models
(LLMs) demonstrate strong capabilities in unify-
ing visual understanding and language reasoning
(Bai et al., 2024; Chen et al., 2024b). Under this
paradigm, MLLMs make rapid progress in applica-
tion scenarios such as GUI understanding (Wang
et al., 2025b), video understanding (Chen et al.,
2024a), and embodied interaction (Li et al., 2024b).

*Corresponding author.

Unreliable Visual Attention Allocation

Counting
Question: How many people appear?

Focused→ under count

OCR
Question: What is the beverage name?

Diffuse→ unstable reading

Figure 1: Visual attention allocation mismatch across
tasks. We show the attention heatmaps on Qwen3-VL.
White boxes indicate misallocated attentions.

Despite substantial progress in multimodal align-
ment, multimodal reasoning remains fundamen-
tally constrained by the unreliability of visual in-
formation utilization, such as deficiencies in vi-
sual perception (Tong et al., 2024) and difficulty
in utilizing representations (Liu et al., 2025a). In
tasks that highly depend on visual evidence, such
as counting, spatial reasoning, and OCR, models
often fail (Yang et al., 2025a; Schulze Buschoff
et al., 2025). These failures arise from the inter-
nal visual attention allocation mechanisms within
models. As shown in Figure 1, in counting tasks,
focused attention pattern leads to missed instances
by limiting global coverage, whereas in OCR tasks,
diffuse attention prevents the model from focus-
ing on dense textual regions. These observations
highlight the importance of matching task-specific
visual demands with the model’s implicit attention
allocation strategy.

To mitigate reasoning failures, existing works
mainly encourage models to attend to visual in-
puts more frequently (Lin et al., 2024; Liu et al.,
2024) or allocate additional inference computation
(Zhang et al., 2024b; Jia et al., 2024; Yang et al.,
2025b). However, these methods often operate at
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the token or prompt level, treating the model’s in-
ternal attention mechanism as a “black box”. While
these enhancements improve performance in spe-
cific scenarios, they do not explicitly model the
distributional differences in visual demands across
tasks. As a result, models remain unable to de-
cide where and with what intensity visual infor-
mation should be attended during inference. This
mismatch between task demands and attention al-
location leads to both under-utilization and mis-
utilization of visual information, limiting the relia-
bility of multimodal reasoning.

To fill the gap in visual attention allocation,
we propose RATION, an entropy-dRiven tAsk-
adapTive vIsual attentiON allocation framework.
Specifically, we design a task routing strategy that
automatically infers the task type of each sample
from layer activation change patterns within a sin-
gle forward pass, and identifies key layers that di-
rectly affect the task, thereby determining where vi-
sual attention allocation should be applied. Unlike
prior works that require expensive fine-tuning or
remains task-agnostic, RATION performs training-
free sample-specific modulation of internal atten-
tion states. To further determine what intensity
visual attention should be allocated, we leverage
visual attention entropy as a sample specific signal.
Entropy serves as an intrinsic measure of the at-
tention distribution (Bao et al., 2024; Zhang et al.,
2025), characterizing how focused or diffuse the
attention is. Building on this signal, RATION dy-
namically adjusts visual attention allocation in a
task-aware manner. Overall, RATION performs
training-free, task-adaptive visual attention alloca-
tion during inference, explicitly aligning internal at-
tention behavior with task-specific visual demands.
This leads to more stable and reliable utilization
of visual information and consistently improves
multimodal reasoning capacity. Our contributions
are summarized as follows:
• We propose RATION, a training-free framework

that leverages attention entropy to perform dy-
namical visual attention allocation based on the
demands of different tasks, improving the relia-
bility of visual information utilization in multi-
modal reasoning.

• We introduce a task routing strategy based on
layer activation changes, enabling task type in-
ference and decisions of task-specific key layers.

• We conduct extensive evaluations on 4 MLLMs
and 7 benchmarks, and the results demonstrate
that RATION achieve consistently performance

gains across diverse MLLMs and tasks, validat-
ing its effectiveness and generalization.

2 Related Work

Reasoning in language-only models. Text-only
reasoning research mainly focuses on how to
elicit and stabilize multi-step computation over
discrete linguistic tokens. Classic inference-time
strategies, such as Chain-of-Thought and self-
consistency, improve reliability by explicitly un-
folding intermediate steps and aggregating diverse
reasoning traces (Wei et al., 2022; Wang et al.,
2023). Tool-based paradigms connect reasoning
with external operations and their feedback (Yao
et al., 2022). Recently, reasoning models enabled
by large-scale math-oriented pretraining and RL-
based post-training demonstrate stronger reasoning
ability, but also depend more heavily on inference-
time compute (Shao et al., 2024; Guo et al., 2025).
Unlike text-only reasoning, which is often con-
strained primarily by the construction and consis-
tency of reasoning chains, multimodal reasoning
failures more often arise when the model cannot
reliably use key visual information. Consequently,
even with sufficient reasoning ability, the model
can still produce various errors due to unreliable
utilization of visual evidence.

