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Abstract

Multimodal large language models (MLLMs)
enable cross-modal semantic understanding
and generation by learning semantic alignment
and fusion across modalities. However, exist-
ing MLLMs still face challenges in fine-grained
visual tasks. Their uniform encoding for global
understanding tends to blur or lose local de-
tails, while the lack of explicit modeling of
intermediate visual evidence leads them to rely
on semantic priors or the statistical patterns of
language models rather than grounded visual in-
formation, resulting in potential hallucinations.
To address these issues, we propose HiPerson, a
training-free hierarchical perception-reasoning
framework that enhances fine-grained visual
understanding by simulating human percep-
tion mechanisms. Specifically, HiPerson fuses
internal relative attention and gradient activa-
tion signals to generate a task-aware semantic
heatmap, providing explicit perceptual anchors
for precise localization. Then, it employs a
dual-scale adaptive cropping strategy to extract
visual cues for interactive reasoning, simulat-
ing the process of human visual focus shift-
ing and detail attention. Finally, by combin-
ing local-global dual-image cooperative input
with a multi-step reasoning prompting mecha-
nism, HiPerson guides the model to complete a
full perception loop from detail observation to
contextual verification. Experiments show that
HiPerson achieves competitive results on multi-
ple datasets, demonstrating its generalizability
and scalability.

1 Introduction

In recent years, with the continuous maturation
of visual pre-training and large language models
(LLMs), multimodal LLMs (MLLMs) have expe-
rienced a strong momentum for cross-modal se-
mantic understanding and generation (Xu et al.,
2025; Cai et al., 2025; Park et al., 2025). Typi-
cally, MLLMs employ a visual encoder to trans-
form input images into a series of visual tokens,
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Figure 1: When faced with fine-grained visual tasks,
MLLMs may struggle to perceive local details and rely
on semantic priors or statistical patterns for guess.

which are then passed through a lightweight con-
nector and concatenated with text tokens. The
combined tokens are subsequently processed by
a frozen LLM for unified autoregressive model-
ing, achieving deep integration of image content
and linguistic semantics (Zhang et al., 2025b; Li
et al., 2025a). MLLMs leverage the powerful gen-
eralization and composition abilities of LLMs to
convert visual perception problems into sequence
understanding tasks, leading to breakthroughs in
cross-modal semantic understanding and genera-
tion capabilities (Li et al., 2025b; Lu et al., 2025).

Unfortunately, when confronted with fine-
grained visual tasks, existing MLLMs still ex-
hibit fundamental limitations (Zhang et al., 2023,
2024). As shown in Figure 1, fine-grained visual
tasks require MLLMs to precisely localize the task-
relevant region within the high-dimensional image
and extract sufficient details for reliable reasoning
(Yang et al., 2025; Feng et al., 2025). If the target
region occupies only a minimal portion of the input
image, traditional MLLMs struggle to provide cor-
rect answers since their uniform encoding scheme
for global understanding compresses all image in-
formation into a fixed-length low-dimensional se-
quence (Wu and Xie, 2024), causing an amount of
local details to be blurred or lost during encoding.
While several methods enhance local perception
via image region cropping (Jiang et al., 2025a; Su
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et al., 2025), they rely on additional training or
explicit region annotations, making it difficult to
achieve generalization improvements without in-
curring training costs.

Moreover, current MLLMs generally adopt an
black-box inference mode, which simplifies com-
plex visual understanding tasks into a perception-
as-decision mapping process, lacking explicit mod-
eling and traceability of intermediate visual evi-
dence (Chen et al., 2024b). They are forced to
respond despite insufficient information, tending
to rely on semantic priors or the statistical patterns
of the model to guess, rather than deriving answers
based on genuine visual evidence (Wang et al.,
2025a; Liu et al., 2025). This dependence on lin-
guistic priors reduces the reliability of the model,
especially in the presence of visual interference
or when tasks involve atypical scenarios, poten-
tially leading to hallucinations (Qi et al., 2025).
Although some studies attempt to introduce chain-
of-thought prompting mechanisms (Mondal et al.,
2024; He et al., 2024), they treat visual perception
and language-based reasoning as independent mod-
ules, neglecting substantial cross-modal interaction
and communication.

In contrast, humans often exhibit a highly struc-
tured perception process when understanding com-
plex visual scenes (Shao et al., 2024). They first
rapidly locate the potential target region in the im-
age based on linguistic cues, then focus on those re-
gions to capture key details, and finally integrate vi-
sual evidence with contextual information through
multi-step reasoning to reach reliable conclusions.
This process combines top-down semantic guid-
ance with context-driven perception, forming a
tightly coupled cross-modal reasoning system that
integrates perception and reasoning. In comparison,
current MLLMs complete tasks from perception to
decision in a single forward pass. Therefore, bridg-
ing their gap in fine-grained visual tasks requires
reconstructing their reasoning paradigm to simu-
late the phased reasoning architecture of human
cross-modal perception.

Armed with this insight, we propose HiPerson,
a training-free Hierarchical Perception-reasoning
framework, aimed at guiding MLLMs to enhance
their perception of fine-grained visual content.
Specifically, HiPerson employs a dual-path region
refinement mechanism to collaboratively extract
the model’s internal relative attention and gradi-
ent activation signals, constructing a comprehen-
sive semantic heatmap that mimics human context-

sensitive focusing to achieve task-aware localiza-
tion. Subsequently, it introduces a dual-scale adap-
tive cropping strategy, which can adaptively am-
plify the key region from the heatmap via multi-
scale sliding window search and saliency assess-
ment, simulating the process of human visual focus
shifting and detail attention. Finally, by construct-
ing dual-view enhanced reasoning, HiPerson con-
currently inputs both the global scene and local
details into the model, and introduces a structured
multi-step reasoning prompting mechanism, guid-
ing the model to complete the full perception loop
from detail perception to contextual verification
within a unified reasoning process.

