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Abstract

While Multimodal Large Language Models
(MLLMs) have demonstrated impressive capa-
bilities in general visual understanding, they
frequently falter in fine-grained perception
tasks that require identifying tiny objects or
discerning subtle visual relationships. We at-
tribute this limitation to Visual Attenuation:
a phenomenon where sparse fine-grained vi-
sual signals are prematurely suppressed or di-
luted by dominant textual tokens during net-
work propagation, resulting in a “loss of focus”
during the deep-level decision-making process.
Existing input-centric solutions fail to funda-
mentally reverse this intrinsic mechanism of
information loss. To address this challenge,
we propose the Variational Information Flow
(VIF) framework. Adopting a probabilistic per-
spective, VIF leverages a Conditional Varia-
tional Autoencoder (CVAE) to model the vi-
sual saliency relevant to the question-answer
pair as a latent distribution. As a plug-and-
play module, VIF can be integrated into exist-
ing architectures. Extensive evaluations across
diverse benchmarks—covering General VQA,
fine-grained perception, and visual ground-
ing—demonstrate that VIF yields competitive
improvements over previous methods, vali-
dating its effectiveness in enhancing the fine-
grained perception of MLLMs. Codes are avail-
able at https://github.com/ictnlp/VIF.

1 Introduction

In recent years, Multi-modal Large Language Mod-
els (MLLMs), represented by the LLaVA (Liu et al.,
2023b; Huang et al., 2025), InternVL (Chen et al.,
2024; Wang et al., 2025a), and QwenVL (Bai et al.,
2023; Wang et al., 2024; Bai et al., 2025b,a) se-
ries, have demonstrated remarkable proficiency in
general visual understanding and reasoning. How-
ever, as the focus shifts from macroscopic scene
description to Fine-Grained Visual Perception,
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Figure 1: Illustration of Visual Attenuation. (Left)
Schematic view showing visual tokens (blue) fading as
they propagate through deep layers, while textual tokens
(green) dominate. (Right) Quantitative layer-to-layer
changes in vision attention ratio, averaged over 500
randomly sampled instances. The sharp drop in early
layers indicates a premature loss of visual details.

a critical bottleneck becomes apparent. Current
MLLMs often underperform when tasked with dis-
cerning minute objects or interpreting subtle visual
relationships, limiting their broader applicability.
This performance degradation stems from the
information flow mechanism of MLLMs accord-
ing to our analysis experiments (details will be
shown in Section 2). In the current information
flow mechanism of MLLMs, visual and textual in-
puts are fed into the model independently. After
undergoing initial processing in the shallow layers,
semantic representations for both modalities are
learned at the middle layers. However, as infor-
mation ascends to the deep layers, textual repre-
sentations continuously absorb visual information,
leading to a gradual attenuation of visual signals.
This structural bias ultimately causes the model to
prioritize textual representations over visual ones
during the downstream textual response genera-
tion. Notably, textual representations typically in-
tegrate only those visual cues that are relevant to
textual instructions, whereas the visual informa-
tion critical for response generation is often not
explicitly reflected in such instructions. Further
experimental investigations reveal that, during the
textual response generation phase, visual represen-
tations not only receive a marginal proportion of
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attention weights but also tend to exhibit a uniform
distribution, ultimately resulting in the defocusing
of visual information.

Building on the aforementioned findings, en-
abling fine-grained image understanding requires
assigning greater attention to response-relevant vi-
sual regions during the generation process. Further-
more, attention over visual representations should
be selectively prioritized rather than uniformly dis-
tributed. However, these objectives are challenged
given the inherent architectural constraints of ex-
isting MLLMs. First, MLLMs lack access to re-
sponse information during inference, making it dif-
ficult to identify visual information relevant to the
target response. Second, the current formulation
of attention distribution lacks explicit constraints,
which constitutes a critical bottleneck in guiding
the model to focus on specialized visual cues.

Existing research(e.g., Dense Connector (Yao
et al., 2024), MMFuser (Cao et al., 2024)) on fine-
grained visual perception primarily focuses on en-
hancing the fidelity of visual inputs. While these
methods effectively augment the amount of visual
information at the input stage, they still suffer from
visual attenuation during cross-modal transmission
where visual representations receive insufficient at-
tention, and textual representations fail to capture
the fine-grained visual details essential for generat-
ing accurate responses.

