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Can internal attention patterns in Large Vision Language Models (LVLMs) identify reliable small-object
boxes without fine-tuning? In this work, we provide an affirmative answer. Attention structure in LVLMs
encodes grounding quality—a lightweight IoU regressor trained solely on attention maps achieves strong
IoU prediction (Pearson r> 0.67). This regressor powers the regressor-based variant of our Attention-
based Candidate Selection (ACS) framework, called ACS-Learned, which selects the best box from
multiple sampled candidates to improve object grounding. By analyzing what the regressor learns, we
reveal which transformer layers and heads are most critical and derive ACS-Free: a training-free selector
that ranks candidates by attention entropy on these discriminative heads, with no learned component at
inference. Experiments on COCO and Objects365 demonstrate up to 19% self-improvement on small
object localization, with ACS-Free ranking best among all training-free methods, demonstrating that useful
attention structure improves both localization reliability and interpretability in LVLMs.

1. Introduction

Large Vision Language Models (LVLMs) [2, 4, 10, 21, 34] have shown remarkable capabilities in vision-
language joint reasoning. Recently, researchers explored using LVLMs for direct object localization
of bounding box coordinates [11, 41] without specialized detection heads (e.g., Qwen2.5-VL [2] and
InternVL-3.5 [34]). This capability is crucial for autonomous navigation, robotics, AR, and visual
assistance.

Despite the notable progress, we found that SOTA LVLMs struggle with grounding small objects: as
illustrated in Figure 1, they achieve strong performance on large objects but not on small objects. This
is particularly concerning for safety-critical deployment, where small objects such as distant pedestrians
are common.

To improve general localization performance, prior works [13, 28, 41, 42] use additional fine-tuning,
external localization modules, or heuristic decoding strategies, yet they require substantial computational
resources or architectural modifications. Instead, we ask the following fundamental and intriguing
question:

Can internal representations identify reliable small-object boxes without fine-tuning LVLMs?

In this work, we provide an affirmative answer. We propose a novel framework that leverages the intrinsic
attention patterns of LVLMs to estimate bounding box quality and select the best localization output from
multiple sampled responses, with a focus on small objects. Our key insight is that the spatial attention
structures across layers and heads correlate strongly with grounding quality.

To validate this idea, we introduce our Attention-based Candidate Selection (ACS) framework. First,
we perform multi-response sampling to collect a set of candidate bounding boxes and their associated
attention maps. Then, we train a lightweight IoU regressor to predict bounding box quality directly from
attention patterns, demonstrating that attention alone carries sufficient signal for quality estimation. The
regressor serves dual purposes: (1) as the regressor-based selector ACS-Learned that directly scores each
candidate; and (2) as an analytical tool—through gradient attribution and entropy analysis of the trained
regressor, we identify which layers and heads are most critical for localization and discover that specific
attention heads exhibit strong entropy-loU correlations. This finding enables ACS-Free, a training-free
variant that selects boxes purely from entropy patterns in those discriminative heads, eliminating the need
for any learned component at inference.
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Figure 1: Performance comparison between large and small object grounding in Qwen2.5-VL. The
significant performance gap highlights the challenge of small object detection. Our self-improvement
framework helps LVLMs to find small targets.

ACS requires no modification, fine-tuning, or auxiliary supervision to LVLMs, apart from a small
regression module used for analyzing attention patterns and selecting high-quality candidates. This
design achieves self-improvement and allows our method to be applied to different LVLMs, serving as a
plug-and-play enhancement to those models.

Our main contributions are:

1) Discovery. We identify a strong connection between internal attention patterns of LVLMs and
grounding quality: attention structure encodes whether a predicted small-object box is reliable.

2) Validation and exploitation. A lightweight IoU regressor trained on attention maps confirms this with
high correlation, and ACS-Learned uses it directly for candidate selection, achieving consistent gains
across different LVLMs and datasets.

3) Interpretability and distillation. Gradient and entropy analysis of the regressor reveals which
transformer heads matter for localization. ACS-Free operationalizes this as a parameter-free entropy rule,
achieving the best performance among all training-free baselines.

4) Results and insights. Our framework achieves up to 19% self-improvement on small object localization
without LVLM fine-tuning or external detectors. The localization-critical layers we identify provide
interpretable insight into how LVLMs process spatial information in grounding objects.

2. Related Works

Object localization/grounding with VLMs. Vision Language Models have demonstrated strong ability in
general visual understanding tasks. In localization-related tasks, VLMs are commonly used for reference
grounding [4, 17, 41, 42]. Segmentation is also related to localization [13, 14]. Reasoning-based approach
has been proposed to further enhance the visual understanding performance of VLMs [24, 28]. To improve
localization performance of VLLMs, prior work [11, 14, 20, 22, 27] mainly uses external models such
as SAM [12] or object detectors [45]. In this work, we study LVLMs such as Qwen2.5-VL [2] and



InternVL-3.5 [34] that can directly output bounding box coordinates, and improve this ability without
external models or finetuning.

Attention in LLMs. Recent work [3, 44] shows that attention mechanisms are key to understanding
how LLMs process and ground information from image tokens [5, 36]. Building on this insight, many
studies [11, 20, 37] further exploit the structure of attention patterns, using attention maps as effective
localization priors and feeding them into lightweight localizers [12] for downstream prediction. Zhang et
al. [43] use cross-modal attention to crop question-relevant regions, notably improving zero-shot VQA
on small details. In this work, we reveal new insights into attention patterns and their connection to
localization quality in LVLMs.

