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Abstract. High-resolution (HR) image perception remains a key chal-
lenge in multimodal large language models (MLLMs), as fine-grained
details are often lost when the image is processed as a whole. Existing
methods either require training to teach models where to look or heuris-
tically divide the image into fixed regions, both of which struggle to
generalize in complex HR scenes. In this work, we propose Hierarchical
Entity Exploration (HEE), a training-free and model-agnostic framework
that transforms static image understanding into dynamic, query-guided
entity exploration. HEE first evaluates each region using a dual scoring
mechanism to determine whether it already contains sufficient evidence
to answer the question. If not, it applies object detection within the
most promising region to extract fine-grained entities, clusters them into
coherent subregions, and organizes them into a multi-level semantic hi-
erarchy for deeper exploration. When deeper regions still fail to yield
confident answers, a confidence-guided backtracking mechanism revisits
alternative paths to ensure adaptive perception. Extensive results show
that HEE outperforms training-free methods like ZoomEye and RAP
in both accuracy and efficiency on two complex HR benchmarks (Visual
Probe and HR-Bench), across different MLLMs such as Qwen2.5-VL and
LLaVA-OneVision. Moreover, HEE demonstrates generalization on the
MME-RealWorld benchmark.
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1 Introduction

Current MLLMs [1,31126},27133|)36./46] operate under a fixed input resolution (e.g.,
448 x 448), a design choice that simplifies computation but compromises the fi-
delity of high-resolution (HR) images. When HR inputs are uniformly resized,
geometric deformation and fine-detail loss inevitably occur, leading to notice-
able performance drops in tasks that rely on precise visual cues, such as visual
grounding and OCR, where subtle structures are essential [15,34}35,47.(61].

To enhance the model’s perception of image details, existing methods often
adopt a “locate-then-zoom-in" strategy. Training-based paradigms (e.g., super-
vised fine-tuning [41] and reinforcement learning [13,/62}/63]) explicitly teach
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models to focus on key regions by introducing visual tool-use abilities and cor-
responding training data. A representative method is DeepEyes [63], which de-
fines a zoom-in tool and optimizes its usage through end-to-end reinforcement
learning. During inference, the model actively selects and enlarges task-relevant
regions via the visual tool to progressively focus on fine-grained information
in high-resolution images. However, such training-based paradigms suffer from
critical drawbacks [55}[58|, including high costs, lengthy training, and a lack of
cross-architecture transferability, which severely limits their practical deploy-
ment.

Apart from studies that enhance perception through tool-augmented train-
ing, another line of research explores training-free approaches that rely on heuris-
tic exploration to progressively locate task-relevant regions in high-resolution
images [21}142,/59]. Within this paradigm, the core distinction lies in how visual
input is effectively explored. ZoomEye [42] adopts uniform spatial partition-
ing (Fig. a)) and recursively selects sub-regions with higher vision—language
relevance for deeper exploration, but such grid-based division often fragments
semantically coherent entities and scatters critical visual cues. RAP [49] pro-
cesses the image differently. Specifically, it employs fixed-scale (e.g., 224/336
pixels) patch partitioning followed by scoring and top-k selection over the entire
image (Fig. b)), and then reconstructs query-relevant crops according to their
spatial positions into a coherent view for reasoning. Although these methods
differ in search strategies, with ZoomEye performing recursive tree search with
backtracking and RAP performing one-shot multi-crop retrieval with spatial lay-
out reconstruction, they share the same fundamental limitation: the partitioning
boundaries are purely geometric and entirely agnostic to object boundaries. This
leads to two problems: (1) Entity fragmentation, where objects straddling par-
tition boundaries are split into incomplete pieces, leaving no single candidate
that contains the full target information (as also evidenced by the case study
in [49]); and (2) Background interference, where each geometrically defined re-
gion inevitably includes task-irrelevant background content. In both cases, the
core operation is to crop a sub-region and resize it as input to the model.

To quantify the impact of background interference, we conduct a hierarchical
decoupling analysis (Fig. d)) A natural hypothesis is that cropping works by
resizing the target region to a more suitable input resolution, enabling the model
to perceive finer details. However, our background masking experiment chal-
lenges this assumption: without any cropping, simply removing background pix-
els progressively yields a monotonic accuracy increase across all models (Fig. d,
top); e.g., Qwen2.5-VL-7TB: 56%—63%; InternVL2.5-8B: 65%—70%). The zoom-
in experiment further corroborates this finding (Fig. [I{d, bottom)): contracting
the view toward the GT area improves accuracy, while expanding the canvas with
zero-semantic white pixels degrades performance. Together, these results reveal
a key insight: the primary gain of cropping comes from background removal,
not target refinement. This directly explains the bottleneck of geometry-based
partitioning: regardless of how sophisticated the search strategy is, as long as the
partitioning is agnostic to object boundaries, the selected regions inevitably con-
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Fig. 1: Illustration of two common approaches (i.e., ZoomEye, and RAP) for handling
high-resolution (HR) images, alongside our HEE. The right subfigures show our hierar-
chical decoupling analysis, including the background masking and zoom-in experiment.