Reasoning in multimodal models. Recent
progress in multimodal reasoning mainly manifests
as enhancements on both the training side and the
inference side. Training-side improvements primar-
ily scale up training (Chen et al., 2024b), refine
data selection (Xu et al., 2024; Kong et al., 2025b),
and introduce stronger training objectives (Li et al.,
2024a; Wang et al., 2026; Kong et al., 2025a) to im-
prove general multimodal capability and reasoning
performance. Although these methods yield mea-
surable gains, they do not explicitly constrain how
visual information is used. Consequently, models
can still produce errors due to unreliable utilization
of visual information. On the inference side, exist-
ing methods mainly improve performance through
different reasoning strategies. MM-CoT (Zhang
et al., 2024b) constructs explicit chains of thought
to encourage joint use of text and images, and
VCTP (Chen et al., 2024c) iteratively performs
multi-step operations at inference to strengthen vi-
sion interaction. ControlMLLM (Wu et al., 2024)
uses learnable latent variables to control the contri-
butions of visual and textual tokens. Another line of
work introduces additional information to reinforce
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Figure 2: Framework overview of RATION. RATION consists of three components: predefined functional layers,
task routing strategy and entropy-driven attention allocation.

attention to visual evidence. DCoT (Jia et al., 2024)
decomposes questions to guide the model to fo-
cus on key cues, and Socratic-MCTS (Acuna et al.,
2025) explicitly formulates reasoning as search and
uses MCTS to generate high-value question pairs.
MAGIC-VQA (Yang et al., 2025b) retrieves exter-
nal commonsense knowledge to support question
understanding. Despite these advances, existing
works often overlook task-specific differences in
visual information demand and cannot allocate in-
ternal computation accordingly. We address this is-
sue by allocating visual attention in a task-adaptive
manner.

3 Method

In this section, we describe how RATION deter-
mines where to intervene, and selects what strength
to allocate visual attention. As shown in Figure 2,
RATION consists of three components: predefined
functional layers, task routing strategy, and entropy-
driven attention allocation. Predefined functional
layers identify functional layers for a specific task.
Task routing strategy infers the task type at the sam-
ple level and selects the corresponding key layers
for subsequent intervention. Entropy-driven atten-
tion allocation then uses entropy as a control signal
to perform attention allocation at the selected key
layers based on the task demands.

3.1 Predefined Functional Layers

MLLMs exhibit functional stratification across de-
coder depths in their visual capability (Shi et al.,
2025). To support subsequent task routing, we
draw on prior layer analysis methods (Lin et al.,

2025; Wu et al., 2025) by zeroing out the attention
states at specific layers and defining task-specific
functional layer groups based on the performance
changes. The dropping operation is defined:

(K
(l)
V , V

(l)
V ) = 0, ∀l ≥ k, (1)

where l denotes the layer index, k is the layer
where dropping starts, and V denotes the set of
visual token positions. The key and value states
at layer l are denoted as (K(l), V (l)). We follow
the four tasks taxonomy in (Shi et al., 2025), cover-
ing recognition, counting, spatial, and OCR. This
taxonomy provides a relatively comprehensive cov-
erage of the common atomic perceptual capabilities
that determine the visual-side computational bot-
tlenecks. We define a mapping for the functional
layer groups:

G[t] = (gt,1, . . . , gt,mt), (2)

where t ∈ {recognition, counting, spatial, ocr}
= T , and mt is the layer number for task t. De-
tailed results are provided in Appendix A.

3.2 Task Routing Strategy
We propose a task routing strategy to infer the task
type of each sample and accordingly identify the
key layers for subsequent intervention. Since dif-
ferent tasks exhibit distinct visual demands, identi-
fying the task type is necessary to enable targeted
attention allocation in later stages. Meanwhile, lay-
ers in the model serve different functions, so we
must determine where to intervene to avoid apply-
ing adjustments to non-key layers and perturbing
their normal representation update process.
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3.2.1 Layer Activation Statistics
To adaptively infer the task type of each sample,
we collect layer activation statistics from a sin-
gle forward pass. For a given sample, the input
sequence has length N , and the set of visual to-
ken positions is denoted as V ⊆ {1, . . . , N}. Let
H(l) ∈ RB×N×D denote the output hidden states
at layer l, where B is the batch size, and D is the
hidden dimension. For an input sample, at layer l,
the input and output are denoted as:

H(l−1), H(l) ∈ RB×N×D. (3)

Since decoder layers typically adopt a residual
structure, the difference between the layer input
and output directly characterizes the update magni-
tude. The activation change at layer l as:

∆(l) = H(l) −H(l−1). (4)

This statistic relies only on the hidden state caches
available in a single forward pass and does not
introduce extra decoding steps.