To summarize, our contributions are as follows:

e We propose HiPerson, a training-free hier-
archical perception-reasoning framework for
MLLMs, designed to enhance perception of
fine-grained visual content.

e We achieve task-aware localization and extract
reliable visual cues for interactive reasoning
through a dual-path region refinement and a
dual-scale adaptive cropping strategy.

e We combine a local-global cooperative input a
multi-step reasoning mechanism, guiding the
model to complete the perception loop from
detail perception to contextual verification.

e Experimental results demonstrate that HiPer-
son can improve performance on fine-grained
visual tasks while enhancing the interpretabil-
ity of the reasoning process.

2 Related Work

Existing MLLMs primarily focus on efficiently
aligning powerful LLMs with visual encoders to
achieve understanding, reasoning, and conversa-
tional capabilities regarding visual content. Specif-
ically, LLaVA (Liu et al., 2023) connects a pre-
trained CLIP visual encoder with an LLM via a sim-
ple trainable projection layer. BLIP (Li et al., 2022)
employs a unified vision-language pre-training
(VLP) framework to jointly optimize image-text un-
derstanding and generation tasks. BLIP-2 (Li et al.,
2023) proposes a lightweight query transformer
to efficiently connect and bridge the frozen visual
encoder and the LLM. Building upon BLIP-2, In-
structBLIP (Dai et al., 2023) introduces instruction-
aware visual feature extraction and fine-tuning
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Figure 2: The overall framework of HiPerson. It first extracts relative attention map and gradient activation map
in parallel, fusing them to generate a task-aware semantic heatmap, which is then used to precise focusing via
relative search and saliency assessment. Finally, it coordinates the global scene and local details to complete a full
perception closed-loop within a unified reasoning process.

based on large-scale instruction data. Qwen-VL
(Bai et al., 2023) introduces a multi-resolution vi-
sual tokenizer and fine-grained language-vision
alignment training to support detail-aware visual
understanding. InternVL (Chen et al., 2024a) aims
to bridge the capability gap between vision and
language models by constructing a giant visual en-
coder that matches the scale of LLMs.

The difficulty of MLLMs in fine-grained tasks
has been observed in some prior work (Zhang
et al., 2023, 2024). Among these, SEAL (Wu
and Xie, 2024) integrates information in visual
working memory through collaboration with vi-
sual search models, leveraging the commonsense
knowledge to generate target and contextual cues.
ViCrop (Zhang et al., 2025a) uses relative attention,
gradient-weighted attention, or pure gradient map-
ping to intelligently crop and amplify on parts of
the image relevant to the question. VisCoT (Shao
et al., 2024) predicts the image regions most rele-
vant to the question and generates their bounding
boxes, then uses a visual sampler to crop and ex-
tract features from these regions. R-GRPO (Jiang
et al., 2025a) teaches the model through supervised
fine-tuning when to invoke a cropping tool during

reasoning to locate and amplify on specific areas
of the image. Pixel Reasoner (Su et al., 2025) em-
ploys templated instruction fine-tuning to equip
the model with the ability to invoke visual opera-
tions, and introduces a curiosity-driven reinforce-
ment learning training mechanism.

3 Method

We propose HiPerson, a training-free hierarchi-
cal perception-reasoning framework, which is de-
signed to guide MLLMs in simulating the human
cross-modal perception mechanism to enhance the
perception of fine-grained visual content. As il-
lustrated in Figure 2, HiPerson consists of three
core modules: (I) Dual-Path Region Refinement:
Extracts relative attention and gradient activation
signals in parallel, fusing them to generate a task-
aware semantic heatmap. (II) Dual-Scale Adaptive
Cropping: Achieves the transition from coarse lo-
calization to precise focusing via multi-scale slid-
ing window search and saliency assessment. (III)
Dual-View Enhanced Reasoning: Coordinates the
global scene and local details, guiding the model
to complete a full perception closed-loop within a
unified reasoning process.
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3.1 Dual-Path Region Refinement

In fine-grained visual tasks, target regions are often
small and dependent on the query content. Di-
rectly feeding the entire image into MLLMs can
cause their attention to be easily dispersed by large
background areas or common objects, leading to
insufficient detail perception. To address this, we
propose a dual-path region refinement mechanism,
which aims to generate a discriminative semantic
heatmap that precisely locates the visual region
most relevant to the current query.

Specifically, given an input image I € RH>*Wx3
and a natural language query g, we feed them into
the target MLLM and extract the attention weight
matrix A € RE*F from its last layer, representing
query token attention to image patches. Here, L is
the number of query tokens, and P = G x G is
the total number of image patches with grid size
G. Since the attention of a single token can be
influenced by local syntax and may not reflect the
overall semantic intent, we aggregate a compre-
hensive cognitive focus vector by averaging the
attention of all query tokens along the language
dimension as follows:

L
1
My = 23 Ay, p=1,....P (D)
=1

The averaging operation mitigates noise from ir-
relevant tokens and highlights the visual region
consistent with the overall query semantics.

Nevertheless, the attention of MLLMs often in-
cludes an inherent preference for generic back-
grounds, which can dilute task-specific signals. To
eliminate such interference, we introduce a neutral
reference query g (€.g., “Describe this image”),
compute its corresponding cognitive focus M,
and construct a relative attention map:

Mrel B ]\4500%(1’7 q)

=P 2
p Mzgocus (I’ Qref) @)

This division-based normalization suppresses
generic regions that are highly responsive to any im-
age, retaining only the parts specifically activated
by the current query.