Inference-time sampling. Test-time scaling is a powerful training-free strategy for improving model
performance. Early work shows that sampling multiple responses and aggregating them improves
accuracy [35], with self-consistency [35] using majority voting over diverse reasoning paths. Subsequent
extensions explore weighted voting [16], confidence-based selection [38], and minimum Bayes risk
decoding [33]. Recent advances in compute allocation [1, 32] demonstrate that strategic sampling can
rival larger models, with Best-of-N sampling [8, 18] and tree-search methods [15, 23, 40] achieving
strong gains in math reasoning. In vision-language settings, diverse sampling benefits visual chain-of-
thought prompting [6] and fine-grained reasoning [29]. However, its use in object localization remains
underexplored. Token-level vocabulary entropy has been explored as a proxy for model confidence [38],
but it captures a fundamentally different signal from spatial attention patterns used in our work.

3. Preliminary

Object grounding with LVLMs. Given an image I € R”*W*3 and a text query ¢ for object localization,
LVLMs predict a bounding box of the queried object, represented as b = [z1, y1, T2, y2] when the object
is present in the image. For challenging small objects, the boxes are inaccurate.

Inference-time sampling for localization. One way to improve localization is to generate multi-
ple responses [7, 23, 40]. As the number of responses increases, the chance that at least one box
is good also increases. We can generate diverse boxes through temperature-controlled sampling:
R = {ri,re,...,vn} ~ prvms (+|I, ¢, 7), where there are N responses and 7 is the temperature.
Each response r; generates M; bounding boxes, forming a candidate set B = {by, by, ...,br} where
T = Zf\; 1 M;. The key challenge in inference-time sampling is to select the best bounding box from
B. The bottleneck is not generating candidates but knowing which one is reliable—and we show that
internal attention patterns are the key.

4. Methodology

4.1 Overview

To select high-quality bounding boxes from the candidate set 3, we exploit the fact that coordinates are
generated through autoregressive decoding where the LVLM attends to visual regions. These attention
patterns of visual regions should reflect the model’s spatial understanding, distinguishing good predictions
from bad ones. However, which specific attention characteristics are most informative for grounding
quality, and whether they can be used without a learned model, remains unclear.

We address this through a three-stage investigation, formalized as the Attention-based Candidate
Selection (ACS) framework (Figure 2). Stage 1: we train a lightweight IoU regressor on attention maps
to test the hypothesis that attention encodes localization quality (§4.2); we deploy this regressor directly
as ACS-Learned. Stage 2: we analyze the trained regressor via gradient attribution and entropy analysis
to discover which layers and heads drive localization quality (§4.3). Stage 3: we distill this understanding
into ACS-Free, a training-free variant that ranks candidates by entropy on the identified discriminative
heads, requiring no learned component at inference (§4.4).
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Figure 2: Our pipeline follows a discovery arc in three stages: (1) training a lightweight IoU regressor
on attention maps to test the hypothesis that attention encodes localization quality and deploying as
ACS-Learned; (2) analyzing the trained regressor via gradient attribution and entropy analysis to identify
localization-critical layers and discriminative heads; and (3) distilling this understanding into ACS-Free,
a training-free selector that ranks candidates by attention entropy on the identified heads, requiring no
learned component at inference.

4.2 Attention-IoU Regressor & ACS-Learned

To identify which attention patterns correlate with localization quality, we directly train a lightweight
Attention-IoU Regressor fg : A — Y that predicts IoU scores from attention patterns A, where Y € [0, 1]
denotes the Intersection over Union (IoU) between prediction and ground truth.

Attention extraction. For each candidate bounding box b; € B, we extract their attention maps from
all layers and heads. Specifically, we consider an LVLM with L layers and K attention heads per layer.
When generating each coordinate token ¢ € {1, y1, 2, Y2}, we extract the attention weights over vision
tokens: .Agl]h) € RH>Wv where | € [1, L] is the layer index, h € [1, K] is the head index, and (H,,, W,,)
are the spatial dimensions of the vision token grid. We aggregate attention across all layers and heads
for each coordinate: A, ; = [A((:’ljfl), ASJ’.Z), ce A((:’Lj’K)] € REXKXH,
Aj = {Am,j’ Ay, g Aay ) Ay27j}'

Regressor training. The IoU regressor fy predicts IoU scores through a neural network parameterized by
6: 9; = fo(A;) € [0, 1]. Given a training dataset D of (bounding box, IoU) pairs collected from LVLM
inference, we train fy with the mean squared error:

*Wv The representation for bj is:

N .1 .
0" = argmin > i —9)* ()
(bjy;)€D

Under the MSE loss, the optimal predictor learns the conditional expectation fy(A) ~ E[Y|A].

MSE training also has a principled information-theoretic justification [9]. The mutual information
I(fo(A);Y) = H(Y)—H(Y|fs(A)) quantifies how much uncertainty about IoU is reduced by observing
the regressor’s predictions. When we model the regression error as Gaussian noise, i.e., Y = fg(A) + ¢

with e ~ AN(0,0?), the conditional entropy becomes H(Y|fs(A)) = 3log(2mes?), where 0% =

4
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Figure 3: Attention maps across important layers for Qwen2.5-VL (first row) and InternVL-3.5 (second
row). The first column shows the original images with bounding boxes, followed by attention visualiza-
tions from five different layers.

E[(Y — Y)?] is precisely the MSE (detailed derivation in Appendix B). Since H(Y) is constant for
a given dataset, minimizing MSE is equivalent to minimizing H (Y |fg(A)) as well as maximizing
I(fg(A);Y). This result shows that the IoU regressor not only predicts IoU accurately, but also preserves
localization-relevant information contained in attention patterns.