tain background content that harms reasoning. Our conclusions are consistent
with , further validating the necessity of entity-aware visual perception.
Guided by these findings, we propose Hierarchical Entity Exploration (HEE),
a training-free and model-agnostic framework for high-resolution visual percep-
tion. Unlike geometry-driven partitioning, HEE adopts entity-driven semantic
decomposition (Fig. [[[c)): a frozen object detector discovers object-level entities
at each level, so that the search space is organized around complete visual ob-
jects rather than being sliced by arbitrary geometric boundaries. This directly
addresses both problems: detector-produced bounding boxes are naturally cen-
tered on complete objects, avoiding entity fragmentation while achieving a higher
foreground ratio than geometric patches. Specifically, HEE first evaluates each
visual region via a dual scoring mechanism to determine whether sufficient evi-
dence exists to answer the question. If not, HEE selects the highest-scored region
and applies a frozen object detector to extract object-level entities, which are
then clustered and merged into semantically coherent sub-nodes forming the
next-level search space. This process repeats recursively, with the foreground
ratio progressively increasing at each level. When an exploration path fails to
yield a confident answer, a backtracking mechanism returns to higher levels to
explore new regions, preventing irrecoverable misses due to single-path errors.
HEE achieves significant performance gains across multiple high-resolution
benchmarks and model families. On Visual Probe, it improves Qwen2.5-VL-7B
from 39.1% to 67.4% on the Easy split and from 23.9% to 50.0% on the Hard
split; on HR-Bench, it lifts overall accuracy from 66.5% to 73.9% on 4K and from
62.1% to 71.1% on 8K. On the MME-RealWorld benchmark, HEE brings consis-
tent improvements across five diverse tasks (e.g., +7.5% on Monitoring, +7.2%
on Remote Sensing), confirming its robustness in real-world visual conditions.
Compared with existing training-free methods such as RAP and ZoomEye, HEE
consistently achieves higher accuracy and less computational overhead. These
results highlight the potential of HEE as a general, and practical solution for
high-resolution visual perception. Our contributions can be summarized as:
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e We identify via controlled decoupling experiments that background interfer-
ence is an important factor limiting geometry-based partitioning. Motivated by
this, we propose Hierarchical Entity Exploration (HEE), a training-free and
model-agnostic framework that replaces geometric partitioning with entity-
driven semantic decomposition.

e HEE introduces entity-based node partitioning, a dual scoring mechanism,
and confidence-guided backtracking to enable dynamic, fine-grained visual
exploration organized around complete visual objects rather than arbitrary
geometric regions.

e HEE consistently outperforms strong baselines and state-of-the-art training-
free methods (i.e., RAP, ZoomEye) across multiple open source MLLMs (e.g.,
Qwen2.5-VL, LLaVA-OneVision) and diverse high-resolution benchmarks (Vi-
sual Probe, HR-Bench, and MME-RealWorld).

2 Related Work

Modern MLLMs typically consist of a pretrained visual encoder [5}10}14L[17.[28]
38|, a frozen language model [2,[9}43,|44}/53/56], and a lightweight multimodal
connector [8,22}23,|37,/39,/45,50]. To match the resolution used in pretraining
(e.g., 336 x 336 in LLaVA [28]), input images are usually resized, which can
blur or distort fine details in HR settings. Existing solutions to this challenge
mainly fall into three categories: 1) cropping-based, 2) encoder-based, and 3)
search-based methods.

Cropping-Based. These approaches [20,25,27] divide HR images into multiple
crops, which are encoded independently via ViT [10] and fed into the LLM.
While easy to implement, they lack global coherence and incur high inference
costs as resolution grows.

Encoder-Based. Another line improves HR perception by upgrading the vi-
sual backbone. Works like LLaVA-HR [32|, ConvLLaVA [11], HD-SAM [16] and
MiniGemini-HD [24] adopt ConvNeXt [30] with higher input sizes or attention
refinements. Deepseek-VL [31] and Vary [51] further incorporate segmentation
priors such as SAM |[18|. These methods improve resolution handling but typi-
cally require retraining or architecture changes.