3.2.2 Task Type Matching
In layer decoding, the absolute change magnitudes
vary across layers, and directly comparing absolute
scores does not reliably characterize which layer
is relatively more active. Therefore, we introduce
the layer relative offset to measure transformation
intensity, highlighting the most dramatic updates.
Specifically, given the layer change scores ∆(l), we
sort layers in descending order by change scores:

π = argsortl∈{1,...,L}
(
∆(l)

)
, (5)

where π denotes the change ranking, and L denotes
the total number of layers. We then compare each
layer position in π with its original layer index, and
define their difference as the relative offset:

δ(l) = l − π(l), (6)

where π(l) denotes the position of layer l in π. We
use δ(l) as a relative activity score and rank layers
accordingly to form a layer variation pattern:

c =(c0, . . . , cl) = argsortl∈{1,...,L}
(
δ(l)
)
. (7)

We then perform sliding matching between c and
the predefined functional layer group of each task
t. For each window size j, we define:

wj = (c0, . . . , cj−1),

d(t, j) =

j∑

u=1

I[wj,u = gt,u] ,
(8)

where d(t, j) denotes the hit count within the win-
dow, wj,u is the u th element of window wj , and
gt,u is the u th element of the functional layer group
for task t. I[·] is the indicator function, which
equals 1 if the condition holds and 0 otherwise.

t̂ = t

when j∗ = min{ j | d(t, j) = mt }.
(9)

where t̂ denotes the sample task type, and j∗ de-
notes the first window size that matches success-
fully. Through sliding matching, we adaptively se-
lect the most suitable task type for each sample and
accordingly determine the corresponding key lay-
ers G[t̂]. Task routing strategy process runs within
a single forward pass, enabling low overhead and
adaptive sample level task routing.

3.3 Entropy-Driven Attention Allocation

After the task routing strategy components predicts
the task type and the key layers, we further perform
adaptive visual attention allocation. As an intrin-
sic measure of the attention distribution, entropy
stably indicates how focused or diffuse attention
is, and naturally aligns with allocation mechanism.
Therefore, we introduce entropy into attention allo-
cation control, so that the adjustment is driven by
each sample’s own attention distribution, enabling
customized visual attention allocation.

3.3.1 Attention Allocation Control
After identifying the key layers, we compute an
attention entropy control signal within these layers
and map it to an attention allocation factors. For
key layer l, we first compute attention distribution:

P (l) = softmax

(
Q(l)

(
K(l)

)⊤
√
d

)
∈ RB×A×N×N ,

(10)
where Q(l) and K(l) denote the queries and keys,
respectively, A is the number of attention heads, N
is the sequence length, and 1√

d
is the scaling factor.

To avoid interference from text positions, we first
restrict the attention weights to V and renormalize
them within V to obtain a conditional distribution:

P̃
(l)
b,a,n,i =

P
(l)
b,a,n,i∑

r∈V P
(l)
b,a,n,r

, i ∈ V, (11)

where b denotes the sample index, a denotes the
attention head index, n denotes the query position,
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and i denotes the key position. Thus, the normal-
ized visual attention entropy for each sample and
each head is given by:

E
(l)
b,a =

1

N log |V|
N∑

n=1

(
−
∑

i∈V
P̃ (l)
n log P̃ (l)

n

)
.

(12)
To characterize the overall distribution of entropy
on the key layer, we further compute its minimum,
maximum, and mean values:

Ēmean =
1

A

A∑

a=1

E
(l)
b,a,

E
(l)
min = min

a∈A
0.1Ê

(l)
b,a, E(l)

max = max
a∈A

0.9Ê
(l)
b,a,

(13)
where 0.1 and 0.9 denote the quantiles, which mit-
igate the impact of outlier heads. Based on the
entropy statistics, we obtain two control signals.

rs
(l)
focused =

E
(l)
min

Ēmean
, rs

(l)
Diffuse =

E
(l)
max

Ēmean
,

(14)
where rs

(l)
focused is focused allocation factor,

rs
(l)
Diffuse is diffuse allocation factor.

3.3.2 Visual Attention Allocation
This section applies the control signal directly to
the attention computation. We perform position
allocation only on the key vectors at visual token
positions, thereby directly modulating the subse-
quent attention allocation over the visual region.

We adaptively select the allocation factor based
on the sample’s task type t̂. For the counting task,
we increase attention coverage to obtain a more
dispersed distribution. For recognition or spatial
tasks, we strengthen attention focus to form a more
concentrated distribution.

α(t̂) =

{
rs

(l)
Diffuse, t̂ = counting

rs
(l)
focused, t̂ = rec/spa/ocr

(15)

where, α(t̂) denotes the allocation factor, rec is
recognition, spa is spatial. Based on α(t̂), we ad-
just the key vectors at visual token positions:

K̃(l) = K(l)⊙(1−zkv) + α(t̂)K(l)⊙zkv, (16)

where, zkv is the binary mask over visual positions.
⊙ denotes element-wise multiplication. By allocat-
ing attention appropriately, the model adopts a bet-
ter matched attention resource computation pattern
for different tasks, thereby effectively improving
the reliability of visual information utilization.

4 Experiments

4.1 Datasets and Evaluation Metrics

We evaluate on seven benchmarks. MMMU (Yue
et al., 2024) tests broad multimodal knowledge and
reasoning over diverse subjects. MME (Fu et al.,
2025) evaluates both perceptual understanding and
cognitive reasoning. POPE (Li et al., 2023b) fo-
cuses on object level recognition and hallucination
sensitive perception. SEED (Li et al., 2023a) mea-
sures general visual recognition and understanding.
OmniSpatial (Jia et al., 2025) targets spatial reason-
ing and geometric relations. VizWiz (Gurari et al.,
2018) evaluates real world OCR and VQA robust-
ness on images captured by blind users. ChartQA
(Masry et al., 2022) assesses chart-based question
answering that requires reading and reasoning over
visualized data. Performance is measured using
the standard metrics pertinent to each benchmark.
More details are in Appendix B.