On these grounds, we introduce a novel Vari-
ational Information Flow (VIF) framework, de-
signed to regulate the flow of visual information for
seamless adaptation to both fine-grained and macro-
scopic visual tasks. To address the challenge of
identifying response-correlated visual information
that cannot be directly inferred from textual instruc-
tions, we employ variational inference to guide the
model toward essential visual cues. In the training
phase, we supply the ground-truth response, which
facilitates the derivation of two heterogeneous at-
tention distributions over visual representations: a
posterior attention distribution, which takes both
textual instructions and responses as query, and a
prior attention distribution conditioned solely on
textual instructions. By aligning these two distribu-
tions, VIF equips the MLLM with the capability to
prioritize response-relevant visual attention during
inference, even when only textual instructions are
provided as queries.

To further enhance the model’s focus on critical
visual cues, we formalize the attention distribution
using a Gaussian Mixture Model (GMM), where

each Gaussian component in this model serves as
a spotlight, re-activating the key visual informa-
tion that might otherwise be neglected in the re-
sponse generation process. Extensive experiments
demonstrate that VIF, as a plug-and-play module,
simultaneously supports fine-grained perception
and broader macroscopic tasks, consistently outper-
forming existing input feature augmentation meth-
ods across both general and fine-grained bench-
marks, validating the efficacy of our probabilistic
information reconstruction paradigm.

Our main contributions are as follows:

i. We identify Visual Attenuation in the deep
layers of MLLMs, revealing both a quantitative
decline in attention weights and a structural col-
lapse in spatial focus, highlighting the limitations
of methods that only enhance input features.

ii. We propose the VIF framework, which em-
ploys CVAE-based posterior learning to dynami-
cally reconstruct visual attention and capture task-
specific visual saliency through robust probabilistic
modeling.

2 Preliminary Experiments

To further investigate the Visual Attenuation, we
conducted an in-depth statistical analysis of the
internal attention dynamics of MLLMs based on
500 randomly sampled instances.

2.1 Vision Attention Ratio Analysis

As shown in the right panel of Figure 1 and the
red curve in Figure 2, we observe a pervasive phe-
nomenon of Visual Attenuation: although visual
tokens initially command high attention weights
in shallow layers, their influence suffers a precipi-
tous decline in deep layers. Critical visual cues are
overwhelmed by dominant textual tokens and pre-
maturely discarded, hindering the model’s ability
to discern subtle details.

2.2 Vision Attention Distribution Analysis

Further spatial analysis reveals that, beyond the
mean attention ratio decline, the internal allocation
structure of visual attention also collapses. As illus-
trated by the violin plots in Figure 2, the long-tailed
distribution shrinks in deep layers, with attention
weights converging to homogenized low values that
approximate a uniform spatial distribution. This in-
dicates a reduced capacity for selectively activating
key visual tokens.

This observation is further spatially corroborated
by the visualizations in Figure 3: while the model
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Figure 2: Layer-wise visual attention distribution. The red curve denotes the mean vision attention ratio across
layers, which decreases sharply with depth. The violin plots illustrate the distribution of visual attention weights at
each layer, with the long-tailed distribution shrinking in the deep layers.
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Figure 3: Visualization of layer-wise visual attention. (Left) Shallow layers (L0O-L1) capture dense contextual
information with broad coverage. (Middle) Middle layers (L15-L16) successfully converge on key semantic regions
(the board), exhibiting sparse and focused attention. (Right) In deep layers (L30-L31), this focus deteriorates into a

diffuse and disordered state.

successfully converges on key semantic regions
(e.g., the screen) in the middle layers (L15-L16),
this focused state rapidly deteriorates into a dif-
fuse and disordered distribution in the deep layers
(L30-L31). Thus, beyond the mere neglect of vi-
sual signals in deep layers, Visual Attenuation also
manifests as a spatially structural collapse.

This dual degradation in preference magnitude
and spatial structure indicates that MLLMs not only
“see less” but also ‘“‘see inaccurately”, rendering
them unable to sustain fixation on critical visual
cues. Collectively, these factors precipitate the
loss of fine-grained perception capabilities, thereby
motivating our proposed solution.

3 Related Work

3.1 Multimodal Large Language Models

With the success of large language models (LLMs),
extensive efforts have focused on building multi-
modal large language models (MLLMs) for uni-
fied vision-language perception. Most MLLMs
adopt a modular architecture, connecting a pre-
trained visual encoder (e.g., CLIP (Radford et al.,
2021), SigLIP (Zhai et al., 2023)) to the LLM via
an intermediate projection module. Early mod-

els such as BLIP-2 (Li et al., 2023) employ Q-
Former based samplers, while later works includ-
ing Flamingo (Alayrac et al., 2022) integrate visual
information through cross-attention within LLM
layers. LLaVA (Liu et al., 2023b) and its vari-
ants (Zhang et al., 2025b; Huang et al., 2025) pop-
ularize a simpler design using lightweight MLPs
for visual-text alignment. Despite these advances,
existing MLLMs still struggle with fine-grained
visual scenarios.