Search-Based Methods. To efficiently process high-resolution images, some
methods adopt a top-down search paradigm that iteratively narrows the visual
scope based on task relevance. DC? |48] maintains a visual memory of objects
and locations to retrieve relevant crops and reduce detail loss. ZoomEye [42]
applies recursive zoom-in over uniformly partitioned grids to locate informative
subregions. SEAL [52] integrates reasoning and retrieval in a unified structure to
capture essential visual content. RAP [49] employs fixed-scale patch partitioning
followed by scoring and top-k selection, then reconstructs a compact view for
inference. Unlike these methods, our approach performs entity-driven, multi-level
exploration with relevance scoring and confidence-guided backtracking, enabling
more reliable high-resolution perception.
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Fig. 2: Overview of the HEE framework. HEE consists of four key components: (1)
a dual scoring mechanism that assesses evidence sufficiency by integrating semantic
similarity and model confidence; (2) entity-based node partitioning, where detected
entities are clustered and merged into semantically coherent sub-regions; (3) a hierar-
chical exploration strategy that recursively expands the most relevant region; and (4)
confidence-guided backtracking, which revisits new nodes when the active branch fails.

3 Method

As illustrated in Fig. [2] Hierarchical Entity Exploration (HEE) is a training-
free and model-agnostic framework for high-resolution visual perception. Unlike
previous approaches based on uniformly divided regions, HEE formulates per-
ception as an entity-centric hierarchical tree search. At each level, the model
first evaluates whether the current visual scope contains sufficient information
to answer the question using a dual scoring mechanism that combines semantic
similarity and model confidence. If not, the node with the highest score is se-
lected for deeper exploration. For the selected node (or the initial global image),
HEE invokes a frozen object detector to extract object-level semantic entities.
These entities are then clustered, merged into coherent regions, and partitioned
into semantically consistent sub-nodes, which form the next-level search space.
This recursive process proceeds adaptively until the model reaches the finest
level, where individual entities are directly evaluated. If the current exploration
path fails to yield a confident prediction, a backtracking mechanism restores the
previous level for alternative exploration, enabling stable, human-like progressive
perception without retraining or architectural modification.

3.1 Entity-Based Node Partitioning

After obtaining the selected node or the initial global image, HEE aims to decom-
pose the current visual region into a set of semantically coherent and spatially
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complete sub-nodes, thereby constructing the search space for the next level.
Given a region Z1!) at level I, a frozen detector D (implemented with DINO-X
[40]) is applied to extract object-level semantic entities:

0 =D(T") = {1 M)

i Ji=1»

where each entity egl) is represented by its bounding box, category label, and

semantic embedding. These detected entities serve as the fundamental visual
units for subsequent semantic aggregation and region partitioning. To generate
a structured set of candidate nodes for the next-level search, HEE performs
K-Means clustering in the semantic embedding space:

¢ = KMeans(EW) = {C;(cl)}kK:h (2)

where each cluster C,El) groups semantically similar or spatially adjacent entities
into a coherent conceptual region. For each cluster, the bounding boxes of its
member entities are merged into a tight enclosing region:

r,(fl) = Merge(C’,(cl)), (3)

resulting in a set of explicitly detected semantic areas denoted as Rélnti; =
{r,(cl) le. To ensure complete spatial coverage of the scene, HEE also includes the
portions of the image that are not covered by any detected entity as independent

residual regions:

K
RUHD  — MaskDiff <I(l), U r,(j>> 7 (4)

residual
k=1

where MaskDiff(-) denotes the pixel-wise difference between the current region
mask and the union of all detected entity regions. Finally, the next-level node
set is obtained by combining the entity-based and residual regions:
R = RELD U Ricdinar (5)
Each node in R4+ preserves both visual and semantic features and acts
as a potential branch in the hierarchical exploration tree. Through this process,
HEE maintains semantic consistency while ensuring full spatial coverage, trans-
forming unstructured visual inputs into an organized set of semantic nodes. The
resulting node set R(*Y provides the structural foundation for the subsequent
dual scoring stage, which evaluates task relevance and determines whether fur-
ther recursive exploration is required.

3.2 Dual Scoring Mechanism

To assess the relevance between the current visual region and the question, HEE
adopts a dual scoring mechanism that jointly considers semantic similarity and
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task relevance. This mechanism combines the semantic alignment capability of
a frozen vision-language matching model (e.g., CLIP) with the reasoning confi-
dence of the target VLM, providing a complementary measure of visual-question
consistency.