4.2 Baselines and Implementation Details

We evaluate our method on four MLLMs, including
LLaVA-v1.6-7B (Liu et al., 2023), InternVL3.5-8B
(Wang et al., 2025a), Qwen2.5-VL-7B (Bai et al.,
2025b), and Qwen3-VL-8B (Bai et al., 2025a),
to assess the stability and transferability of the
method. As a training-free approach, we mainly
compare against three representative inference-
time enhanced training-free baselines. MM-CoT
(Zhang et al., 2024b) adopts a two-stage pipeline
for explicit multimodal reasoning chain generation.
DCoT (Jia et al., 2024) performs joint reasoning
via question decomposition. MAGIC-VQA (Yang
et al., 2025b) retrieves commonsense knowledge
to assist reasoning and is among the most recent
methods for multimodal reasoning.

We conduct all evaluations using the lmms-eval
framework (Zhang et al., 2024a). For all datasets,
we follow the official evaluation protocols and the
default prompts and input formats provided by the
evaluation scripts, and keep the decoding config-
uration consistent across methods. For MM-CoT,
DCoT, and MAGIC-VQA, we reproduce their orig-
inal inference pipelines without any parameter up-
dates, and evaluate them in the zero-shot setting to
ensure a fair comparison. More baselines and im-
plementation details are provided in Appendix B.

4.3 Overall Analysis

As shown in Table 1, RATION demonstrates con-
sistent overall gains across four MLLMs and seven
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Spatial
MMMU MME POPE SEED OmniSpatial VizWiz ChartQA

Orign 36.22 1787.59 84.79 62.76 36.07 71.51 54.20 00.00
MM-CoT 36.05 1659.60 83.84 61.34 30.93 69.25 40.85 07.58↓
DCoT 32.48 1578.30 72.55 58.24 26.84 63.40 43.11 14.44↓
MAGIC-VQA 33.14 1565.70 83.07 62.19 28.06 70.34 45.02 09.23↓
RATION 37.63 1798.20 86.12 63.33 37.18 72.72 55.41 02.00↑
Orign 55.78 2341.45 87.63 77.09 47.16 61.68 87.20 00.00
MM-CoT 56.03 2311.40 86.09 75.80 40.33 53.09 62.00 08.80↓
DCoT 49.70 1869.32 75.18 72.39 35.33 55.35 48.14 18.79↓
MAGIC-VQA 52.27 2159.45 86.58 76.54 36.58 59.04 53.34 11.65↓
RATION 56.11 2350.14 87.98 77.17 48.23 62.59 87.67 00.82↑
Orign 50.22 2315.82 85.56 77.76 36.86 71.23 83.20 00.00
MM-CoT 50.11 2290.37 84.52 76.33 31.77 57.28 59.16 09.52↓
DCoT 45.06 1841.36 73.23 73.20 27.66 63.60 36.53 20.40↓
MAGIC-VQA 47.11 2148.30 83.87 77.17 28.51 62.26 49.66 13.10↓
RATION 50.67 2320.92 86.90 78.26 37.96 72.01 84.08 01.21↑
Orign 69.33 2353.61 86.62 78.15 38.51 67.65 74.08 00.00
MM-CoT 69.22 2324.14 86.26 76.70 36.20 54.18 50.87 08.70↓
DCoT 62.47 1968.29 73.92 73.88 35.80 60.73 31.52 17.30↓
MAGIC-VQA 64.86 2172.84 85.41 78.10 37.40 59.63 44.10 12.97↓
RATION 70.11 2356.67 87.52 79.20 39.65 68.92 75.12 01.41↑

Avg.

LLaVA-v1.6

InternVL3.5

Qwen2.5-VL

Qwen3-VL

Model, Method General Recognition OCR

Table 1: The zero-shot performance of RATION and baselines. Each dataset evaluated using its official metrics
(higher values are better). Significance testing on RATION and the original model results in following p-values:
2.3 × 10−4, 0.01, 0.001, 2.7 × 10−5 < 0.05 indicates significant differences. The Avg. column represents the
average performance improvement percentage relative to the original model. Green indicates improvement, and red
indicates decline. Grey shading indicates the results of our framework, and the best results are highlighted in bold.

benchmarks. In all backbone–dataset combinations,
RATION improves upon the original MLLMs, in-
dicating that explicitly allocating visual attention
enables models to utilize visual information more
reliably during inference. The seven benchmarks
cover a wide range of task types, and some of
them, such as MMMU and MME, involve hybrid
tasks that require multiple abilities simultaneously.
Even under such complex evaluation settings, RA-
TION still delivers consistent performance gains.
This suggests that our task taxonomy can provide
relatively comprehensive coverage of the core de-
mands in multimodal reasoning. At the same time,
these improvements remain consistent across di-
verse tasks further validates the effectiveness of the
task-adaptive attention allocation and the robust-
ness of the proposed routing strategy.