3.2 Visual Input Optimization in MLLMs

To alleviate fine-grained visual information loss
caused by limited input resolution, many works en-
hance visual representations via higher-resolution
inputs and multi-scale encoding. Early MLLMs
process images at fixed low resolutions, con-
straining fine-grained perception, while later meth-
ods increase resolution (e.g., Qwen2.5-VL (Bai
et al., 2025b), MMFuser (Cao et al., 2024)) or
introduce high-resolution encoders (Guo et al.,
2024). Another line of work adopts dynamic
cropping or patch-based strategies, such as HiRes-
LLaVA (Huang et al., 2025), and ViCrop (Zhang
et al., 2025a), to preserve local details through
coarse-to-fine re-encoding. While effective at in-
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Figure 4: Overview of the Variational Information Flow (VIF) Framework. The framework consists of three
stages: (1) Visual Signal Attenuation Analysis. The visual signal is out of focus in the deep layer. The model
recovers rich visual cues from intermediate layers. (2) CVAE Probabilistic Attender Module. This module utilizes
a GMM-based prior and posterior learning to reconstruct a sparse, task-relevant Spatial Attention Map from middle
layers. (3) Visual Information Flow Restoration. This stage recovery involves injecting the learned visual focus
into deeper layers to restore fine-grained visual cues to enhance the final prediction.

creasing pixel density, these approaches primarily
enhance visual inputs and often incur substantial
computational overhead, without explicitly address-
ing how visual information is preserved and ex-
ploited during downstream reasoning.

3.3 Instruction-Aware Visual Guidance

Beyond input-level improvements, recent works ex-
plore guiding visual modeling with textual seman-
tics. Instruction-aware methods argue that different
tasks require features from different semantic lev-
els. IGVA (Li et al., 2026) re-weights multi-layer
visual features conditioned on instructions, while
TG-LLaVA (Yan et al., 2025) employs text-guided
modules to suppress irrelevant regions and enhance
fine-grained perception.

However, these methods typically rely on deter-
ministic mappings conditioned solely on image and
question. For complex fine-grained tasks or weakly
specified queries, such guidance can be ambiguous,
as multiple regions may satisfy the same instruc-
tion. In contrast, our approach models task-relevant
visual importance as a probabilistic latent repre-
sentation and leverages answer supervision during
training to resolve ambiguity, enabling more robust
visual guidance for multimodal reasoning.

4 Method

4.1 Problem Definition and Overview

In MLLMs, visual features often suffer severe atten-
uation through deep layers, as visual tokens (blue)
gradually lose influence and are overshadowed by
text tokens (green) with higher semantic density
(Fig. 4, left). This text-dominated model bias un-
dermines reasoning in the deeper layers, causing
the model to lose not only a holistic understand-
ing of the visual scene but also, more critically, its
ability to capture fine-grained visual cues.

To mitigate this bottleneck, we propose the Vari-
ational Information Flow manipulation frame-
work. The core idea is to model task-relevant visual
saliency as a latent probability distribution and to
introduce a plug-and-play CVAE-based probabilis-
tic attention module. This module is designed to
assist the backbone model in reconstructing the
visual attention distribution within deep layers, re-
injecting fine-grained cues into the decision flow
to achieve a refocusing on critical visual cues.

4.2 Probabilistic Modeling via CVAE

Our goal is to learn a question-conditioned prior
py(2z | V,Q) that approximates an answer-aware
posterior g4(z | V,Q, A). After decoding, the la-
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Figure 5: Examples of Vision-Language Task Sam-
ples. As illustrated, relying solely on questions often
results in semantic ambiguity. Integrating answer infor-
mation is thus critical to serve as a semantic anchor for
robust task-driven visual modeling.

tent variable z characterizes the distribution of vi-
sual regions that are critical to answering the ques-
tion under the context of image V', question (), and
answer A.

Motivation for Answer-Aware Modeling. As
shown in Figure 5, relying only on the question @
can lead to semantic ambiguity, because the ques-
tion alone may not uniquely specify the relevant
visual evidence. To mitigate this issue, we intro-
duce the ground-truth answer A during training as
an additional semantic anchor that provides reliable
supervision for task-relevant visual focus.