Inference with ACS-Learned. At inference time, the trained regressor is a natural solution for bounding
box selection. Given the candidate set B, we apply the IoU regressor to predict the IoU score for
each candidate based on its attention patterns. We refer to this regressor-based inference strategy as
ACS-Learned: b* = arg maxy,es fo(A;). It ranks all candidates by their predicted IoUs and selects the
one with the highest estimated quality.

4.3 Discovering Localization-Critical Patterns

While ACS-Learned is effective for object grounding, it requires the learned model during inference.
To remove this dependency, we analyze what the trained IoU regressor has learned and translate those
findings into training-free selection rules. Our analysis proceeds in two steps. First, we identify the
transformer layers that contribute most to localization prediction through gradient attribution. Second, we
examine the attention characteristics within these layers that correlate with localization to obtain usable
quantities for ACS-Free (§4.4).

Table 1: Top-10 localization-critical layers.

Model ‘ Layer Index

Qwen2.5-VL-7B
InternVL-3.5-8B

14,15, 16, 17, 18, 19, 20, 21, 24, 25
17, 18, 19, 20, 21, 22, 23, 24, 26, 35

Localization-critical layers. To assess the contribution of different layers to localization-related signals,
we analyze gradients from the trained IoU regressor [25, 31, 39]. Specifically, for each layer [ and head h
in an LVLM, we compute the importance score for coordinate ¢ € {1, y1, 2, y2}:

oL A
Ic(l,h) — max MSE(JZ?(h) ),Y) 2)
" aAc,%,j
The per-coordinate layer importance Lgl) = % Z}If:l I(gl’h) captures which layers most affect loU

predictions.
The top-10 important layers for both Qwen2.5-VL-7B and InternVL-3.5-8B are reported in Table 1.
For Qwen2.5-VL, layers 14-21 contribute the most, which we identify as localization-critical layers



A . This finding is confirmed by attention visualizations in Figure 3: layers 16-18 focus precisely on
target objects, while earlier layers (< 12) show dispersed patterns, suggesting a global-to-object transition
(more in Appendix C).

The concentration of gradient magnitudes in layers 14-21 indicates that mutual information 7 (A;Y") is
predominantly captured by these layers. In other words, if A denotes attention from these critical layers,
then I(Agi; YY) =~ I(A;Y). This naturally leads to a hypothesis: within localization-critical layers,
accurate bounding boxes correspond to concentrated (low-entropy) attention, while poor predictions yield
diffuse (high-entropy) attention.

Discovering the entropy-IoU correlation. To test the Y1 Coordinate - Attention Entropy Evolution
hypothesis that attention concentration reflects localiza- —e— High loU (>0.6)
tion quality, we examine how attention spatial entropy :'5 3 SR Ray A TR
within the localization-critical layers correlates with ~ §5 o] / /
IoU scores. Specifically, we compute the entropy of £ 5 \ / ¢
attention maps for bounding boxes of varying quality 54-5’ / \% /
and compare their distributions. The entropy of an = 0 >
attention map measures its spatial concentration: 1

H, W, 14 15 16 L ;;er In:}; y 19 20 21

H(A) ==Y puylogpu, 3)
u=1v=1 Figure 4: Attention entropy in localization-

critical layers. High-IoU predictions have lower

where puy = Auo/ >y, Al normalizes the atten- entropy than low/zero-IoU predictions.

tion map into a probability distribution. We parti-
tion training samples into three groups based on IoU:
ghigh = {bj : IOU(bj) > Thigh},glow = {bj 0 < IOU(bj) < T]OW},gZem = {bj : IOU(bj) = 0},
where Tiow < Thigh are predefined thresholds. For each (layer [, head h) and each coordinate c, we

compute the per-head mean entropy across samples in IoU group g: FIc(,lg,h) = @ ijegg H <A£{’J-h) > ;

and aggregate to the layer level by averaging over the K heads of layer I: I:IC(Z; = % ZhK:1 ﬁg&h), which
is what Figure 4 visualizes across the three IoU groups: In localization-critical layers, high-loU samples
consistently exhibit lower entropy than low/zero-IoU samples, making entropy a strong discriminator
of localization accuracy in these layers. Not all heads within these layers contribute equally to this
separation. To identify which heads are most discriminative, we measure the entropy difference between
high- and low-IoU groups: AHc(l’h) =H C(lk?v)v - H (Elh?g)h Heads with large AHél’h) are selected as the key
indicators.

4.4 ACS-Free: Training-Free Distillation

Given the findings in §4.3, ACS-Free distills the knowledge learned by the IoU regressor into a parameter-
free rule based on spatial entropy ranking. Note that ACS-Free is not an independent method. Its
localization-critical attention head selection is derived from the regressor’s gradient and entropy analysis
and would not be discoverable without first training and analyzing the regressor.

For each coordinate ¢ € {z1, y1, z2, y2}, we first identify the n most discriminative heads:

D.=A{({,h)€eUU|(l,h)in Top-n(AHc(lvh))}’

where Y = {(I,h) : 1 <1< L,1 <h < K} denotes all layer-head pairs. During inference, ACS-Free
evaluates each candidate b; by computing its average entropy across D.:

Hohy)= 0 S 1 (A% )

Dl (1,h)E€D.

To combine information from all four coordinate tokens, ACS-Free converts entropy values into ranks.
For each coordinate c, we define r.(b;) = rank(H,.(b;)), where lower entropy receives better (smaller)

6



rank. The overall score is: R(b;) = 74, (b;) + ry, (bj) + r2,(b;) + 7y, (b;). Finally, ACS-Free selects
the candidate with the lowest overall rank: b* = arg ming, e R(b;). The detailed ranking procedure is
provided in Appendix E.