In contrast, existing inference enhancement base-
lines exhibit a performance degradation under this
unified evaluation setting. While these methods
can yield improvements on the specific tasks they
are originally designed for, their gains do not gener-
alize when evaluated across various backbones and
tasks without parameter updates. Consistent with
recent findings (Liu et al., 2025b; Zeng et al., 2025),
test-time scaling strategies based on explicit reason-
ing chains or prompt heuristics often exhibit insuf-
ficient robustness and poor generalization across
tasks and models, particularly under zero-shot set-
tings. Our results demonstrate that merely increas-

ing inference computation or introducing external
reasoning structures does not reliably strengthen
multimodal reasoning. In contrast, our approaches
that operate on the model’s internal mechanisms,
provide a more stable and generalizable path for
inference enhancement.

4.4 Ablation Study

As shown in Table 2, we conduct ablation studies of
each component of RATION on Qwen3-VL across
seven datasets, further validating the effectiveness.
Removing the task routing strategy (w/o Task
Routing) It causes the most pronounced overall
degradation. In this setting, the task type is ran-
domly generated, which confuses the decision of
whether to encourage focused or diffuse attention.
Meanwhile, key layer matching is no longer con-
strained, so allocation is triggered at inappropri-
ate layers and in inappropriate directions, leading
to severe computation mismatches. This results
in substantial performance drops across task cat-
egories, confirming that task routing is essential
for attention allocation. Therefore, visual attention
allocation only becomes meaningful after the task
demand is correctly identified.
Removing key-layer selection (w/o Key Layer)
We allocate over all layers, which also consistently
harms performance. Intuitively, a sample typically
relies primarily on a certain capability, while still
requiring other basic capabilities to support reason-
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Spatial
MMMU MME POPE SEED OmniSpatial VizWiz ChartQA

Qwen3-VL 69.33 2353.61 86.62 78.15 38.51 67.65 74.08
+RATION 70.11 2356.67 87.52 79.20 39.65 68.92 75.12
    w/o Task Routing 62.34 2327.55 80.03 67.26 32.12 63.10 67.20
    w/o Key Layer 68.01 2350.14 84.67 74.29 37.00 64.28 70.17
    w Random Allocation 68.92 2350.00 85.95 76.95 37.44 66.32 73.10
    w Fixed Allocation 69.10 2345.98 86.20 77.03 35.37 66.40 71.45

Method General Recognition OCR

Table 2: Ablation study of different components. We conduct experiments with Qwen3-VL as the backbone and
report ablation results on seven benchmarks. The evaluation metrics are consistent with the main experiments.

Model Recognition Counting Spatial OCR
LLaVAT 85.90 87.43 82.69 84.10

InternVL3.5T 87.13 88.51 90.22 86.29

Qwen2.5-VLT 87.20 86.35 87.23 81.59

Qwen3-VLT 87.96 90.18 85.67 89.11

Table 3: Task type prediction result. Each column cor-
responds to the classification accuracy. We perform
task classification for four MLLMs by integrating a task
routing strategy.

ing. Applying allocation to all layers can perturb
general representation updates that are not specific
to the current task yet remain necessary, thereby
introducing side effects and degrading overall per-
formance. This result indicates that it is not enough
to perform allocation. It must be applied at the cor-
rect key layers, otherwise it can disrupt the model’s
original capability structure.

For the ablation that removes entropy-driven at-
tention allocation, we conduct experiments by re-
placing it with random and fixed allocation.
Random allocation (w Random Allocation) We
randomly sample the allocation factor for attention
allocation. Since the ratio is entirely unstable, the
allocation strength varies drastically across sam-
ples. Moreover, attention adjustment is sensitive:
both over-focusing and over-diffusing can lead to
an performance drop.
Fixed allocation (w Fixed Allocation) We use
constant factors for allocation. The results show
that this strategy cannot adapt to the demand dif-
ferences across tasks, leading to more pronounced
fluctuations and degradation across datasets. This
indicates that a fixed strategy cannot cover the di-
verse requirements of visual tasks.

The four ablations show that the components
of RATION work jointly. The Task Routing strat-
egy ensures that both the allocation direction and
the key layers are correctly identified, while the
entropy-driven attention allocation ensures that the
allocation is adaptive and stable. As a result, RA-
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Figure 3: Allocation performance across tasks. We
conduct experiments on Qwen3-VL. Focused indicates
results under focused allocation for the task, while dif-
fuse indicates results under diffuse allocation.

TION is more robust than the baselines.