We model such uncertain visual importance with
a latent variable z. Since fine-grained VQA often
requires multi-hop reasoning over multiple sparse
regions, the sampled latent variables are later de-
coded into a spatial Gaussian mixture model
(GMM) with K = 16 components, allowing the
model to capture multiple candidate visual foci
within a unified probabilistic framework.

Posterior Learning with Privileged Informa-
tion (Training Phase). During training, the
ground-truth answer A is treated as privileged in-
formation. We construct the posterior distribution
4s(2 | V,Q, A) to capture the visual cues required
to generate the answer A. This posterior acts as a
teacher that encodes the intrinsic visual dependen-
cies of the task.

Prior Inference for Reasoning (Inference
Phase). During inference, as A is unavailable, we
therefore learn a prior distribution py (2 | V, Q) to
approximate the posterior. This compels the model
to actively infer potential visual foci based solely
on the image and question using its inherent rea-
soning capabilities, thereby achieving a transition
from passive perception to active search.

4.3 Implementation of the Probabilistic
Attender Module

The probabilistic attender consists of three com-
ponents: latent encoding, spatial GMM decoding,
and visual information flow restoration. Its cen-
tral idea is to transform attenuated visual signals in
deep layers into explicit focal cues, thereby turn-
ing attenuation into attention. In our formulation,
the information flow (ZF) is explicitly defined as
the attention probability distribution of an attention
layer, rather than its hidden states.

Encoding Latent Variables via CVAE. At an
middle layer [, we extract visual tokens V' and ques-
tion tokens (). During training, answer tokens A
are additionally available as privileged information.
We build a prior branch and a posterior branch with
the same architecture, each consisting of multi-
head attention (MHA) and feed-forward networks
(FFNS5), but with separate parameters.

In each branch, visual and textual tokens first
interact via bidirectional cross-attention, and the
resulting features are further integrated by an addi-
tional MHA layer. The prior branch takes (V, Q)
as input, whereas the posterior branch uses the full
sequence [@Q, A] as textual input to encode answer-
aware semantics. The fused representations are
then fed into separate linear heads to predict the
Gaussian parameters (., Jf,) and (g, 03), respec-
tively. The latent variables are sampled using the
reparameterization trick:

Zp = pp + 0p © €p,
Zq = Hq T 04 © €q, ey
€p,€q ~ N(0,1).

To encourage the prior distribution available at in-
ference time to approximate the answer-aware pos-
terior, we minimize the KL divergence between the
two latent distributions:

L =E [DKL (N(Mq,Ug) HN(MWU;Z))] : 2)

Decoding to Spatial GMM and Information
Flow Injection. To capture fine-grained visual fo-
cus, we decode the latent set {25} 5, into a Spatial
GMM. Each component predicts a spatial center
pP?, aspread 0", and a mixture weight 7. On
the visual token grid {u,}"_;, the Gaussian re-
sponse of the k-th component is rendered as

o (M = 3 ;
9k.n = €XP —W . 3)
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Table 1: Comparison on General Multimodal Capabilities. Bold denotes the best result, and underline denotes

the second best.

Model ‘ LLM ‘ Res. ‘ Multimodal Understanding ‘ Knowledge ‘ OCR ‘ Multi-Image
| | | SEED-1 LLaVAB MME | GQA VQAv2 AI2D SQA | TextVQA | BLINK