For each candidate region r (a cluster region C,(Cl) or an entity el(.l) at the final
level), two scores are computed:

s (r) = S(g,r),  sM(r) = M(r,q), (6)

where S(q,r) denotes the semantic similarity between the question ¢ and region
r, and M(r,q) is the VLM’s confidence that r provides sufficient evidence to
answer ¢. The final score is the weighted sum of the two:

S(r) = As"M(r) 4+ (1 — A) s*(r). (7)
The region with the highest score:
r* = arg max S(r), (8)

is selected for further exploration, while a high S(r) value at the current level
indicates that the question can already be answered without deeper search. If
all regions fall below a confidence threshold 7, HEE initiates backtracking to
re-examine alternative candidates from the previous level.

3.3 Adaptive Recursive Exploration

Building upon the dual scoring results, HEE performs adaptive recursive explo-
ration to progressively refine its visual focus. Given the scored region set R(+1)
the model first determines whether the current level provides sufficient confidence
to answer the question. If the highest score max, S(r) exceeds the threshold 7,
the exploration terminates, and the corresponding region is used for answer gen-
eration. Otherwise, HEE selects the most relevant region r* = arg max, S(r) and
applies entity-based partitioning to this region for deeper exploration.

At each level, all candidate regions are scored to preserve a global ranking of
task relevance, but only the top-ranked region is expanded into finer sub-nodes,
while other regions remain as alternative candidates for potential backtracking.
This process continues until one of the following stopping conditions is met: (i)
the confidence score surpasses 7 = 0.5; (ii) the number of detected entities falls
below the minimum threshold 7 (e.g., only one or two entities remain); or (iii)
the maximum recursion depth is reached.

If none of these conditions are met and the current region still lacks sufficient
evidence, the system triggers a backtracking step that returns to the previous
level and re-evaluates sub-optimal nodes. Through this adaptive search and ver-
ification loop, HEE dynamically balances depth and precision. This allows the
model to zoom from coarse regions to fine-grained entities while maintaining
semantic completeness and stable decision consistency across levels.
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3.4 Confidence-Guided Backtracking

When the recursive exploration reaches the final layer and no candidate entity
achieves sufficient confidence, HEE activates a confidence-guided backtracking
procedure to revisit alternative search paths. This mechanism prevents the model
from committing to unreliable local decisions and ensures stable reasoning under
uncertain visual conditions.

Specifically, after the final-level scoring, if all entities {e;} yield scores below
the confidence threshold 7, i.e.,

max S(e;) <, 9)

the system returns to the previous level and re-examines the next-best candidate
region (e.g., Top-2, Top-3, etc.) based on the stored global ranking from that
level. The selected region is then expanded again using entity-based partitioning
and re-evaluated through the dual scoring mechanism. This backtracking process
continues iteratively until a valid region surpasses the confidence threshold or all
candidates are exhausted. This backtracking mechanism introduces an adaptive
verification loop into the hierarchical search, allowing HEE to recover from low-
confidence paths and maintain semantic consistency across levels.

4 Experiments

4.1 Evaluation Setup

We evaluate HEE on two high-resolution benchmarks. HR-Bench [48| includes
8K-resolution images for fine-grained perception, covering single-instance (FSP)
and cross-instance (FCP) tasks, with a cropped 4K variant also provided. To
further assess robustness, we use the Visual Probe Dataset (VisualProbe) |19],
a challenging visual search benchmark containing 4,000 training and 500 testing
samples. VisualProbe features 4K-resolution images with small targets, dense
distractors, and trial-and-error queries, and is divided into easy, medium, and
hard subsets to reflect varying levels of semantic complexity and visual ambi-
guity. To evaluate real-world utility, we include MME-RealWorld [60], a large-
scale benchmark with 13,366 high-resolution images and 29,429 human-verified
QA pairs across 43 tasks. It poses substantial challenges with expert-annotated
questions, diverse domains (e.g., OCR, remote sensing), and image resolutions
up to 5000x5000.

HEE is implemented on top of three recent open-source vision-language
models: Qwen2.5-VL-7B [4], InternVL2.5-8B [6], and LLaVA-OneVision-7B |20],
without any retraining or architectural modifications. These models serve as our
base systems to validate the effectiveness and generality of our HEE.

4.2 Implementation Details

All experiments are conducted on an NVIDIA H20 GPU with 80GB memory. We
set the number of entity clusters to 4 and fix the confidence threshold 7 to 0.5.
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Table 1: Comparison of HEE applied to several advanced MLLMs against existing
methods on Visual Probe, HR-Bench 4K, and HR-Bench 8K.