Meanwhile, we introduce a frozen VLP model
as a semantic prior. Given the image-text matching
score yimm, we compute the gradient of this output
with respect to the last cross-modal attention map
Across as follows:

8yitrn
aAcross

VA= €))

The magnitude of the gradient reflects the contribu-
tion of each attention region to the final semantic
matching decision.

To further aggregate discriminative signals from
multi-head attention, we multiply each attention
head’s response with its corresponding gradient,
sum them, and suppress negative responses via
ReLLU (Nair and Hinton, 2010):

MeE — ReLLU (Z VA, ® Ah> € RGXC

h
“)
where h is the attention head index and © denotes
element-wise multiplication.
Finally, this heatmap is fused with /™!

M*™ = norm(M™) + norm(M&)  (5)

where norm(-) represents min-max normalization
to [0, 1]. This achieves complementarity between
endogenous reasoning and external priors, where
the former captures query-specific dynamics, and
the latter provides generalization guarantees.

3.2 Dual-Scale Adaptive Cropping

After obtaining the comprehensive semantic
heatmap M*®*™, we search for the most semanti-
cally prominent local region on the heatmap via
multi-scale sliding windows, cropping it to amplify
details for model perception. First, we construct
a set of windows covering typical target scales.
Let B = {p1, B2, ..., K} be aset of scale coeffi-
cients (e.g., {1.0,1.2,1.4,1.6,1.8,2.0}), then the
window sizes are defined as:

W = {(wj,w;) | wj = 8;W, B; € B} (6)

where W is the width of the base window size.

For each candidate window w € W, we slide
it over the heatmap with a fixed stride ¢ (e.g., 1)
and compute the sum of semantic responses for all
pixels within its coverage as follows:

z4+w—1y+h—1

Ssum(w, z,y) = Z Z M*%(u,v) (7)

u=xr V=Y

where (z,y) is the coordinates of the upper left
corner of the window. We treat the window as a
semantic integrator, and a higher value indicates
greater overall relevance of the region. Then we
select the position that maximizes this value as the
optimal location for that scale:

(‘,EZ)? y:;)) = arg ma))( Ssum(wa z, y) (8)
x7y
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However, regions with high absolute response
values are not necessarily semantically salient tar-
gets. For instance, large areas of grass or sky may
receive uniformly high scores due to VLP priors.
To avoid such mis-selection, we introduce a lo-
cal contrast mechanism, computing the difference
between the window response and the average re-
sponse of its neighborhood as a saliency score:

Ssa]iency(w) = Ssum('wv x:m yviku)_

1D

(=" y" ) eN (z3,u3)

Ssum(w> 'iU/? y,)

(©))

where N (z,y) denotes the neighborhood centered
at (x,y). By emphasizing local peaks rather than
absolute high values, we can filter out truly promi-
nent target regions, effectively suppressing interfer-
ence from uniform backgrounds.
Finally, we select the candidate window with the
highest saliency score as the cropping region:
(w*,z",y") = arg max Ssatiency (W) (10)
wew
The corresponding image region is cropped and
resized to a standard dimension, yielding the local
image Icrop.

3.3 Dual-View Enhanced Reasoning

While the cropped I¢op contains high-resolution
details, being detached from the global context can
easily lead to misjudgments (e.g., mistaking a “red
car” for a “fire hydrant”). Conversely, using only
the global image makes it difficult to discern subtle
differences. Therefore, we propose a dual-view
cooperative input strategy, enabling the model to
simultaneously access the macroscopic scene and
microscopic details during reasoning.
Specifically, the original image [ and the
cropped image I.rop are fed into the MLLM’s vi-
sual encoder to obtain the global feature sequence
Viobal € RP*4 with dimension d and the local fea-
ture sequence Vigea € RFeropxd, respectively. They
are concatenated with the query text embedding
T, € RE*4 to form a cooperative input sequence:

Finput = [Vglobzﬂ; Vlocal§ Tq] (11)

The global view provides scene layout and object
relationships, while the local view injects discrimi-
native details such as texture, text, and color. Their
parallel input allows the model to dynamically

weigh information at different granularities within
the same reasoning process.

To further structure the reasoning process, we
design a multi-step prompt template that explic-
itly guides the model to perform three subtasks in
sequence as follows:

Detail Observation. Describe the visual at-
tributes most relevant to the query based on I¢yop.

Contextual Localization. Map this detail back
to the global image I and describe its surrounding
environment.

Final Answer. Generate the above analysis to
generate the answer.

The prompt is encoded as a textual prefix Tp
and combined with the cooperative input sequence
to form the complete model input. This not only
enhances the model’s perception of fine-grained
details but also improves the interpretability and
robustness of the reasoning process through explicit
verification steps.

4 Experiments

4.1 Experiment Setup

We evaluate the comparative performance of HiPer-
son against VisCoT (Shao et al., 2024), ViCrop
(Zhang et al., 2025a), and FitPrune (Ye et al., 2025)
on three fine-grained visual question answering
(VQA) datasets TextVQA (Singh et al., 2019), V*
(Wu and Xie, 2024), DocVQA (Mathew et al.,
2021) that rely on local visual details in images,
along with three general VQA datasets AOKVQA
(Schwenk et al., 2022), VQAV2 (Goyal et al., 2017),
InfographicVQA (Mathew et al., 2022), which
cover challenges of knowledge reasoning, gen-
eralization, text and graphics integration, respec-
tively. Our evaluation on TextVQA follows the
same setting as ViCrop, where no optical char-
acter recognition (OCR)-extracted tokens are pro-
vided to MLLMs, thereby assessing the model’s
genuine perceptual ability on TextVQA without
textual assistance. Accuracy across all datasets is
computed using the VQA-score . Meanwhile, to
verify the general applicability of HiPerson as a
training-free framework, we integrate it into mul-
tiple mainstream MLLMs, including LLaVA (Liu
et al., 2023), InstructBLIP (Dai et al., 2023), Qwen-
VL (Team, 2025), and InternVL (Wang et al.,
2025b). All experiments are conducted on a single
Tesla A100 40GB GPU. Additional experiments
and details are provided in the appendix.