5. Experiments

5.1 Setup

Table 2: Object detection performance on COCO and Objects365 (single-object). We compare two vari-
ants of our Attention-based Candidate Selection (ACS) framework—ACS-Learned, the regressor-based
selector, and ACS-Free, the training-free variant derived from analyzing the regressor’s discriminative
heads—against greedy decoding and six sampling-based baselines that select from N=10 sampled re-
sponses. Best method per column in bold; best training-free method per column (excluding ACS-Learned)
is underlined.

| | Qwen2.5-VL-7B I InternVL-3.5-8B
Method COoCO Objects365 COCO Objects365
etho T |Acc@0.5 mIoU|Acc@0.5 mIoU ||Acc@0.5 mIoU|Acc@0.5 mloU
Greedy \ — \ 61.4 52.2 \ 43.0 36.9 H 49.1 42.9 \ 21.9 21.9
1.0 523 45.3 30.3 26.8 38.8 36.1 13.3 15.1
Pass@1 0.7 593 50.3 36.5 32.1 45.0 40.4 16.0 17.3

0.5] 596 509 39.9 34.6 471 41.9 19.8 19.8

1.0] 542 470 324 288 42.2 39.8 15.6 18.0
FirstValid 0.7] 60.3 51.2 38.1 335 48.8 44.1 18.3 20.4
0.5] 60.9 52.0 41.7 36.1 50.8 455 21.9 223

1.0| 51.7 438 320  28.1 39.1 37.2 11.9 14.7
TokEntropy |0.7| 559 472 | 353 305 47.1 43.1 15.3 17.8
0.5] 58.1 49.0 | 377 328 491 442 | 203 205

1.0] 56.0 485 324 30.0 50.2  45.0 18.6  20.5
MajVote 0.7 592 510 37.6 335 51.7 464 21.8 227
0.5] 604 516 394 346 53.8  46.8 232 234

1.0 327 32.1 14.1 15.2 36.7 353 10.2 14.1
MeanBBox |0.7| 454 415 229 227 41.8 39.0 14.2 17.2
0.5] 50.1 44.8 29.8 27.7 454 411 16.6 19.1

1.0 270 255 18.6 18.3 18.3 24.1 6.2 10.5
Smallest 0.7| 427 37.7 262 247 28.0 30.2 10.8 13.9
0.5| 493 427 32.1 29.5 343 34.2 13.6 16.6

1.0] 594 502 | 394 346 479 445 206 217
ACS-Free 0.7] 62.1 523 42,6  37.1 513 465 233 235
05| 634 535 | 430 379 531 474 | 248 244

1.0] 640 53.0| 415 365 55.0 483 219 225
ACS-Learned |0.7| 649 547 | 450  39.2 584 504 | 235 236
05| 653 552 | 451  39.1 58.6 506 | 255 249

Datasets and protocol. Our experiments focus on small objects (0.1%—1% of image area), evaluating on
2,225 instances each from MS COCO [19] (all qualifying cases in the validation set) and Objects365 [26].
For the multi-object setting, we evaluate 759 COCO cases with multiple target small objects. Cases with
no valid prediction are assigned IoU = 0.

LVLMs and sampling details. We evaluate on Qwen2.5-VL-7B and InternVL-3.5-8B. The IoU regressor
is trained on the COCO training split; evaluation uses held-out instances from both COCO and Objects365.
We generate training/validation data using a temperature of 7 = 1.0, and all analyses of attention layers
and heads are conducted on the validation subset. For inference, we sample N=10 responses using
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Figure 5: Qualitative comparison of localization. Yellow boxes denote the ground-truth bounding box,
and red boxes denote the predicted bounding box. Each column corresponds to a different object category.
Top: Greedy Decoding; Bottom: Ours.

7 € {0.5,0.7,1.0} with top-p = 0.9 and top-k = 100. Based on gradient analysis, we focus on layers
14-21 for Qwen2.5-VL and layers 17-26 for InternVL-3.5 as localization-critical layers. Our ACS-Free
uses n=3 discriminative attention heads per coordinate.

Attention extraction. LVLMs generates tokens in raw outputs. For each predicted box [z1, y1, Z2, Y2],
we locate the token for each coordinate and use these four attention maps as the input of fy. We collect
the attention assigned to the corresponding visual tokens of LVLMs during generation. More details are
in Appendix A.

Baselines. Since our approach performs self-improvement using only the LVLM’s internal representations
without retraining or external localization modules, we compare against baselines that similarly rely
on the model’s native outputs. We start with (1) Greedy Decoding (Greedy): standard deterministic
decoding without sampling. The remaining baselines all draw N sampled responses and differ in how
they pick a single output: (2) Pass@1 always returns response 1 with no validity check, capturing raw
single-sample quality; (3) FirstValid selects the first response containing a parseable bounding box; (4)
TokEntropy [30, 38] ranks responses by the summed vocabulary entropy of the four bbox coordinate
tokens and picks the lowest; (5) MajVote synthesizes a bounding box by per-coordinate majority vote
across candidates; (6) MeanBBox synthesizes a bounding box from the per-coordinate arithmetic mean;
(7) Smallest selects the smallest-area candidate, designed to verify that our entropy-based selection is not
simply favoring smaller boxes.

Metrics. For single-object localization, we report Acc@0.5 [11, 34] and Mean IoU (mloU). For the IoU
regressor, we report MAE and Pearson 7. For the multi-object setting, we evaluate Precision, Recall, and
F1.

5.2 Regressor Performance Table 3: IoU regression performance on

Table 3 reports IoU regressor performance. The strong COCO val.

correlation (Pearson r > 0.67 across all settings) val-

. . . } Qwen2.5-VL InternVL-3.5
}dat.es th‘at attention alone encodes a meaningful loc?al Temp |\ bearson | MAE Pearson
ization signal—a proof-of-concept before we examine o2
g . 05 |0.165 0.737 0.180 .
downstream localization gains. 07 10159 0751 |0178 0680
1.0 |0.148 0.780 |0.176 0.677




5.3 Self-Improved Localization Results

Table 2 presents results on COCO and Objects365. We discuss results in three parts.