Visual Probe |19] HR-Bench 4K [48] HR-Bench 8K [48]
Easy = Medium  Hard FSpP FCP  Overall FSp FCP  Overall
Open-source MLLMs

- - 49.0 46.8 47.9 37.3 44.3 40.8
- - 61.3 46.0 53.6 49.5 44.3 46.9
- - 57.8 46.3 52.0 42.0 41.3 41.6

Method

LLaVA-v1.6-7B [27]
LLaVA-HR-X-13B [32]
LLaVA-HR-X-7B [32]

Yi-VL-34B [54] - - 46.0 42.8 44.4 39.5 38.5 39.0
Closed-source MLLMs
GPT-4o |12] 47.5 11.2 15.4 70.0 48.0 59.0 62.0 49.0 55.5
Qwen-VL-Max |3] 17.7 6.7 2.8 65.0 52.0 58.5 54.0 51.0 52.5
Baseline and HEE
Qwen2.5-VL-7B |4 39.1 26.0 23.9 81.5 51.5 66.5 73.3 51.0 62.1
-w/ HEE 67.4 47.0 50.0 92.3 55.5 73.9 88.5 53.8 71.1
A1) +-28.3 21.0 26.1 +10.8 4.0 7.4 +15.2 2.8 9.0
InternVL2.5-8B |6] 49.6 19.4 17.0 76.8 56.5 66.6 59.5 50.0 54.8
-w/ HEE 60.3 42.2 41.5 85.0 59.8 72.4 81.8 51.3 66.5
A1) +10.7 22.8 24.5 8.2 3.3 +5.8 }22.3 +1.3 11.7
LLaVA-ov-7B |20] 36.2 12.5 13.4 75.3 54.0 64.6 66.5 48.0 57.3
-w/ HEE 61.0 36.9 38.6 88.0 55.0 71.5 83.5 52.3 67.9
A1) -24.8 24.4 25.2 +12.7 1.0 6.9 +17.0 4.3 10.6

Table 2: Performance comparison on the MME-RealWorld 60| across five task cat-
egories: OCR, Remote Sensing, Diagram/Table Understanding, Monitoring, and Au-
tonomous Driving. HEE consistently improves Qwen2.5-VL-7B across all dimensions.

Method OCR  Remote Sensing  Diagram/Table  Monitoring  Autonomous Driving Avg.
Qwen2.5-VL-7B |4] 84.60 39.22 77.97 38.52 28.83 59.99
-w/ HEE 87.98 46.39 79.81 46.02 31.42 63.38
A(T) 3.38 +7.17 1.84 7.50 2.59 +3.39

The maximum number of exploration steps Tmax i set to 50 unless otherwise
noted. We use DINO-X [40] as the default object detector and adopt SigLIP
for computing vision-text similarity. To ensure fair comparison with RAP, we
use the same textual prompts, and set the model temperature as 0 to eliminate
randomness during generation. More details are provided in the Appendix.

4.3 Main Results

Generalization across Model Families. Table [I| presents the high-resolution
perception results across three representative MLLM families. On the Visual
Probe benchmark, HEE brings consistent improvements across all model fami-
lies: Qwen2.5-VL-7B gains +28.3%, +21.0%, and +26.1% on the Easy, Medium,
and Hard subsets; InternVL2.5-8B gains +10.7%, +22.8%, and +24.5%; LLaVA-
OneVision-7B gains +24.8%, +24.4%, and +25.2%. These results show that the
entity-centric hierarchical exploration in HEE effectively enhances fine-grained
perception across diverse model families by progressively focusing on task-relevant
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Table 3: Comparison of RAP, ZoomEye, and HEE on Visual Probe (Easy, Medium,
Hard), HR-Bench 4K, and HR-Bench 8K. Qwen refers to the Qwen2.5-VL-7B model.
LLaVA refers to the LLaVA-OneVision-7B model.

. Ik _ - |
Model Method Visual Probe |19] HR-Bench 4K [48] HR-Bench 8K [48]
Easy Medium Hard FSP FCP Overall FSP FCP  Overall

o RAP [49] 52.5 31.7 34.0 90.8 515 71.1 85.5  53.3 69.4
2 ZoomEye [42|  55.3 35.5 415 878  55.0 71.4 83.5 523 67.9
<2 HEE (Ours) 67.4 47.0 50.0 92.3 55.5 73.9 88.5 53.8 71.1
< RAP [49| 56.7 32.1 31.1 84.5 45.3 64.9 82.5 38.0 60.3
?@ ZoomEye [42] 61.0 31.3 31.1 84.5 54.8 69.6 82.3 51.2 66.8
j HEE (Ours) 61.0 36.9 38.6 88.0 55.0 71.5 83.5 523 67.9