4.5 Routing and Allocation Analysis

To further analyze the RATION, we construct a
task labeled diagnostic dataset. Specifically, we
randomly sample 60 examples from each of MME,
SEED, OmniSpatial, and VizWiz, corresponding to
four task type. Based on this dataset, we conduct
more analyses. The first examines whether the task
routing strategy correctly infers the task type. The
second examines whether different tasks are better
served by focused or diffuse attention allocation.
Task routing strategy analysis As shown in Ta-
ble 3, we compare the task type predicted by the
routing strategy, denoted as t̂, with the ground truth
labels in our diagnostic dataset, and use classifica-
tion accuracy to quantify routing quality. Without
introducing any additional supervision, the task
routing strategy achieves over 80% task type pre-
diction accuracy across all task categories. This
result indicates that layer activation variation pat-
terns provide a stable and reliable signal for coarse
grained task identification, enabling accurate sam-
ple level routing decisions in a single forward pass.
Task allocation demand analysis As shown in Fig-
ure 3, we verify task specific needs for attention al-
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Figure 4: Attention allocation comparison on Qwen3-VL. We compare the orign with RATION. Green boxes denote
the key layers. Red boxes denote the differences in attention to the target visual information.

location. For each task category, we construct two
allocation variants that force either focused alloca-
tion or diffuse allocation. The results exhibit a clear
task dependent trend. Counting benefits substan-
tially from diffuse allocation, while recognition,
spatial, and OCR consistently prefer focused allo-
cation. These findings support our design choice
in RATION. We encourage more diffuse attention
for counting to increase coverage, and strengthen
attention focus for the other tasks to improve the
utilization of critical visual information.

4.6 Case Study

As shown in Figure 4, we conduct a case study and
use attention heatmaps to analyze how RATION
changes visual allocation. Based on the routing
results, layers 16/18 are the key layers for count-
ing, and layers 23/24 are the key layers for OCR.
We visualize layers 0/16/18/25/35 for counting and
0/23/24/30/35 for OCR. For counting, the origi-
nal model exhibits strong attention peaks only at
a few locations after layers 16/18, which leads to
missed instances. With RATION, the allocation at
layers 16/18 strengthens attention while keeping
it relatively diffuse and covering multiple target
locations, thereby reducing object omission errors.
For OCR, the original model still distributes atten-
tion to irrelevant regions after layers 23/24, making
text easy to overlook. RATION at layers 23/24
yields a more concentrated attention pattern that
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Figure 5: Performance across model scales. We conduct
experiments on Qwen3-VL and report accuracy.

precisely locks onto text regions, enabling more
reliable extraction of OCR relevant information.

4.7 Different Scale Analysis

As shown in Figure 5, we evaluate RATION on
the Qwen3-VL family at different parameter scales,
including 2B, 4B, 8B, and 32B. The results show
that RATION achieves performance gains across
all model scales and all task categories, indicating
that the proposed mechanism is not only effective
for models of a specific scale, but can also adapt
well to models with different capacities, demon-
strating strong cross scale robustness. In addition,
although the gains become smaller on some tasks
for larger models, the overall performance contin-
ues to improve. This suggests that even as the base
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model becomes stronger and reasoning ability is en-
hanced, RATION can still unlock its potential and
bring additional gains. Overall, RATION shows
strong generalization across different model scales,
and its consistent improvements across all task cat-
egories further demonstrate its broad applicability.

5 Conclusion

This work targets a key bottleneck of unstable uti-
lization of visual information at inference time in
multimodal reasoning, and proposes RATION, an
entropy-driven task-adaptive visual attention allo-
cation framework. Unlike prior inference strategies,
RATION explicitly matches task demands with vi-
sual attention allocation during inference. By cou-
pling a task routing strategy with entropy-driven at-
tention modulation, RATION improves the reliabil-
ity and stability of visual information usage in mul-
timodal reasoning. Overall, RATION achieves task-
adaptive visual attention allocation in a training-
free manner during inference, and demonstrates
effectiveness and generalization across multiple
MLLMs and datasets, offering a new direction to-
ward more reliable multimodal reasoning.

Limitations

Our evaluation mainly focuses on public bench-
marks and mainstream open-source MLLMs. In
more open-domain real world interactive scenarios,
the gains may be affected by input noise and task
distribution shift. As a training-free method, our
approach is currently better suited as a complemen-
tary component. Future work can further explore
incorporating this mechanism into training to en-
hance models’ utilization of visual information.

Ethical Considerations

Our research focuses on developing multimodal
reasoning methods using public datasets. We do
not collect any information from human subjects,
private information, or sensitive data. We care-
fully select datasets that are widely used in the
community and comply with their respective li-
cense agreements. Our method aims to improve
reasoning performance and does not introduce any
foreseeable misuse risks or social harms beyond
those inherent to MLLMs themselves.
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A Dropping Experiment

A.1 Experiment Setting

We evaluate the distribution of task functional lay-
ers across decoder layers via a dropping experi-
ment. We conduct experiments on POPE, MME,
OmniSpatial, and ChartQA following their official
evaluation protocols and default metrics. We apply
interventions to the visual keys and values in the
decoder attention modules. Let the input sequence
length be N , and let V ⊆ {1, . . . , N} denote the
set of visual token positions. For the decoder layer
l, we denote the key and value tensors as K(l) and
V (l). Given a start layer s ∈ {0, . . . , L − 1}, we
progressively remove visual information by mask-
ing the visual keys and values from layer s onward,
i.e., for all layers l ≥ s, we disable K

(l)
V and V

(l)
V .

By sweeping s over all layers, we obtain a perfor-
mance curve as a function of the removal start layer,
which reveals where each task most relies on vi-
sual information during decoding. We repeat each
configuration five times. All other experimental set-
tings remain consistent with the main experiments
across all reported results.