1https ://visualqga.org/evaluation.html
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Question: What store is
seen in the background?
LLaVA: Alba.

HiPerson: Pret a manger.

Question: How much
polos crazy bike?
LLaVA: 9.80.
HiPerson: 9.90.

is a

Question: Who is the lady
who sponsored the calander?
LLaVA: Suzanne.

HiPerson: Joanna krauz.

Question: What is the year
on the bottom left coin?
LLaVA: 1979.

HiPerson: 1985.

Figure 3: Examples of the fine-grained visual question answering task.

Fine-Grained General
TextVQA V* DocVQA | AOKVQA  VQAv2 InfographicVQA

VisCoT 58.11 49.21 16.07 65.10 77.13 14.73
ViCrop rel-att 57.72 44.50 15.10 60.75 77.15 13.23
ViCrop grad-att 58.75 43.98 15.33 60.71 77.41 13.65
ViCrop pure-grad 53.62 42.41 13.60 59.20 76.74 13.23
FitPrune 51.80 43.46 13.37 75.11 74.07 17.24
HiPerson 62.99 54.45 19.69 78.86 78.44 20.75
LLaVA-7B 49.74 40.31 12.42 59.82 76.29 12.51

+HiPerson 62.99113.25 54.4511414 19.6917.27 | 78.86119.04 78.4412.15 20.7518.24
InstructBLIP-7B 35.41 38.22 5.87 55.45 77.88 12.65

+HiPerson 43.811840  41.8813.66 5.9410.07 55.881043 78.2910.41 12.7510.10
Qwen3-VL-8B 78.34 51.83 60.23 70.99 82.84 41.21

+HiPerson 87.3819.04 74.87123.04 71.76711.53 | 91.83120.84 87.1614.32 58.71117.50
InternVL3.5-8B 64.08 47.12 33.47 65.19 75.38 24.41

+HiPerson 79.18115.10 65.45118.33 53.75120.28 | 89.50124.31 82.6317.25 46.81122.40

Table 1: Comparison results on six datasets, baselines are all using LLaVA-7B as the backbone model.

4.2 Main Results

Examples of Fine-Grained Tasks. Figure 3
presents a comparison of the original LLaVA-7B
and the enhanced HiPerson through four concrete
examples of fine-grained VQA. For tasks requir-
ing reasoning such as “What store is seen in the
background?” and “Who is the lady who spon-
sored the calendar?”, LLaVA merely guesses based
on semantic priors, whereas HiPerson accurately
perceives and reasons, correctly identifying the
text “Pret a manger” on the store sign and the
name “Joanna kreuz”. For tasks that demand ex-
tremely fine-grained observation, such as “How
much is a polos crazy bike?” and “What is the
year on the bottom left coin?”’, LLaVA incorrectly
answers “9.80” and “1979”, while HiPerson suc-
cessfully focuses on the tiny regions and provides
the correct answers. These examples collectively

demonstrate that HiPerson, through its hierarchi-
cal localization-reasoning mechanism, effectively
alleviating the hallucination problem caused by
over-reliance on semantic priors.

Comparison with Baselines. The upper part of
Table 1 presents the comparison between HiPerson
and baselines. Among baselines, VisCoT enables
the model to locate fine-grained objects through
training, while FitPrune enhances the model’s fo-
cus on target regions via token pruning. ViCrop
includes three region localization and cropping
methods, but lacks the ability to perform reason-
ing using the cropped images. The results show
that HiPerson achieves the best performance on all
tasks. On fine-grained tasks, HiPerson achieves im-
provements over the best-performing ViCrop vari-
ant, respectively. On general VQA tasks, HiPerson
attains a notably higher accuracy on AOKVQA,
which requires knowledge reasoning. This advan-
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tage stems from its structured multi-step reasoning
mechanism, which successfully integrates local de-
tails with the global context, thereby resolving se-
mantic disconnection in complex scenarios. Over-
all, HiPerson achieves robust understanding in both
fine-grained and general settings.

Experiments with Different Backbones. The
lower part of Table 1 verifies the general applicabil-
ity of HiPerson across different MLLMs. When ap-
plied to the relatively weaker LLaVA-7B, HiPerson
brings substantial performance gains, indicating
that HiPerson can effectively compensate for the
model’s inherent deficiency in fine-grained percep-
tion. On InstructBLIP-7B, HiPerson yields limited
improvements due to the model’s strict instruction-
following architecture and strong modality align-
ment strategy. Furthermore, for already capable
advanced models, HiPerson still delivers consistent
performance gains, demonstrating that even strong
backbone models lose some local details through
global encoding. Notably, HiPerson works effec-
tively across models of varying capabilities and
architectures, showcasing the broad applicability
of its hierarchical cognitive simulation mechanism.

Acc. T
TextVQA 49.74 -
+crop 58.46 8.72
+reasoning 62.99 13.25
.2 | VE 40.31 -
8.5 +crop 4293 262
=5 +reasoning 5445 14.14
DocVQA 12.42 -
+crop 15.00 2.58
+reasoning 19.69 7.27
AOKVQA 59.82 -
+crop 60.37 0.55
+reasoning 78.86 19.04
B VQAv2 76.29 -
% +crop 77.21 0.92
O +reasoning 78.44 2.15
InfographicVQA | 12.51 -
+crop 13.05 0.54
+reasoning 20.75 8.24

Table 2: Ablation results of components on six datasets
using LLaVA-7B as the backbone model.