LLaVA-v1.5 Vicuna-7B | 336 x 336 | 672 61.8 14806 | 619 785 555 67.1 | 58.1 39.7

InstructBLIP Vicuna-7B | 224 x 224 | 588 598 1137.1 | 49.2 - 406 60.5 | 501 -

mPLUG-OwI2 LLaMA 2-7B | 448 x 448 | 645 599 14502 | 56.1 - 557 687 | 543

MiniGPT-v2 LLaMA 2-7B | 448 x 448 | 31.6 45.1 770.6 | 60.1 - 284 396 -

LLaMA-Adapter-v2 | LLaMA 2-7B - 32.7 - 972.7 - - - - - -

IDEFICS-9B LLaMA 2-7B - 45.0 450 9420 | 384 509 422 535 | 259 383

Mantis-8B-Fuyu Fuyu-8B 1024 x 1024 59.3 46.8 1057.7 - - 46.8 56.8 49.0 38.2

Qwen-VL Qwen-7B 448 x 448 56.3 12.9 334.1 59.3 78.8 57.7  67.1 63.8 27.9

Qwen-VL-Chat Qwen-7B | 448 x 448 | 654 677 14876 | 575 782 630 682 | 615 282

LLaVA-NeXT Mistral-7B | 672x 672 | 69.6 - 1519.3 | 64.2 - 66.6 685 | 64.9

LLaVA-1.5-HD Vicuna-7B | 672 x 1024 - - 1414.0 | 54.1 - 638 793 | 640

Dragonfly Vicuna-7B | 2016 x 2016 - - 1438.9 | 55.7 - 642 797 | 665

LLaVA-HR Vicuna-7B | 384 x 384 - - 15223 | - 80.5 - 596 -

DenseConnector Vicuna-7B - - 67.4 - 63.8 - - 69.5 59.2

MMFuser Vicuna-7B - 60.8 655 14797 | 62.8 - - 687 | 588

LLaVA with ViCrop | Vicuna-7B | 336 x 336 - - - 605 759 - - 51.7

IGVA Vicuna-7B | 336 x 336 | 68.3 - 1519.8 | 63.1 - 570 702 | 594

TG-LLaVA Vicuna-7B | 336 x 336 | 65.0 - - 63.4 - - - -

VIF (Ours) | Vicuna-7B | 336 x336 | 70.8 664 15472 | 628 797 640 735 | 599 | 405

We then aggregate all components into a visual
importance map and normalize it into a probability
distribution:

VMap” = 25:1 TkGk,ns V = SOftHlaX(VMap). (4)

Motivated by the analysis in introduction, where
middle layers preserve stronger localization ability
while deep layers often suffer from visual defocus-
ing, we adopt a selective layer patching strategy.
Specifically, we perform pair-wise injection from
middle layers | € {11,13,15,17} to deep layers
" € {25,27,29,31}. For each injection layer /',
the original information flow is defined as the stan-
dard attention probability distribution:

a QW) (KWNT
IF,,) = Softmax (\(@ L4 M) NG
where M is the visibility mask. We then inject the
decoded visual importance as an explicit focal bias:

iy = IF 5

IF +a-V, (6)
where o controls the injection strength.

To preserve the attention constraints on invisi-
ble regions, we apply masked re-normalization to
obtain the final injected information flow:

(1) — (I")
I‘ij = Norm I‘ij © Lyisible ) » (7)
where Norm denotes row-wise normalization such
that each attention distribution sums to 1. In the

!
selected deep layer, ZF l(fw) is used in place of the
original attention probability matrix to compute
the subsequent attention output, while all other

operations remain unchanged.

4.4 Joint Optimization Objective

Our training objective follows the standard varia-
tional inference paradigm, aiming to maximize the
Evidence Lower Bound (ELBO) of the conditional
marginal likelihood log pg(A|V, Q).

Derivation of the Variational Lower
Bound. By introducing a variational posterior
q4(2|V,Q, A) to approximate the true posterior,
and applying Jensen’s inequality, the ELBO is
derived as follows:

Po(A|V,Q,2)py(2 |V, Q)
lngg(A | V7 Q) Z Ezwq(p IOg Q¢(Z ‘ MQ-A)

=E.ngyllogpe(A |V, Q, 2)]
= Dxi(gs(z | V,Q, A) [ py(2 | V. Q))
)
where the first term represents the response recon-
struction objective aiming to maximize the likeli-
hood of the ground-truth answer, optimized by the
MLLM backbone parameters 6, while the second
term enforces consistency between the variational
posterior (parameterized by ¢) and the conditional
prior (parameterized by ).

Sparsity Regularization. To prevent the model
from converging to trivial solutions that uniformly
cover the entire image, we impose sparsity con-
straints on the Gaussian renderer. Specifically, we
constrain the “volume” of each Gaussian compo-
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Table 2: Fine-Grained Perception and Referring Ex-
pression Comprehension. Bold denotes the best result,
and underline denotes the second best. REC results are
reported with the CIDEr score.

| HR-Bench | o | REC (RefCOCO)

Model

| 4K 8K | | val testA testB
LLaVA-v1.5 361 321 | 450 | 304 160 420
mPLUG-OwI2 36.9 338 | 356 | - - -
MiniGPT-v2 255 261 -
IDEFICS-9B 30.6 288
Qwen-VL 31.8 28.4 - -
IGVA 400 - | 482 -
MMFuser - - - 336 177 459
LLaVA with ViCrop - - 46.1 - -
VIF (Ours) | 448 368 | 508 | 343 166 47.0
Qwen2.5-VL-7B 63.6 649 | 764
CoVT 710 686 | 71.5
VIF w CoVT (Ours) | 715 68.8 | 79.0

nent, defined as the product of its amplitude and
variance, thereby encouraging the model to em-
phasize only the most critical regions. In addition,
we incorporate an entropy regularizer to form a
comprehensive sparsity objective, defined as:

1
Esparsity = ,H(ﬂ-) +

where H(mw) = — Zszl 7, log T, denotes the
Shannon entropy, promoting sparse mixture distri-
bution. Combined with this entropy regularization,
the volume term simultaneously suppresses the
variance oy, (shrinking the spatial extent) and the
amplitude 7, (dampening uncertain activations).