regions, capturing subtle visual cues in complex high-resolution scenes, and con-
firming its architecture-agnostic design and generalization capability.
Results on Different Datasets. Table [1| also reports results on two high-
resolution benchmarks: HR-Bench and Visual Probe. HR-Bench includes both
4K and 8K variants with fine-grained single-instance (FSP) and cross-instance
(FCP) perception. Across both settings, HEE consistently improves all base mod-
els, achieving +5.8%—7.4% on 4K and +9.0%-11.7% on 8K (e.g., Qwen2.5-VL-
7B gains +7.4% on 4K and +9.0% on 8K). On Visual Probe, a high-resolution
benchmark focusing on open-ended VQA, the gains are even larger, showing that
HEE is robust across varying resolutions and perception tasks.
Results on Real-World Scenarios. We further evaluate HEE on the MME-
RealWorld [60], which covers five real-world categories: OCR, Remote Sensing,
Diagram & Table Understanding, Monitoring, and Autonomous Driving. Ta-
ble [2 reports the results and we can find: (i) In scenarios with high demands
for fine-grained perception (e.g., Remote Sensing and Monitoring), HEE brings
large gains, demonstrating its ability to capture fine-grained details in complex
scenes. (ii) In other categories such as Autonomous Driving, HEE still achieves
improvements, showing task generalization across diverse real-world conditions.
Comparison with Existing Meth-
ods. We also benchmark HEE against Table 4: Efficiency comparison of RAP,
several recent high-resolution test- ZcomEye, and HEE on HR-Bench-4K using
time methods, including RAP [49], Qwen2.5-VL-7B. “Throughout” denotfes the
number of samples processed per minute,

and ZoomEye [42]. As shown in Ta- “Time” denotes the overall inference time.

ble |3} HEE consistently achieves the

. Method Throughoutt Time| Ace. (%)
highest overall accuracy across all
g RAP |49 1.6 126min 71.1
benchmarks and model families. Com- Zoomye [17] 43 A6min 714
pared to RAP and ZoomEye, which HEE (Ours) 8.3 24min 73.9

rely on geometric partitioning, HEE
exhibits more stable cross-resolution performance, highlighting the advantage of
its hierarchical, entity-driven exploration.

Furthermore, to validate the practical efficiency of our method, we compare
HEE with representative state-of-the-art high-resolution methods on HR-Bench-
4K using Qwen2.5-VL-7B under the same experimental setup and hardware
environment. As shown in Table[d] HEE achieves the best accuracy (73.9%) while
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requiring the least total inference time (24 minutes), outperforming RAP (71.1%,
126 minutes) and ZoomEye (71.4%, 46 minutes). The efficiency gain primarily
comes from HEE’s hierarchical entity selection, which avoids exhaustive region
expansion and focuses computation only on semantically relevant areas. This
demonstrates that our structured, entity-centric exploration not only enhances
visual precision but also significantly reduces redundant computation, making
HEE both effective and practically deployable for high-resolution visual tasks.

4.4 Ablation Studies

Unless otherwise specified, we use Qwen2.5-VL-7B as the default setting for
experiments on the Visual Probe, including the Easy, Medium, and Hard subsets.

Effects of different components Table 5: Ablation study of HEE on the Vi-

ij HEE Table [o] reports the COI"  sual Probe benchmark. Removing any com-
tribution of each core component in ponent leads to a clear drop in accuracy.

HEE on the Visual Probe benchmark.
Removing the entity exploration mod-
ule and replacing it with uniform /o Entity Exploration 617 44.7  37.7
grid partitioning (w/o Entity Explo- /¢ Backtracking 603 448 415
ration) leads to performance drops of =~ HEE (Ours) 67.3 47.0 50.0
5.6%, 2.3%, and 12.3% on the Easy,
Medium, and Hard subsets, respectively. This suggests that uniform partitioning
fails to capture the semantic organization of the image, while the entity-centric
exploration provides a more structured representation that enables the model to
focus precisely on task-relevant regions. Removing the confidence-guided back-
tracking module (w/0 Backtracking) results in moderate decreases of 7.0%, 2.2%,
and 5.2%, indicating that backtracking helps prevent error accumulation and
allows recovery from low-confidence exploration paths. Overall, these results
demonstrate that entity exploration, and backtracking play complementary roles
in structured perception, and dynamic correction, jointly contributing to the ro-
bustness of HEE in high-resolution visual perception.
Distribution of Interaction Steps.
Fig. reports the distribution of
exploration steps required to reach
the final decision across the Easy,
Medium, and Hard splits of Visual
Probe. All three splits exhibit a clear
unimodal pattern, with the major-
ity of queries terminating within 8-
5 1o 15 20 25 30 15 steps. The Easy and Medium splits
Step

display nearly identical distributions,
both peaking around 10 steps, indi-
cating that HEE identifies the correct
entity clusters with minimal search
depth. The Hard split shows a slightly
right-shifted peak and a heavier tail, reflecting increased ambiguity and smaller