4.3 Ablation Study

Component Ablation. Table 2 presents the per-
formance impact of different components in HiPer-
son across six datasets. Here, “+crop” includes

the region refinement and cropping modules since
region refinement serves the cropping process,
while “+reasoning” incorporates all components.
Specifically, on fine-grained tasks, cropping based
solely on region refinement already brings signifi-
cant improvements, indicating that local enhance-
ment effectively mitigates the detail loss caused by
global encoding in conventional MLLMs. When
enhanced reasoning is further introduced, perfor-
mance on all tasks sees another substantial leap.
This suggests that although local cropping alone
can boost detail perception, it may lead to bias due
to detachment from the global context. In contrast,
by combining structured multi-step reasoning, the
model can jointly exploit local details and global
scene information, forming a complete perception
loop from detail observation to contextual verifica-
tion, thereby greatly improving answer reliability.

Accuracy GPU Time Memory
Original 49.74 0.47s 15G
Attention 53.59 0.91s 20G
CLIP 50.86 9.75s 21G
SAM 51.80 13.93s 25G
YOLO 52.72 8.68s 22G
HiPerson 62.99 1.12s 22G

Table 3: Ablation results of external tools on TextVQA
using LLaVA-7B as the backbone model.

Region Refinement Ablation. We investigate
the accuracy, average GPU computation time, and
memory usage of the dual-path region refinement
mechanism compared to using external tools to as-
sist cropping, as shown in Table 3. Here, CLIP
(Radford et al., 2021) refers to iteratively cropping
the image at fixed crop ratios (e.g., 0.9) and se-
lecting the cropping region with the highest CLIP
similarity each time. SAM (Kirillov et al., 2023)
refers to taking the bounding box corresponding
to the segmentation mask computed by SAM as
the cropping region. YOLO (Redmon et al., 2016)
refers to selecting the bounding box among the pre-
dicted boxes whose confidence exceeds a threshold
(e.g., 0.25) as the cropping region. The results
show that although using these external tools can
bring accuracy gains, the improvements are limited
and come at a substantial cost, increasing inference
time to 8.68s-13.93s. Meanwhile, compared to
simple attention-based cropping, it adds only 0.21
seconds on GPU time while improving accuracy by
9.4%. In contrast, by solely leveraging the model’s
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internal attention and gradient signals, HiPerson
captures query-related key regions and achieves the
highest accuracy while maintains excellent compu-
tational efficiency.

Question: What is the title of
this billboard?

LLaVA: The Fifth Elephant.
HiPerson: The Fifth Elephant.

(a) Big

%’ Question: What is the number
3z of the batter?

= LLaVA: 1,

L HiPerson: 99.

Question: What brand it is?
LLaVA: Samsung.
HiPerson: LG.

(c) Small

Figure 4: Comparison results on objects of different
scale with LLaVA-7B.

4.4 Object Scale Study

Figure 4 demonstrates the performance differences
between LLaVA and HiPerson in handling visual
information at different scales through three recog-
nition examples of varying granularity. In large-
scale scenarios such as billboard title recognition,
LLaVA can still generate a reasonably plausible
answer, “The Fifth Elephant”, based on its per-
ception, indicating a certain level of macro-scene
understanding capability. However, when the tar-
get region size decreases to medium granularity
(e.g., athlete number recognition) and small gran-
ularity (e.g., brand logo recognition), LLaVA in-
correctly answers “1” and “Samsung”, respectively,
showing that its attention is easily dispersed by
background or similar objects, failing to accurately
locate key details. In contrast, HiPerson provides
correct answers in all three types of tasks through
active focusing and local reasoning, showing that
HiPerson’s local enhancement mechanism effec-
tively maintains cross-granularity robustness.

4.5 High Resolution Study

In the VQA task involving high-resolution images
from HR-Bench (Jiang et al., 2025b) (about 4K
resolution), as shown in Figure 5, LLaVA performs
poorly due to its global uniform encoding strategy,
often leading to perceptual biases and hallucina-
tions. For instance, when asked, “What is the house

(a) input image 1
(b) attention map 1

Question: What is the house number of the door?

LLaVA: 278.
HiPerson: 27B.

(c) input image 2
(d) attention map 2

Question: What is the text written on the white gloves?
LLaVA: Youth edge.
HiPerson: Callaway.

Figure 5: Comparison results and visualization of atten-
tion maps on high resolution images with LLaVA-7B.

number of the door?” LLaVA incorrectly identifies
it as “278”, whereas the correct answer is “27B”.
Similarly, when recognizing text on white gloves,
LLaVA misinterprets it as “Youth edge”, while the
actual text is “Callaway”. In contrast, HiPerson
employs a task-aware semantic heatmap and the
cropping strategy to magnify the tiny regions con-
taining the target text, which enhances its percep-
tion of local details while preserving the global
context, thereby accurately identifying the letter
“B” in the house number and the fine characters of
the brand name “Callaway” on the gloves. These
results demonstrate HiPerson’s ability to improve
the accuracy of fine-grained visual understanding
in high-resolution scenarios.

Question: What is the woman doing?

HiPerson: The woman is giving a presentation at a
podium, likely discussing a topic or sharing
information with an audience. Her attire, including
the red jacket, suggests that she is prepared for a
formal or professional setting. The microphone she
holds indicates that she is speaking to the audience,
possibly addressing questions or concerns.

(a) input image 1

Question: What's wrong with the bear?