A.2 Dropping Results

We present the dropping experiment results across
different MLLMs. Table 4, Table 5, Table 6, Ta-
ble 7 correspond to LLaVA, InternVL3.5, Qwen2.5-
VL, and Qwen3-VL, respectively. We observe that
even on the same task, applying dropping at the
same decoder layer leads to inconsistent perfor-
mance changes across models. This phenomenon
indicates that the injection timing of visual infor-
mation and the cross-modal fusion pathway during
decoding are strongly model specific.

Meanwhile, within the same MLLM, differ-
ent tasks exhibit markedly different degradation
trends when dropping starts from the same layer.
This finding suggests that tasks differ in both the
strength and the stage of their dependence on vi-
sual information, resulting in distinct functional-
layer distributions and visual intervention windows.
Overall, the results validate the importance of per-
forming task-specific key layer localization.

A.3 Task Layer Group

Based on the experimental results, we summarize
the functional layers for each task on each MLLM.
Figure 6, Figure 7, Figure 8, Figure 9 show the
task functional layers for LLaVA, InternVL3.5,
Qwen2.5-VL, and Qwen3-VL, respectively.

B More Details

B.1 Experiment Setting
We conduct evaluation based on the lmms-eval
framework. All datasets follow the official eval-
uation protocols and the default prompts formats
provided by the evaluation scripts, and we keep
identical inference settings across methods to en-
sure fair comparisons. We use a zero-shot setting.
For decoding, we adopt deterministic generation
with do_sample=false and temperature=0. All ex-
periments run in bfloat16 precision. For visual pre-
processing, we resize each image with the longest
side set to 2048. Experiments are conducted on 8×
RTX PRO 6000 GPUs. To reduce evaluation vari-
ance and improve robustness, we independently run
each configuration 5 times and perform statistical
significance analysis on the repeated results.

B.2 Dataset
We introduce the evaluation metrics used by each
dataset. MMMU uses accuracy as the primary met-
ric. SEED-Bench uses multiple-choice accuracy.
OmniSpatial uses accuracy. VizWiz uses VQA-
style accuracy. ChartQA uses relaxed accuracy.
POPE uses F1 as the primary metric. MME uses its
official overall score as the primary metric, which
consists of the scores from the perception and cog-
nition parts. The prompt templates used for each
dataset are shown in Figure 10 and Figure 11.
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Figure 8: Qwen2.5-VL task layer group.
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Figure 9: Qwen3-VL task layer group.
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MMMU Prompt

{Question}
Answer with the option’s letter from the given
choices directly.

MME Prompt

{Question}
Answer the question using a single word or phrase.

POPE Prompt

{Question}
Answer the question with a single word.

SEED Prompt

{Question}
Answer with the option’s letter from the given
choices directly.

VizWiz Prompt

{Question}
When the provided information is insufficient, re-
spond with ‘Unanswerable‘.
Answer the question using a single word or phrase.

ChartQA Prompt

{Question}
Answer the question with a single word.

Figure 10: Task prompt.

OmniSpatial Prompt

{Question}
You are a spatial-reasoning assistant.

Task
—–
You will receive
1. **Image** - a single RGB frame depicting a scene.
2. **Question** - a natural-language query about spatial relationships between objects in the image.
3. **Options** - ≥2 answer candidates, each tagged by a capital letter (A, B, C, D. . . ).

Guidelines
———-
Please follow these steps to analyze the image and answer the question:
1. First, carefully observe the image and identify all relevant objects and their spatial relationships.
2. Next, break down the question into key components that need to be addressed.
3. Think through the spatial reasoning step-by-step to arrive at your answer. It may be necessary to transfer perspective
to better understand the scene.
4. Finally, select the most appropriate option (A, B, C, or D) based on your analysis.

Always ground your answer in the visual evidence; do not hallucinate unseen objects.
If uncertain, pick the most plausible option—never refuse or reply “insufficient information.”

End your answer with a separate line formatted exactly as:

Answer: X
where X ∈ A, B, C, D.

Figure 11: OmniSpatial task prompt.
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Layer POPE MMEcount OmniSpatial ChartQA
32 82.00 135.00 37.38 44.00
31 82.00 125.00 35.49 40.00
30 0.00 0.00 28.20 0.00
29 84.00 140.00 33.80 44.00
28 84.00 150.00 35.00 50.00
27 84.00 140.00 35.20 44.00
26 82.00 135.00 36.60 46.00
25 84.00 140.00 35.00 44.00
24 82.00 150.00 35.40 40.00
23 82.00 140.00 36.40 42.00
22 84.00 140.00 24.20 38.00
21 74.00 135.00 32.80 40.00
20 82.00 135.00 35.75 40.00
19 6.00 145.00 28.50 4.00
18 84.00 135.00 36.70 40.00
17 78.00 55.00 29.10 20.00
16 0.00 36.60 0.00 0.00
15 82.00 46.60 0.00 6.00
14 0.00 0.00 0.00 0.00
13 0.00 0.00 0.00 0.00
12 0.00 0.00 0.00 0.00
11 10.00 96.60 0.00 26.67
10 50.00 43.30 0.00 8.00
9 0.00 1.60 0.00 2.00
8 6.00 1.60 0.00 8.00
7 0.00 0.00 0.00 0.00
6 0.00 0.00 0.00 0.00
5 0.00 0.00 0.00 0.00
4 0.00 3.30 0.00 0.00
3 0.00 0.00 0.00 0.00
2 0.00 0.00 0.00 0.00
1 20.00 1.60 0.00 0.00