ACS-Learned: attention-based selection works. ACS-Learned consistently outperforms all baselines
across configurations, confirming that the learned regressor captures a genuine localization-quality signal.
On COCO, ACS-Learned improves Acc@(.5 from 61.4% to 65.3% for Qwen2.5-VL (+6.35%) and from
49.1% to 58.6% for InternVL-3.5 (+19.35%) over Greedy decoding. On the more challenging Objects365,
ACS-Learned maintains stable improvements: +4.88% for Qwen2.5-VL and +16.44% for InternVL-3.5,
demonstrating robustness across diverse object types.

ACS-Free: best training-free method. ACS-Free, which distills the regressor’s gradient analysis into
a parameter-free entropy rule, has the strongest overall performance among all training-free methods,
producing the underlined best results in 7 out of 8 column comparisons. At 7=0.5, ACS-Free improves
Acc@0.5 over greedy by +3.26% for Qwen2.5-VL and +8.15% for InternVL-3.5 on COCO, demonstrating
that entropy on regressor-identified heads captures most of the localization-quality signal without any
learned component. The one exception—the weaker InternVL COCO Acc@0.5 at 7=0.5, where MajVote
slightly exceeds ACS-Free— reflects that performance gain is affected by the base performance of a
model.

TokEntropy: a negative result. TokEntropy, which ranks candidates by the summed vocabulary entropy
of bbox coordinate tokens, consistently underperforms even Pass@ 1 across most settings. This is a clear
negative result: token-level confidence does not capture spatial grounding quality. The signal that matters
for localization is not how uncertain the model is about which token to generate, but how its spatial
attention is organized—precisely the signal ACS-Free exploits.

Greedy vs. Sampling Trade-offs. While Greedy Decoding is simple, it often produces invalid or
unusable outputs such as “cannot see the target object” or incomplete bounding boxes. This problem is
particularly severe for InternVL, where greedy decoding fails to generate any valid bounding box for
many cases, leading to reduced localization accuracy. Temperature sampling increases the chance of
producing a valid box, which explains why FirstValid can outperform greedy decoding on InternVL, but
it remains suboptimal at higher temperatures without a principled attention-based selector.

5.4 Effect of Temperature and Sampling Size

Temperature and sampling size jointly control the diversity- Table 4: Performance saturation across
quality tradeoff. Lower temperatures (7 = 0.5) yield more different N (Qwen2.5-VL, COCO, 7 =
conservative and accurate boxes, while higher temperatures 1.0).

introduce more noisy candidates, causing FirstValid to de-

grade substantially (e.g., 60.9% to 54.2% Acc@(.5on COCO N | 3 5 10 15 20 30

for Qwen2.5-VL). As shown in Tables 4 and 5, increasing N Acc@05 | 612 625 64.0 634 63.1 63.0
quickly improves ACS-Learned, but performance saturates  mIoU 463 514 53.0 529 526 52.6

once N>9; even N=3-5 gives substantial gains across tem-
peratures. Thus, N=10 provides a strong balance between
candidate diversity, accuracy, and computational cost.

Table 5: Effect of sampling size N across temperatures on Qwen2.5-VL (COCO).

N 7=1.0 T=0.7 7=0.5
Acc@0.5 mloU | Acc@0.5 mloU | Acc@0.5 mloU
1 53.6 46.3 60.0 51.0 60.2 51.6
3 61.2 514 64.3 54.1 63.7 54.2
5 62.5 52.3 65.2 54.5 64.8 54.8
10 64.0 53.0 64.9 54.7 65.3 55.2




5.5 Multiple and Medium/Large Objects

ACS also works on images with multiple objects and Table 6: ACS for Qwen2.5-VL on COCO

medium/large objects settings. multi-object.

Multiple objects. Sampled bounding boxes are grouped

per image via IoU-based Union—Find clustering, and _Setting Prec. (%) Rec. (%) F1(%)
the candidate with the highest predicted IoU from each  Greedy (w/o NMS) 47.21 40.19 4342

cluster is selected (global best if no cluster forms). Ta- Greedy + NMS (0.5)  57.13 40.01  47.06
ble 6 shows Greedy decoding often produces many near- Greedy + NMS (0.8) 5629 4010 46.83

. ACS (7 = 0.5) 49.10 50.18 49.63
duplicate boxes that reduce recall; NMS suppresses re-  ocs (- = 0.7) 50.93 5013 50.53
dundancy and improves precision but cannot recover  ACS (r = 1.0) 50.22 47.09  48.60

recall. In contrast, ACS-Learned uses temperature-based
sampling to produce more diverse hypotheses, increasing recall at a modest cost to precision—a natural
precision—recall trade-off. Our method achieves the highest F1 score, showing that candidate selection is
an effective solution for multi-object localization.

Medium/Large objects. We further validate on medium/large objects (occupying > 5% of image
area, roughly with width and height both > 22%) using an equal number of cases as the small-object
setting. For Qwen2.5-VL, both Greedy and ACS-Learned reach 87% Acc@(.5—the model is already
near-optimal here, leaving little headroom for selection. For InternVL-3.5, ACS-Learned still improves
Acc@0.5 from 64% to 70%, showing the method can help even on larger objects when the base model
has weaker localization capability. Since LVLMs generally perform better on large than small objects, we
focus on the more challenging small-object setting, where attention-based selection has the most impact.