HiPerson: The bear is sitting in the microwave oven,
which is not a safe place for a stuffed animal.
Microwaves are designed for heating food, and the
bear could be damaged or even destroyed by the
heat.The sign "help!" suggests that someone might
be trying to alert others to the bear's presence in
the microwave.

(b) input image 2

Figure 6: Examples of the fine-grained visual descrip-
tion task.
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5 Description Task Study

Figure 6 demonstrates HiPerson’s capability in the
fine-grained visual description task. In the first ex-
ample, when asked “What is the woman doing?”,
HiPerson goes beyond superficial action recogni-
tion and generates a multi-dimensional description
that includes scene localization, behavioral infer-
ence, attire analysis, and tool support. This reflects
its ability to integrate visual cues from global to
local levels and perform semantic reasoning. In
the second example, in response to “What’s wrong
with the bear?”, HiPerson accurately identifies the
unusual combination of “the bear is sitting in the
microwave oven”. It associates common knowl-
edge about microwaves being used for heating food,
points out the potential damage to the toy, and in-
corporates the warning sign into the explanation,
suggesting it might serve to alert others. These
two cases indicate that through dual-view input
and a structured multi-step reasoning mechanism,
HiPerson guides the model beyond surface-level
feature capture, achieving a complete perception
loop from detail perception and contextual localiza-
tion to commonsense-based inference. This effec-
tively enhances the model’s reasoning reliability in
fine-grained visual description tasks.

Question: What are the colors of the hats
of the two athletes?

LLaVA: Blue and red.

HiPerson: The colors of the hats of the two
athletes are blue and red.

(a) input image 1

Question: What are the numbers on the
leftmost and rightmost people respectively?
LLaVA: 41 and 5.

HiPerson: The number on the leftmost
person is 10, and the rightmost person is 3.

(b) input image 2

Figure 7: Examples of the fine-grained visual question
answering task with multi-regions.

6 Multi-Region Study

Figure 7 demonstrates HiPerson’s capability in un-
derstanding cross-regional scenes. In the example
of “What are the colors of the hats of the two ath-
letes?”, both LLaVA and HiPerson provided the
correct answer. Specifically, HiPerson first iden-
tifies the positions of the two target athletes, then
extracts visual features from their respective head
regions, sequentially determined the hat colors, and
finally responded with a structured statement. This
step-by-step reasoning enhances the credibility of
the model’s decisions. In contrast, in the exam-

ple of “What are the numbers on the leftmost and
rightmost people respectively?”, LLaVA output the
incorrect answer “41 and 57, confusing the number
of the person in the middle region, which reflects
its attentional bias when processing decentralized
targets. By introducing a hierarchical perception
mechanism, HiPerson first localizes all potential
person regions at the global level and then performs
refined feature extraction on the specified regions
at the local stage, ultimately accurately identify-
ing the numbers “10” and “3”. This demonstrates
that HiPerson can effectively overcome the model’s
perceptual limitations in complex spatial layouts.

7 Conclusion

This paper proposes HiPerson, a training-free hier-
archical perception-reasoning framework that en-
hances MLLMs’ fine-grained recognition capabil-
ity. Specifically, HiPerson fuses the model’s inter-
nal relative attention and gradient activation signals
to generate a task-aware semantic heatmap, mim-
icking human context-sensitive focusing for task-
aware localization. Subsequently, it amplifies key
regions from the heatmap via multi-scale sliding
window search and saliency assessment. Finally,
by combining local-global dual-image cooperative
input with a multi-step reasoning prompting mech-
anism, HiPerson guides the model to complete a
full perception loop. Experiments demonstrate that
HiPerson achieves expressive results on multiple
datasets, showcasing its generalizability and scala-
bility in fine-grained visual tasks.

Limitations

Despite the competitive performance and general
applicability demonstrated by HiPerson, our work
has several limitations that warrant consideration.
For example, HiPerson relies on the internal sig-
nals of the underlying MLLMs. While this design
ensures broad compatibility and avoids additional
training costs, it may also constrain peak perfor-
mance in specialized scenarios where task-specific
adaptation could be beneficial. Moreover, the multi-
step reasoning prompts are designed based on com-
mon granularity patterns, which may not general-
ize seamlessly to all types of fine-grained queries.
Finally, our evaluation primarily focuses on bench-
mark datasets under controlled settings. Perfor-
mance in open-world scenarios with extreme vi-
sual diversity, severe occlusions, or highly domain-
specific content remains to be thoroughly validated.
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Ethical Considerations

In conducting this research, we have considered
its potential ethical implications. We introduces
HiPerson, a training-free method to enhance fine-
grained visual reasoning in MLLMs. Our experi-
ments utilize established public datasets intended
for research, and we cannot fully rule out that they
may reflect societal biases or contain personal in-
formation, despite the curation efforts of their orig-
inal creators. The improved perceptual capabilities
of our method could support positive applications,
such as assistive technologies. However, they also
carry risks of misuse in surveillance or generat-
ing misleading content. We strongly discourage
any deployment that violates privacy or promotes
harm. Meanwhile, our framework inherits any bi-
ases present in the base models and datasets, and
its evaluation is limited to common benchmarks.
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A Dataset Statistics

Table 4 provides detailed information about the
datasets used in our main experimental evaluation.
Specifically, in terms of image resolution, the aver-
age dimensions of the datasets span a wide range.
For example, InfographicVQA possesses a high
aspect ratio, such images typically contain dense
textual-graphical information and complex layouts.
In contrast, AOKVQA and VQAV2 have relatively
small average dimensions, focusing more on se-
mantic understanding of everyday scenes. More-
over, regarding task scale, for VQAv2, we conduct
experiments on a random 5K subset of the official
validation set. For TextVQA, we experiment on
the filtered subset of 4370 samples as selected by
ViCrop. For all other datasets, we use the entire
validation set for experimentation. Among these,
TextVQA and DocVQA feature a large number
of questions, emphasizing fine-grained question-
answering on textual content within images. Al-
though V* has a small sample size, its extremely
wide images and complex visual search tasks pose
unique challenges to the model’s localization and
reasoning capabilities. This disparity in scale re-
quires the evaluation framework to not only demon-
strate statistical effectiveness on large datasets but
also exhibit stable performance improvements on
small yet challenging benchmarks.