Total Loss Function. The final joint optimiza-
tion objective is defined as:

Etotal = /-:recon + ﬂﬁKL + 'Y'Csparse (10)

where Liecon = —logpg(A|V,Q, z) denotes the
standard cross-entropy loss for answer generation,
and (8 and -y are hyper-parameters used to balance
the three terms.

S Experiments

To systematically validate the effectiveness of our
proposed VIF framework in restoring fine-grained
visual information, enhancing grounding capabil-
ities, and maintaining general multimodal under-
standing, we conducted studies across 12 diverse
benchmarks, spanning 15 distinct evaluation tasks.
All experiments are conducted at the 7B scale, a
controlled and widely adopted setting for MLLM.
Under this setup, we train and validate VIF on a

Table 3: Ablation Study of the VIF Framework.

| REC (RefCOCO)

Model | seED-1 | Arap | HR-Bench | oo

| | 4K 8K | | val testA testB
VIF (Ours) 70.8 | 640 | 448 368 | 508 | 343 166 470
- wlo AP 69.2 | 630 | 423 343 | 487 | 328 153 441
- wlo SP 682 | 625 |368 329 | 492 | 296 139 407
Full-Seq 685 | 628 |389 33.6| 492 | 299 141 427
Deep-Only 682 | 63.1 |39.1 330 497 | 307 156 43.1

Mid-Deep Feature 68.3 63.2 | 393 325 | 508 | 298 143 417

7B-class backbone and benchmark it extensively
across a broad range of multimodal tasks, with di-
rect comparisons against multiple strong 7B-scale
baselines. The results consistently demonstrate the
effectiveness and robustness of our approach.

5.1 Datasets and Evaluation Metrics

To comprehensively evaluate model performance,
we organize benchmarks into 4 dimensions.

(1) Multimodal Understanding. We evaluate
general perception and cognition using MME (Fu
et al, 2025) and SEED-Bench (Image) (Li
et al., 2024), instruction-following with LLaVA-
Bench (Liu et al., 2023b), and multi-image robust-
ness with BLINK (Fu et al., 2024). (2) Knowledge-
Intensive and Logical Reasoning. We adopt Sci-
enceQA (Lu et al., 2022) and VQAv2 (Jia et al.,
2024) as core VQA benchmarks, complemented by
GQA (Ainslie et al., 2023) for compositional spa-
tial reasoning and AI2D (Kembhavi et al., 2016)
for scientific diagram understanding. (3) OCR.
TextVQA (Singh et al., 2019) is used to assess op-
tical character recognition on text-rich images. (4)
Fine-Grained Perception and Referring Expres-
sion Comprehension. We use HR-Bench (Wang
et al., 2025b) and VSTAR (Wu and Xie, 2023) to
evaluate fine-grained visual perception, and Ref-
COCO (Yu et al., 2016) to assess visual grounding
and referring expression comprehension.

5.2 Baselines

To evaluate our method, we compare it with rep-
resentative MLLMs, grouped as follows: General
Baselines: LLaVA-v1.5 (Liu et al., 2023b), In-
structBLIP (Dai et al., 2023), mPLUG-OwI2 (Ye
et al., 2023), Qwen-VL (Bai et al., 2023), Qwen-
VL-Chat (Bai et al., 2023), LLaMA-Adapter-
v2 (Gao et al., 2023), IDEFICS-9B (Laurencon
et al., 2023), Mantis-8B-Fuyu (Jiang et al., 2024),
and MiniGPT-v2 (Chen et al., 2023). High-
Resolution Models: LLaVA-NeXT (Liu et al.,
2024), LLaVA-1.5-HD (Liu et al., 2023a), Drag-
onfly (Thapa et al., 2024), and LLaVA-HR (Luo
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etal., 2024). Feature-Enhanced Models: DenseC-
onnector (Yao et al., 2024), MMFuser (Cao et al.,
2024), LLaVA with ViCrop (Zhang et al., 2025a),
IGVA (Li et al., 2026), and TG-LLaVA (Yan et al.,
2025). We also include Qwen2.5-VL-7B (Bai
et al., 2025b) and its Chain-of-Thought (CoT) fine-
tuned variant, CoVT (Qin et al., 2025), and build
our method on top of the CoVT backbone. For
fair comparison, we strictly follow CoVT’s origi-
nal training protocol, using Qwen2.5-VL-7B with
LoRA fine-tuning (rank 16, alpha 32), four train-
ing phases (4000/3000/3000/5000 steps), and the
same vision-centric real-world and spatial percep-
tion data; because our fine-tuning dataset (LLaVA-
LAION/CC/SBU) is smaller and lower quality than
the closed-source data used by Qwen2.5-VL-7B,
we adopt CoVT’s CoT fine-tuning recipe instead
of directly fine-tuning on our dataset.