6. Conclusion

We discovered that internal attention structure in LVLMs encodes object grounding quality, validated
by an IoU regressor from attention maps alone. Building on this finding, our Attention-based Candidate
Selection (ACS) framework improves small-object localization through two variants: ACS-Learned,
which exploits the learned regressor signal, and ACS-Free, which distills it into a parameter-free entropy
rule for interpretable and deployment-friendly use. Both variants achieve substantial gains with only 3-5
samples and minimal overhead. Our findings also advance understanding of how LVLMs process spatial
reasoning.

7. Limitations

Our approach relies on internal attention maps and therefore requires white-box access to the LVLM.
Closed-API models such as GPT-4V or Gemini do not expose attention activations, and so ACS is not
directly applicable in those settings. This trade-off is inherent to attention-based methods and is what
enables our mechanistic analysis.

As a sampling-based method, ACS incurs additional inference cost relative to greedy decoding.
Performance saturates at 3—5 samples and the overhead is modest—attention is already computed during
the forward pass and the regressor is lightweight—but latency-sensitive deployments may still prefer
single-pass decoding.

The Attention-IoU Regressor in ACS-Learned is trained per LVLM and is not directly transferable
across architectures with different attention shapes. Training is lightweight (3.6—4.4M parameters;
minutes on a single GPU), and once a regressor is trained, the resulting head analysis enables ACS-Free,
which requires no learned component at inference.
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8. Ethical Considerations

Data and models. All experiments use public benchmarks (MS COCO [19] and Objects365 [26]) and
open-source LVLMs (Qwen2.5-VL and InternVL-3.5) under their respective licenses. No new data was
collected and no personally identifiable information is involved.

Intended use and misuse. Our method improves small-object localization in LVLMs and is intended
for benign applications such as assistive vision, robotics, and autonomous-driving safety. As with any
object-detection technique, the improved reliability could in principle be repurposed for surveillance; the
contribution is methodological and is not tailored toward such use cases.

Use of LLMs. Large language models were used for language polishing (grammar and phrasing) and
minor coding assistance (e.g., shell scripts, plotting). All research ideas, methodology, experimental
design, analyses, and claims are the authors’ own.
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A. Training Setup for the Attention-IoU Regressor

We focus on Qwen2.5-VL and InternVL-3.5 because both LVLMs possess strong object-localization
capabilities and, critically, can directly output bounding box coordinates in their responses. The training
data for the IoU regressor are constructed from 5,000 image-category pairs. For each pair, each LVLM
was queried with temperature 7 = 1.0 to produce 10 sampled responses, and all valid predicted bounding
boxes in these responses are collected. Each candidate box is paired with its four coordinate-specific
attention maps based on (x1, y1, 2, y2), extracted from all layers and heads of the underlying LVLM. For
a coordinate value such as [15, 240, 35, 460], we extract the attention maps by selecting the first token of
each coordinate. Concretely, for example, for a predicted box [15, 240, 35, 460], we take the first token
of each coordinate: the first coordinate uses the attention of token 1 in 15 for A, , the second coordinate
uses the attention of token 2 in 240 for A,,, the third uses token 3 in 35 for A,,, and the fourth uses
token 4 in 460 for A,,. Thus, although the coordinate value is 240, its associated attention map comes
from token 2.

The IoU regressor takes these attention maps as input and predicts the IoU between the candidate box
and the ground-truth box.

A.1 Model configuration

For Qwen2.5-VL, attention maps contain 28 layers with 28 heads per layer, while InternVL-3.5 pro-
vides 36 layers and 32 heads. Each coordinate branch uses a CNN encoder with hidden dimensions
{64,128, 256} and dropout rate 0.3, followed by a fusion MLP of dimension 256. A sigmoid activation
constrains the output to [0, 1].

A.2 Optimization

All IoU regressors are trained with Adam as the optimizer, a learning rate of 3e-4, a weight decay of
le-4, and a batch size of 64. Training runs for up to 100 epochs, using MSE loss and cosine learning-rate
scheduling. Early stopping is applied with patience 15 and minimum improvement 0.001.
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A.3 Attention extraction

For Qwen2.5-VL, attention maps are computed over all image tokens produced by the vision encoder,
and all heads are stacked along the channel dimension; the maps are then reshaped to a spatial size of
24 x 24. For InternVL-3.5, we compute attention over the last 256 vision tokens, because these tokens
correspond to the model’s thumbnail representation; all heads are similarly stacked as channels, while the
native 16 x 16 resolution is preserved.

A.4 Model Architecture and Computational Efficiency

The detailed architecture and computational cost of the regressor are summarized in Tables 7-10. Specifi-
cally, Tables 7 and 8 present the layer-wise structure and parameter statistics for the regressor trained on
Qwen2.5-VL attention features, while Tables 9 and 10 provide the corresponding details for InternVL-3.5.

Despite having 3.6M and 4.4M parameters of the regressors for Qwen2.5-VL and InternVL-3.5
respectively, regressor inference is highly efficient: processing 2,225 test cases takes only 5—6 minutes
on a single A6000 GPU, which is negligible compared to the LVLM’s own inference time. This
efficiency makes the IoU regressor a practical and scalable solution for real-time bounding box selection
in production environments.

Table 7: Layer Summary of the Attention-IoU Regressor trained on Qwen2.5-VL attention maps.