B Attention Study

B.1 Attention Visualization

Figure 8 presents the visualization results of atten-
tion maps at layers 0, 3, 7, 10, 15, 20, 26, 29, and 31
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TextVQA V* DocVQA AOKVQA  VQAv2 InfographicVQA
Avg. Width (px) 949.3 2246.3 1782.8 581.6 571.8 1161.5
Avg. Height (px) 823.2 1583.0 2098.6 480.4 485.6 3002.4
Images 2897 191 1284 1122 883 500
Questions 4370 191 5349 1145 5001 2801

Table 4: Statistical results of the average width, average height, number of images, number of questions on datasets.

(f) layer 15

(9) layer 20

(h) layer 26

(e) layer 10

(i) layer 29

(j) layer 31

Figure 8: Visualization results of attention maps for different layers in LLaVA-7B.

for LLaVA when responding to the question “What
kind of o’s are shown on the box in the back?” re-
garding the image. In the initial stage, attention is
highly scattered, indicating that the model has not
yet established an effective association between
the language query and the visual regions after
receiving multimodal input. As network depth in-
creases, attention gradually converges and directs
toward potential areas semantically related to the
question, specifically the location of the box in the
image that may contain the “O”-shaped pattern.
Upon entering the deeper network layers, attention
further intensifies and stabilizes its concentration
on the target region, showing that the model has
successfully locked onto the image area most rel-
evant to the question and is performing detailed
feature extraction and integration. This stage rep-
resents the core phase for the model to accomplish
fine-grained recognition, where high-level repre-
sentations achieve a deeper understanding of visual
cues. At deeper layers, attention exhibits a diver-
gence trend, where the model shifts toward com-
prehensive reasoning involving the overall context,
language priors, or cross-modal alignment during
high-level semantic processing.

B.2 Attention Ratios

Figure 9 shows the average attention ratio for
the top 30 correctly answered and top 30 incor-

rectly answered images in TextVQA across differ-
ent MLLMs. This ratio is defined as the sum of
relative attention within the ground-truth answer
bounding box divided by the average of all bound-
ing boxes of the same size in the image. The atten-
tion ratios of all MLLMs in the target region are sig-
nificantly above 1, confirming that the multimodal
alignment capability enables MLLMs to semanti-
cally relevant areas in the image based on linguistic
queries. However, this inherent attentional localiza-
tion mechanism is coarse and unstable. For LLaVA
and InstructBLIP, the attention curves for correct
and incorrect samples largely overlap across most
network depths, with very close numerical values,
indicating that models may still answer incorrectly
due to insufficient detail resolution or reasoning
biases. In contrast, Qwen-VL and InternVL exhibit
stronger attentional discriminability, with showing
higher attention ratios in deeper network layers.
This suggests that their internal mechanism pos-
sesses a superior ability to sharpen localization and
focus on details. Overall, it demonstrates that dif-
ferences in model performance depend more on
the stability of transitioning from coarse seman-
tic localization to precise detail focus, rather than
mere attentional intensity. This provides empirical
support for HiPerson, which enhances fine-grained
perceptual capability through task-aware heatmap
generation and adaptive region cropping.
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Figure 9: Attention ratios across layers of different MLLMs when answering correctly or incorrectly.

Answer: Wines.

Prompt1: Based on the cropped image and the full image above, answer the question:

What types of alcoholic beverages are sold in the store to the right?

Prompt2: 1) Observe the cropped image above and provide a brief description.

2) Now observe the original full image below:

Re-describe the content of the cropped region using the full image for context.
3) Based on the information from both images, answer the question:

What types of alcoholic beverages are sold in the store to the right?

Answer: Wines and liquors.

Figure 10: Comparison results of different textual prompts using LLaVA-7B as the backbone model.

C Textual Prompt Study

Figure 10 illustrates the impact of two structurally
different textual prompts on the same VQA task.
When faced with the same question “What types
of alcoholic beverages are sold in the store to the
right?”, the simple single-step prompt (Prompt 1)
merely leads the model to independently observe
and guess based on the cropped image and the
global image. Although it can infer the broad
category of “alcoholic beverages”, its final an-
swer “Wines” fails to accurately reflect the com-
plete information on the sign. In contrast, under
the guidance of the multi-step structured prompt
(Prompt 2), the model is explicitly instructed to
perform three sequential steps: local observation,
re-description within the global context, and inte-
grated reasoning for the answer. This mechanism
forces the model to first focus on the textual detail
“Wines & Liquors” in the cropped region, then use
the global image to confirm the surrounding envi-
ronment of that region (such as the city street and
vehicles), and finally explicitly combine the local

textual evidence with the scene information during
reasoning, thereby generating a complete and accu-
rate answer “Wines and liquors”. This comparison
clearly demonstrates that simply providing a local
image is insufficient to ensure that the model spon-
taneously accomplishes context fusion, whereas a
hierarchical prompt design can effectively guide
the model to establish a cognitive chain from detail
perception to scene verification, improving both
the precision of the answer and the reliability of
the reasoning process.