5.3 Experimental Results

5.3.1 General Multimodal Capability

As shown in Table 1, VIF achieves competitive
performance across a broad range of benchmarks.
Compared with models of similar scale and set-
tings, VIF shows consistent gains on most tasks,
indicating its effectiveness and robustness.
Comparison with General Baselines. VIF per-
forms favorably against standard 7B-scale mod-
els. Relative to its backbone LLaVA-v1.5, VIF
achieves clear improvements on multiple bench-
marks, including ScienceQA and LLaVA-Bench,
and attains the best result on the multi-image bench-
mark BLINK, suggesting improved handling of
fine-grained visual evidence. Compared with In-
structBLIP and Qwen-VL-Chat, VIF exhibits more
stable performance across multimodal tasks.
Comparison with High-Resolution Models.
Despite using a standard input resolution of 336 x
336, VIF achieves results comparable to high-
resolution approaches with substantially larger vi-
sual sequences. While ultra-high-resolution models
retain advantages on pixel-level OCR, VIF demon-
strates strong overall performance on comprehen-
sive benchmarks such as MME and SEED-I, reflect-
ing a favorable efficiency—performance trade-off.
Comparison with Feature Enhancement Mod-
els. VIF consistently outperforms existing fea-
ture enhancement methods such as IGVA and TG-
LLaVA on comprehensive benchmarks. On SEED-
I, VIF surpasses both baselines, suggesting that
variational information flow is more effective than

prior feature fusion or connector-based strategies
for preserving task-relevant visual information.

5.3.2 Fine-Grained Perception and Referring
Expression Comprehension

Table 2 summarizes results on fine-grained percep-
tion and referring expression comprehension. On
HR-Bench (4K/8K) and VSTAR, VIF consistently
outperforms the backbone LL.aVA-v1.5 and feature-
enhanced methods such as IGVA. For example,
on VSTAR, VIF achieves 50.8, surpassing IGVA
(48.2), demonstrating improved sensitivity to tiny
objects and subtle visual cues. For visual ground-
ing, VIF also outperforms MMFuser on RefCOCO
(val/testB), indicating enhanced spatial reasoning
and referring expression comprehension.

Generalization to Stronger Backbones. To ex-
amine the scalability of our approach, we further
apply VIF to the advanced Qwen2.5-VL-7B back-
bone. Under the CoVT setting, although CoVT al-
ready exhibits strong reasoning performance, VIF
w/ CoVT still yields consistent gains on fine-
grained benchmarks. This suggests that VIF re-
mains effective when paired with stronger back-
bones and advanced reasoning strategies. More-
over, this result helps position VIF with respect to
recent “thinking with images” and visual chain-of-
thought paradigms. While these approaches typi-
cally improve performance by enriching the input
signal through iterative visual querying or external
tools, VIF focuses on a complementary direction
by strengthening how the MLLM backbone uti-
lizes the already-provided visual inputs. The gains
achieved by VIF w/ CoVT therefore indicate that
VIF can serve as a complementary enhancement to
stronger visual reasoning paradigms.

5.3.3 Ablation Study

Table 3 summarizes our ablation studies on the
VIF framework. We evaluate the impact of: (1) re-
moving answer posterior supervision; (2) omitting
sparsity regularization; (3) applying importance
scores across the full token sequence; (4) focus-
ing on deep layers only (I = I’ € 25,27,29,31);
and (5) injecting middle-layer visual features into
deep-layer representations.

Impact of Supervision and Regularization.
Removing answer posterior supervision (w/o AP)
consistently degrades performance (e.g., a 1.6%
drop on SEED-I), confirming its role in guiding
the model to focus on task-relevant visual regions.
Omitting sparsity regularization (w/o SP) sharply
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Tell me the number on the LED screen.
Baseline
Visual Attention Entropy: 5.3561 [T
VIF

Visual Attention Entropy: 3.2335

Original

What is the material of the glove?