Layer (type:depth-idx) Output Shape Param #

Attention-IoU Regressor [1, 1] -
CoordinateAttentionCNN Branch (repeated 4x):
Conv2d: 1-1 [1,64,24,24] 451,648
BatchNorm2d: 1-2 [1, 64, 24, 24] 128
ReLU: 1-3 [1, 64, 24, 24] -
MaxPool2d: 1-4 [1,64,12,12] -
Conv2d: 1-5 [1,128,12,12] 73,856
BatchNorm2d: 1-6 [1, 128, 12, 12] 256
ReLU: 1-7 [1, 128, 12, 12] -
MaxPool2d: 1-8 [1, 128, 6, 6] -
Conv2d: 1-9 [1, 256, 6, 6] 295,168
BatchNorm2d: 1-10 [1, 256, 6, 6] 512
ReLU: 1-11 [1, 256, 6, 6] -
AdaptiveAvgPool2d: 1-12 [1,256,1, 1] -
Linear: 1-13 [1, 128] 32,896
Fusion MLP:

Linear: 2-1 [1, 256] 131,328
BatchNorm1d: 2-2 [1, 256] 512
ReLU: 2-3 [1, 256] -
Linear: 2-4 [1, 128] 32,896
ReLU: 2-5 [1, 128] -
Linear: 2-6 [1,1] 129
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Table 8: Parameters and Memory Usage of the Attention-IoU Regressor trained on Qwen2.5-VL
attention maps.

Description Value
Total parameters 3,582,721
Trainable parameters 3,582,721
Non-trainable parameters 0
Total mult-adds (G) 1.13
Input size (MB) 7.23
Forward/backward pass size (MB) 4.14
Params size (MB) 14.33
Estimated total size (MB) 25.69

Table 9: Layer Summary of the Attention-IoU Regressor trained on InternVL-3.5 attention maps.

Layer (type:depth-idx) Output Shape Param #

Attention-IoU Regressor

(1, 1]

CoordinateAttentionCNN Branch (4x identical branches):

Conv2d: 1-1 [1, 64, 16, 16] 663,616
BatchNorm2d: 1-2 [1, 64, 16, 16] 128
ReLU: 1-3 [1, 64, 16, 16] -
Dropout2d: 1-4 [1, 64, 16, 16] -
MaxPool2d: 1-5 [1, 64, 8, 8] -
Conv2d: 1-6 [1, 128, 8, 8] 73,856
BatchNorm2d: 1-7 [1, 128, 8, 8] 256
ReLU: 1-8 [1, 128, 8, 8] -
Dropout2d: 1-9 [1, 128, 8, 8] -
MaxPool2d: 1-10 [1, 128, 4, 4] -
Conv2d: 1-11 [1, 256, 4, 4] 295,168
BatchNorm2d: 1-12 [1, 256, 4, 4] 512
ReLU: 1-13 [1, 256, 4, 4] -
AdaptiveAvgPool2d: 1-14 [1,256,1, 1] -
Flatten: 1-15 [1, 256] -
Dropout: 1-16 [1, 256] -
Linear: 1-17 [1, 128] 32,896
Fusion MLP:

Linear: 2-1 [1,256] 131,328
ReLU: 2-2 [1,256] -
BatchNorm1d: 2-3 [1, 256] 512
Dropout: 2-4 [1, 256] -
Linear: 2-5 [1, 128] 32,896
ReLU: 2-6 [1, 128] -
Dropout: 2-7 [1, 128] -
Linear: 2-8 [1, 1] 129
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Table 10: Parameters and Memory Usage of the Attention-IoU Regressor trained on InternVL-3.5
attention maps.

Description Value
Total parameters 4,430,593
Trainable parameters 4,430,593
Non-trainable parameters 0
Total mult-adds (M) 717.64
Input size (MB) 4.72
Forward/backward pass size (MB) 1.84
Params size (MB) 17.72
Estimated total size (MB) 24.29
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B. Differential Entropy of a Gaussian Random Variable

This section supplements the result used in Section 3.2 of the main paper by providing the full derivation
of the conditional Gaussian entropy.
We derive the standard result used in the main text:

1
H(Y | fo(A)) = ; log(2mea?)
under the standard regression noise model where
Y | fo(A) =z~ N(z,0%).

That is, the conditional distribution of Y given the prediction z = fy(A) is Gaussian with mean z and

variance o2.

Derivation. By definition, the conditional differential entropy is
H(Y|2) =~ [ ply|2) logay] 2)dy,

where Z = fo(A). IfY | Z = z ~ N(z,02), then

_ 1 (y —2)°
Py 2) = 7= exp(— 502 )

logp(y | z) = —3 log(2ma?) — ~“———
Substituting into the entropy integral:
H(Y|Z=2)=~ [ ply]2) logply | 2)dy
— /p(y | 2) [% log(27702) + %} dy
= 1log(2m0%) + 5i2 /p(y | 2)(y — 2)°dy.

Because [p(y | z)dy = 1and [p(y | 2)(y — 2)*dy = 02,

H(Y | Z = z) = Llog(2n0?) + 1 = L log(2mec?).
Since the expression does not depend on z, the conditional entropy is

H(Y | Z) = Llog(2mec?).

C. Complete Attention Map Visualizations

Below we provide the complete attention map visualizations of Qwen2.5-VL and InternVL-3.5 corre-
sponding to Figure 3 in the main paper. These figures show all layers and coordinate-specific attention
maps used in our analysis.
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Figure 6: Qwen2.5-VL attention visualization for object localization (Part 1). Early layers exhibit
diffuse and globally distributed attention, while mid-to-late layers progressively focus on the target
object for both (a) 21 and (b) y; coordinate prediction. These coordinate-specific attention maps serve
as the input to the regressor for estimating the IoU of each candidate bounding box. For each layer, the
visualization represents the attention map averaged across all heads. This example is randomly selected,
and other samples exhibit similar patterns.
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Figure 7: Qwen2.5-VL attention visualization for object localization (Part 2). Early layers exhibit
diffuse and globally distributed attention, while mid-to-late layers progressively focus on the target
object for both (a) x2 and (b) y2 coordinate prediction. These coordinate-specific attention maps serve
as the input to the regressor for estimating the IoU of each candidate bounding box. For each layer, the
visualization represents the attention map averaged across all heads. This example is randomly selected,
and other samples exhibit similar patterns.
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Figure 8: InternVL-3.5 attention visualization for object localization (Part 1). Early layers show
diffuse and broadly distributed attention, while mid-to-late layers gradually focus on the target object for
both (a) x1 and (b) y; coordinate prediction. These coordinate-specific attention maps serve as the input
to the regressor for estimating the IoU of each candidate bounding box. For each layer, the visualization
represents the attention map averaged across all heads. This example is randomly selected, and other
samples exhibit similar patterns.