Setting Easy Medium Hard

Proportion (%)

Fig. 3: Distribution of interaction steps in
HEE. We plot the step distribution on the
Easy, Medium, and Hard splits of Visual
Probe using Qwen2.5-VL-7B.
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Table 6: Comparison of MLLM performance Table 7: Ablation study of the scor-
with different clustered-entity numbers on Vi- ing formulation in Eq. (7) on Visual

sual Probe benchmark. Probe using Qwen2.5-VL-7B.
Model #E.‘Hard Medium Easy‘Avg‘ S.  Setting ‘Hard Medium Easy‘Average
Qwen2.5-VL-7B — [23.9 260 39.1] 207  w/oS(gr) [434 459 645| 513
w/o M(r,q)|21.7 429 56.0| 40.2
w/ HEE - 1405 459 60.3| 48.9
w/ HEE 2 (425 455 61.7| 499 A=02 415 44.8 65.9] 50.7
w/ HEE 4 |50.0 47.0 67.3| 547 A=07 46.2 46.6 66.7| 53.2
w/ HEE 8 [37.7 451 62.4| 484  y—05 ‘50,0 47.0 67.3‘ 54.7

visual targets in these examples. Even so, more than 60% of hard cases con-
verge within 15 steps. Overall, these results demonstrate that the hierarchical
entity decomposition effectively suppresses irrelevant branches and avoids ex-
haustive search, enabling HEE to locate task-relevant regions efficiently even in
high-resolution, cluttered scenes.

Effect of Clustered-Entity Number. Table [6] analyzes the effect of different
clustered-entity numbers on Visual Probe using Qwen2.5-VL-7B. Performance
improves steadily as the number of clusters increases from 2 to 4, reaching 67.3%,
47.0%, and 50.0% on the Easy, Medium, and Hard subsets, respectively. This
trend shows that a moderate number of entities helps the model capture diverse
yet compact semantic regions, facilitating more reliable hierarchical exploration.
When the number increases to 8, the performance drops notably, indicating
that excessive partitioning produces fragmented representations and redundant
search paths that hinder reasoning. These results reveal that the number of
entities plays a role in balancing semantic diversity and exploration efficiency.

Table 8: Analysis of detector coverage ver- Effect of the Dual Scoring Mech-

sus answer correctness. Results are based on anism. Table.m StUdieS. the impact f)f
Qwen2.5-VL-7B evaluated on Visual Probe. the dual scoring function defined in

ool Eq. (7). Removing the semantic sim-
esult Correct Wrong ilarity term S(q,r) or VLM’s confi-
Detection

dence term M (r, q) causes a clear per-
63.83% 24.82% formance drop, with the latter show-
3.55%  7.80% ing a stronger effect (40.2% vs. 51.3%
on average). This suggests that both
components contribute complementary cues: S(g,r) captures semantic relevance
between the question and visual region, while M (r, q) reflects model-level confi-
dence in visual-language alignment. Varying the balance factor A further reveals
stable performance within a moderate range (0.2~0.7), and the best results are
achieved at A = 0.5. These findings confirm that the proposed dual scoring mech-
anism effectively integrates semantic and confidence signals, providing a more
reliable measure of task relevance during hierarchical exploration. Besides, re-
moving SiglLIP S(¢,r) and relying solely on the VLM’s confidence still yields a

Detected
Not Detected




Hierarchical Entity Exploration 13

| Query: What color are the
| shoes of the person carrying a
| white shoulder bag?

| Query: What is the number
| after serial number 9000317 |

| rAP Our HEE

‘[ rap Our HEE
900047 x e shoulder bag

1| appear to be black. X

N2 : =¥ N\ :

Retrieval Results' Entity Search Results ! | Retrieval Results| Entity Search Results !
inswer: . ! || answer: 1 n: :
number following e number after serial : | oo = e person -
31" appears to b % | 1| person carrying a == te shoulder H
" ] i | whit ]

Fig. 4: Comparison with RAP on fine-grained HR visual reasoning. Left: RAP retrieves
irrelevant patches and predicts an incorrect serial number; HEE isolates the correct
entity. Right: RAP misidentifies shoe color from background-dominant crops; HEE
localizes the correct person via the shoulder-bag cue.

51.3 average score, suggesting that region-question relevance is primarily cap-
tured by the model itself and its confidence is reliable.