Reasoning:
1) The cropped image shows a man is
smiling and looking at the camera.

2) The full image shows a man wearing
a blue shirt and holding a ladder.

3) The man is wearing a shirt with the
year 2014 on it.

Question: What year is displayed on his shirt?
LLaVA: 2013.
HiPerson: 2014.

Figure 11: An example of the fine-grained visual ques-
tion answering task with the reasoning process.
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D Reasoning Study

Figure 11 illustrates the detailed reasoning process
and results of HiPerson on the fine-grained VQA
task “What year is displayed on his shirt?”. In such
task, LLaVA tends to rely on semantic priors or
ambiguous local features for guessing, leading to
the incorrect answer “2013”. In contrast, HiPer-
son achieves a closed-loop perception process from
local perception to global verification through a
structured three-step reasoning pipeline. In the de-
tail observation, the model performs preliminary
perception based on the cropped local region, yet
fails to directly derive a definitive answer from this
stage alone, highlighting the limitations of relying
solely on a local perspective for fine-grained recog-
nition. After the contextual reasoning, the model
is explicitly guided to recalibrate and redescribe
the local observation within the global image, inte-
grating contextual cues such as the person’s posture
and overall clothing to disambiguate the local clues.
Finally, in the comprehensive reasoning, the model
accurately outputs “2014”. This process demon-
strates that relying solely on observing local details
is sometimes insufficient to arrive at the correct
answer, underscoring the necessity of actively asso-
ciating local details with and verifying them within
the global context.

Question: What is this poster about?

The poster is about the
movie "Leprechaun: Origins", which is
a horror film featuring a character
named Leprechaun. The gold necklace
with a pendant is a key visual element
in the movie's marketing campaign,
and the movie poster is likely
promoting the film's connection to
mythical creatures.

JEPRECHAUN]

Figure 12: An example of the optical character recogni-
tion task with the reasoning process.

E OCR Reasoning Study

Figure 12 presents a fine-grained visual reason-
ing example based on text recognition, with the
question being “What is this poster about?”. HiPer-
son’s response not only accurately identifies the
poster’s theme as the movie “Leprechaun: Origins”,
but also conducts semantic reasoning on this basis,
demonstrating its ability to go beyond surface-level
perception in complex visual scenes. First, HiPer-
son completes the extraction of basic visual infor-
mation by locating and recognizing the key text
on the poster. Then, the model further performs

cross-modal semantic association and inference by
combining the term “Leprechaun” from the movie
title with the prominent visual element of the “gold
necklace pendant” in the poster. It points out that
the pendant is a “key visual element” in the movie’s
marketing campaign and infers that the poster aims
to “promote the film’s connection to mythical crea-
tures”. This indicates that HiPerson can integrate
local textual information with the global visual de-
sign, and even external cultural common sense, to
construct a coherent and in-depth interpretation of
the scene. This example verifies the effectiveness
of HiPerson in fine-grained text recognition tasks,
and more importantly, demonstrates that the pro-
posed reasoning framework can guide the model
beyond pixel-level feature capture, advancing to-
wards an understanding of the design logic and cul-
tural context behind visual content, which is crucial
for achieving fine-grained visual understanding.

F Extended Examples

Figure 13 presents the performance and correspond-
ing attention visualizations of LLaVA and HiPerson
on additional fine-grained examples. Since HiPer-
son does not modify LLaVA’s attention generation
mechanism, the attention maps of both models are
identical. HiPerson demonstrates significant advan-
tages on several fine-grained tasks. For instance,
for the question “What is the cross street?”, al-
though the attention of both models roughly cov-
ers the relevant area, LLaVA tends to directly out-
put a guess based on this coarse perception (e.g.,
“Ridge”), which is often misled by semantic priors
or ambiguous local features. In contrast, after ob-
taining the initial visual cues, HiPerson recalibrates
and verifies the local observation within the global
context through semantic association, thereby pro-
ducing a more reliable answer (e.g., “Ross”). For
some other fine-grained examples, both LLaVA and
HiPerson perform well, as the underlying attention
mechanism already provides sufficiently discrimi-
native visual features. Despite this, HiPerson still
has cases of failure. In the example “What is the
building number?”, neither HiPerson nor LLaVA
provided the correct answer. HiPerson’s response
of “1931”, while closer to the numerical form, is
still incorrect. This case suggests that when the
target details are highly ambiguous or blend with
the background, relying solely on attention-based
localization and cropping may still be insufficient
for completely reliable recognition.
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Question: What is the cross Question: What isle can be found Question: What letter is on the

street? to the right? sticker's hardhat?
LLaVA: Ridge. LLaVA: Couto mic. LLaVA: None.
HiPerson: Ross. HiPerson: Cotu mic. HiPerson: T.

Queston el Yo 06 ™S Quetion Is thetextuhiter  QussTions Whet ind of computer
LLaVA: 1886. N LLaVA: Dell.

HiPerson: 1889. Hifepsori: Yes: HiPerson: Acer.

Question: What team does this Question: What is the title of the Question: How many milliliters

player play for? book at the bottom? does this hold?
LLaVA: Detroit. LLaVA: The idiot. LLaVA: 750.
HiPerson: Detroit. HiPerson: The idiot. HiPerson: 750.

P
oo
é\‘

Question: What is the building Question: What is the number on

Question: What is the beginning?

number? . the last player in blue?
LLaVA: 10. bL.SVA' E,"g' g LLaVA: 27.
HiPerson: 1931. erson end. HiPerson: 3.

Correct Answer: Every day.

Correct Answer: 197. Correct Answer: 19.

Figure 13: Comparison results of the fine-grained visual question answering task with LLaVA-7B.
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