22



X2 - All 36 Layers (Head-Averaged)

Orlglnal
L7

L8 L3 Lo L11 L1z 113

o
123
131
“

(a) x2 coordinate prediction.

Y2 - All 36 Layers (Head-Averaged)

OrI%Inal

L7 |
-

L1s
-
| 123
-

131
-

]
&
&
E
o
&
&
c
&
]
]
c
&

(b) y2 coordinate prediction.

Figure 9: InternVL-3.5 attention visualization for object localization (Part 2). Early layers show
diffuse and broadly distributed attention, while mid-to-late layers gradually focus on the target object for
both (a) x2 and (b) y2 coordinate prediction. These coordinate-specific attention maps serve as the input
to the regressor for estimating the IoU of each candidate bounding box. For each layer, the visualization
represents the attention map averaged across all heads. This example is randomly selected, and other
samples exhibit similar patterns.
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D. Prompt for Object Localization

To ensure a fair comparison across models, both Qwen2.5-VL and InternVL-3.5 are prompted using the
same instruction shown below. With this prompt, the LVLLM produces responses that follow the example
format and include bounding boxes in a consistent, structured output.

Prompt for Localization

Detect all instances of {object_name} in the image:
Your task is to detect any {object_name} objects that are visible in the image.

For each detected object, provide:
The bounding box coordinates [x1, y1, x2, y2]

Output format (as a JSON array):
L
{"bbox_2d": [x1, y1, x2, y2], "label”: "{object_name}"},
{"bbox_2d": [x1, y1, x2, y2], "label”: "{object_name}"}
]

Important: Focus on any {object_name} that might be present in the image,
especially those that are still visible and NOT masked out.

Example output:
L
{"bbox_2d": [200, 150, 280, 220], "label”: "{object_name}"},
{"bbox_2d": [350, 180, 420, 270], "label”: "{object_name}"}
]

E. Rank-based Entropy Selection

In the main paper, we describe ACS-Free using rank-based aggregation to select bounding boxes. Here
we clarify the ranking procedure. Given a candidate set B = {b1, b, ..., br} of T bounding boxes for
an image, we first compute the average entropy H.(b;) for each coordinate ¢ € {z1,y1, x2, y2} across
the discriminative attention heads D,.. Then, for each coordinate independently, we rank all candidates
based on their entropy values in ascending order (lower entropy receives better rank), yielding coordinate-
wise ranks 7.(b;) € {1,2,...,T}. The total rank sum R(b;) = ry, (bj) + 7y, (bj) + 725 (bj) + 7y, (b5)
aggregates the quality across all four coordinates. Finally, we select the bounding box with the minimum
rank sum: b* = arg miny, e R(b;). This rank-based approach is more robust than directly using mean
entropy values, as it is invariant to entropy scale differences across coordinates and ensures balanced
contribution from all four coordinate predictions.
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F. Entropy Analysis in Localization-Critical Layers

Figure 10 presents the full version of Figure 4 in the main text, providing a comprehensive visualization
of our localization-critical layer analysis, including the entropy patterns of attention maps for all four
coordinate tokens. The figure shows that in the layers identified by the IoU regressor, high-IoU predictions
exhibit clearly lower entropy than low- or zero-IoU cases, indicating stronger and more focused attention.
This consistent separation confirms that these layers contain the dominant localization signal. The
visualization also highlights which layers provide the most discriminative patterns, motivating the design
of ACS-Free, the training-free variant of our framework that uses entropy on these discriminative heads
for bounding box selection.

Implementation detail of ACS-Free. For ACS-Free, we construct D, as the index set of the top-3
most discriminative heads for the attention map of coordinate c; during inference, the attention maps
from these heads are used to compute the coordinate-wise entropy H.(b;) for ranking candidate boxes.
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Figure 10: Important layers analysis across the attention maps of four bounding box coordinates.

G. Additional Qualitative Results

Figures 11 to 15 provide additional qualitative localization results that complement Figure 5 in the main
paper. Each panel corresponds to a different object category. For each case, the top image shows the
prediction from Greedy decoding and the bottom image shows the result from our method, following the
same visualization protocol as the main text: yellow boxes denote ground-truth bounding boxes and red
boxes denote predicted bounding boxes, with the IoU value annotated in the corner.
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Figure 11: Additional qualitative comparisons on COCO using Qwen2.5-VL. Each case shows Greedy
(top) and Ours (bottom).
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Figure 12: Additional qualitative comparisons on COCO using Qwen2.5-VL. Each case shows Greedy
(top) and Ours (bottom).
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Figure 13: Additional qualitative comparisons on COCO using InternVL3.5. Each case shows Greedy

(top) and Ours (bottom).
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Figure 14: Additional qualitative comparisons on COCO using InternVL3.5. Each case shows Greedy

(top) and Ours (bottom).
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Extractor

Figure 15: Additional qualitative comparisons on the Objects365 dataset using Qwen2.5-VL. Each case
shows Greedy (top) and Ours (bottom).
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