Effect of the Detection Failures. Table [§] categorizes Qwen2.5-VL-7B’s pre-
dictions on Visual Probe by whether the detector covers the answer-relevant
region. Most correct predictions (63.83%) coincide with successful detection,
while 3.55% remain correct without it, showing HEE can exploit contextual
cues when localization fails. Notably, 24.82% of errors occur despite correct de-
tection, indicating reasoning, not detection, is the dominant bottleneck. Overall,
HEE benefits from accurate detection but is not strictly dependent on it.
Effect of Detection and CLIP

Encoders. Table [0 examines the Table 9: Ablation of different detection mod-

els and CLIP encoders on Visual Probe using
Qwen2.5-VL-7B.

influence of different detection
models and visual-text alignment

encoders on the Visual Probe Det. Model CLIP Model Hard Medium Easy
benchmark. Replacing the detec-  piNo-x CLIP 453 452 624

50.0 47.0 67.4
415 455 589
415 470 624

tor from DINO-X to YOLO- DINO-X SigLIP m
World leads to a consistent YOLO—World CLIP
performance drop across all sub-  YOLO-World SigLIP
sets, indicating that accurate en-
tity localization is crucial for reliable hierarchical exploration. Comparing
CLIP and SigL.IP , the latter provides steady improvements under both
detectors (e.g., +4.7% on average with DINO-X ), suggesting that stronger
visual-language alignment benefits the scoring of fine-grained regions. Overall,
the results highlight that high-quality detection and semantically aligned CLIP
encoders are both essential to maximize HEE’s performance in high-resolution
visual perception. Furthermore, when we remove SigLIP and replace DINO-X
with detection outputs generated directly by the VLM itself, HEE still achieves
competitive results (61.0/44.4/45.3 on Easy/Medium/Hard), showing that our
HEE remains effective without any external detection or alignment modules.

Case Study. We present qualitative comparisons in Figs. @] Against RAP,
HEE avoids retrieval noise from incomplete or irrelevant patches by progres-
sively narrowing the search through entity-based partitioning, correctly identi-
fying fine-grained targets (e.g., container IDs, shoe colors) that RAP misses.
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| Query: What is the color of the

| flag flying on the top of the - -
| boat? —

| ~

|| ZoomEye Our HEE

Search Results Entity Search Results

V| Answer:
V| Black, yellow and
1| green
x

|
C T

Yellow, blue and red

Query: What are the numbers
after the text | "UR\"?"

Our HEE

Entity Search Results
Answar:
The numbers after the

text \"UR\" are | "38301".",

Fig. 5: Comparison with ZoomEye on challenging HR scenarios. Left: ZoomEye zooms
into incomplete flag regions and predicts incorrect colors; HEE isolates the full flag
entity. Right: ZoomEye is distracted by bright signage and misreads the text; HEE
locates the license plate entity and extracts the correct suffix.

| Query: What animal is on the
| left side of the badge in the

i Query: Is the person to

i the left of the white car o
| parked by the roadside a

| man ora woman?

| center of the building?
Our HEE Our HEE
Entity Search Results Ground Entity Search Results
Ground Truth: Answer:
K - Answer: Truth: Rl 77e image does not provide
A The animal on the left side “aman " mﬁ'ﬁ""" tuD“M

of the badge in the center
of the building is an emu

Stop 4 Score: 0382 White car parked by the 5 Step 48 Score: 0528
rosdside

Fig. 6: Failure cases of HEE. Left: HEE correctly locates the emblem region but mis-
classifies the kangaroo as an emu due to subtle visual similarities. Right: HEE passes
through the correct region but drifts to a hallucinated high-confidence area, producing
an incorrect answer.

Against ZoomEye, HEE isolates complete semantic units (e.g., flags, license
plates) rather than zooming into fragmented regions dominated by background,
yielding accurate answers in cluttered scenes. We also analyze two failure modes
(Fig. @: (i) correct localization but incorrect fine-grained recognition, where
subtle visual differences (e.g., metallic sculptures) remain ambiguous even after
precise decomposition, and (ii) confidence misalignment, where the model visits
the correct region but drifts toward a hallucinated high-confidence area.

5 Conclusion

We propose Hierarchical Entity Exploration (HEE), a training-free and model-
agnostic framework for high-resolution visual perception. Unlike previous meth-
ods based on geometric partitioning, HEE performs entity-centered dynamic ex-
ploration through recursive selection, dual scoring, and confidence-guided back-
tracking. Experiments on Visual Probe, HR-Bench, and MME-RealWorld show
consistent and significant gains across diverse multimodal model families. Abla-
tion studies confirm that entity exploration, dual scoring, and backtracking are
essential for achieving fine-grained perception and stable reasoning. Moreover,
HEE achieves these improvements with low computational overhead, demon-
strating an efficient solution for high-resolution scenarios.
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