Table 4: The results of LLaVA dropping.
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Layer POPE MMEcount OmniSpatial ChartQA
36 87.63 165.00 47.16 71.00
35 87.00 160.00 46.60 70.00
34 86.50 165.00 46.80 70.50
33 62.00 85.00 38.00 47.00
32 85.00 165.00 46.00 67.00
31 80.00 155.00 45.00 67.00
30 81.00 155.00 47.60 67.00
29 81.00 165.00 46.20 66.00
28 80.00 165.00 47.60 65.00
27 83.00 165.00 47.00 66.00
26 86.00 165.00 47.60 61.00
25 84.00 165.00 46.20 57.00
24 82.00 160.00 46.80 24.00
23 82.00 160.00 45.40 24.00
22 91.00 170.00 45.00 25.00
21 23.00 53.30 32.20 4.00
20 59.00 165.00 41.80 17.00
19 83.00 143.30 41.00 20.00
18 86.00 123.30 41.40 17.00
17 88.00 90.00 39.40 19.00
16 86.00 81.60 42.60 17.00
15 81.00 83.30 41.40 23.00
14 64.00 65.00 36.00 15.00
13 70.00 76.60 30.80 15.00
12 60.00 61.60 32.40 14.00
11 72.00 51.60 35.50 18.00
10 66.00 71.60 36.40 17.00
9 66.00 73.30 31.20 16.00
8 65.00 68.30 31.20 18.00
7 61.00 76.60 39.00 14.00
6 38.00 60.00 31.20 17.00
5 0.00 6.60 30.80 0.00
4 0.00 23.30 32.40 3.00
3 54.00 80.00 31.00 11.00
2 56.00 65.00 31.00 13.00
1 0.00 8.30 31.80 0.00

Table 5: The results of InternVL3.5 dropping.
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Layer POPE MMEcount OmniSpatial ChartQA
28 86.00 170.00 35.12 80.25
27 86.00 170.00 34.18 80.00
26 86.00 170.00 34.69 78.00
25 86.00 170.00 33.40 75.50
24 85.50 170.00 33.76 70.00
23 85.00 170.00 31.20 23.50
22 86.00 169.00 34.60 28.00
21 85.00 165.00 33.10 26.50
20 87.00 165.19 30.00 23.50
19 85.00 165.19 29.00 24.00
18 85.00 159.38 28.20 18.50
17 83.00 158.69 26.85 17.00
16 69.00 100.15 25.34 18.50
15 71.50 96.38 28.00 19.00
14 69.25 66.67 28.00 17.50
13 69.00 62.36 28.00 19.00
12 69.10 61.67 29.18 16.50
11 55.69 59.32 29.36 17.00
10 47.20 88.33 29.20 18.00
9 47.00 68.33 30.00 14.00
8 43.00 91.67 28.60 13.00
7 40.06 53.33 29.40 12.00
6 0.00 0.00 27.80 12.50
5 33.00 50.00 28.20 11.50
4 33.00 67.58 30.96 14.50
3 35.00 100.00 29.80 16.00
2 36.12 132.33 26.80 13.00
1 30.00 135.33 26.80 16.00

Table 6: The results of Qwen2.5-VL dropping.
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Layer POPE MMEcount OmniSpatial ChartQA
36 86.52 173.33 38.11 73.68
35 86.50 173.33 38.35 73.50
34 86.50 173.33 36.20 73.50
33 87.60 175.00 31.80 72.00
32 87.00 173.33 32.60 73.00
31 87.00 173.33 31.60 71.00
30 86.50 173.33 53.40 69.00
29 86.50 173.33 53.80 68.50
28 86.50 173.33 32.00 69.50
27 86.00 173.33 30.40 70.50
26 86.00 173.33 31.80 69.50
25 86.00 173.33 33.40 58.00
24 85.50 173.33 32.40 26.00
23 85.00 173.33 31.20 27.50
22 86.00 173.33 34.60 26.00
21 85.00 173.33 29.60 26.50
20 87.00 148.33 37.40 20.50
19 80.50 146.67 30.20 21.50
18 81.50 108.33 37.40 19.50
17 83.00 103.33 29.40 19.50
16 67.00 98.33 31.40 19.50
15 71.50 76.67 32.00 18.50
14 65.00 66.67 32.60 18.50
13 69.00 83.33 34.40 19.00
12 51.00 71.67 31.00 17.00
11 50.50 61.67 32.20 17.00
10 48.00 88.33 29.20 18.00
9 43.00 68.33 30.00 14.00
8 43.50 91.67 28.60 14.00
7 45.50 53.33 29.40 12.00
6 0.00 0.00 27.80 0.00
5 47.50 50.00 28.20 16.50
4 50.00 58.33 31.40 16.00
3 38.50 100.00 29.80 14.50
2 45.50 66.67 26.80 12.00
1 75.00 123.33 33.00 15.50

Table 7: The results of Qwen3-VL dropping.
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