Figure 6: visualization of attention maps comparing the baseline and our proposed model. The top and bottom
rows display the attention distributions of the baseline and our model, across different layers (L27 and L31).

Table 4: Ablation study on extraction to injection layer configurations.

Method / Configuration | Extraction Layers | Injection Layers | SEED-I | GQA | TextVQA | HR-Bench (4K) | Vstar

LLaVA-v1.5 (Baseline) - - 67.2 61.9 58.1 36.1 45.0
VIF (L-early, 4 pairs) 9,11,13,15 25,27,29.31 69.5 | 623 59.1 425 489
VIF (L-late, 4 pairs) 13,15,17,19 25,27,29.31 703 | 626 | 595 43.8 49.6
VIF (5 pairs) 9,11,13,15,17 23,25,27,29,31 709 | 629 | 598 45.0 50.9
VIF (Our Default) | 11,13,15,17 | 25,27,29,31 | 708 | 628 | 599 | 44.8 | 50.8

reduces fine-grained performance: HR-Bench (4K)
drops from 44.8 to 36.8, and REC (val) falls from
34.3 to 29.6. These results highlight the impor-
tance of sparsity in filtering noise and maintaining
compact, discriminative information flow.

Scope and Layer Selection Analysis. Applying
importance weighting to the full token sequence
(Full-Seq) worsens results due to noise from in-
discriminate enhancement. The Deep-Only variant
underperforms, as deep-layer textual tokens already
capture coarse visual summaries, making them less
suitable for learning informative visual importance.
The Mid-Feature strategy is less effective than our
design, emphasizing the need to model attention
flow rather than injecting visual features.

Impact of Extraction to Injection Layer Map-
ping. We compare different extraction to injec-
tion layer configurations, including earlier vs. later
extraction layers and 4-pair vs. 5-pair mappings.
Extracting from relatively early layers (L-early, 4
pairs) leads to slightly worse results across bench-
marks. By contrast, using middle extraction layers
and injecting into deeper layers performs more fa-
vorably, which validates our design choice of restor-
ing visual information from intermediate represen-
tations into high-level reasoning layers. Although
the 5-pair variant achieves slightly better results
on several benchmarks, its gains over our default
4-pair setting are marginal. We therefore adopt the
4-pair mapping [11,13,15,17] — [25,27,29, 31]
as the default, as it provides a better balance be-
tween performance and computational cost.

5.3.4 Deep Layers Attention Analysis

Our approach was validated through both quali-
tative and quantitative analysis. As illustrated in
Figure 6, unlike the baseline, which suffers from
attention dispersion due to background noise (e.g.,
sky) or irrelevant objects (e.g., food), our model
exhibits superior focus in deep layers (L27, L31).
It effectively locates fine-grained targets, such as
the small LED screen or the glove. Statistical anal-
ysis on 500 randomly sampled instances shows
that our model reduces visual attention entropy
from 5.3561 (baseline) to 3.2335, indicating im-
provements in both attention sparsity and certainty.
These results further suggest that VIF helps the
model form more concentrated and reliable task-
relevant visual grounding in the deep layers.

6 Conclusion

In this work, we identified and addressed the criti-
cal bottleneck of Visual Attenuation in MLLMs,
where fine-grained visual cues are progressively
discarded and attention structures collapse in the
deep layers. To address this challenge, we propose
the Variational Information Flow (VIF) frame-
work, a novel paradigm that shifts from passively
augmenting input features to actively reconstruct-
ing deep-layer information flow. By leveraging
a CVAE-based posterior learning mechanism to-
gether with a Gaussian Mixture Model (GMM)
prior, VIF effectively reconstructs task-relevant vi-
sual signals while enforcing spatial sparsity.
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Limitations

While our method effectively enhances fine-grained
visual perception, it has two main limitations. First,
although the proposed CVAE module is designed to
be lightweight, it inevitably introduces additional
parameters and computational overhead compared
to the original backbone during inference. Fu-
ture work that enables the model itself to main-
tain focused attention on critical visual cues could
improve efficiency while enhancing performance.
Second, since our approach operates at the level of
information flow to restore attenuated features, its
performance is partially constrained by the original
input resolution of the frozen visual encoder (e.g.,
CLIP). For extremely small objects whose pixel-
level information is lost during initial encoding,
feature reconstruction remains challenging.
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