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Abstract

Image retrieval in crowded scenes is particularly challeng-
ing due to the salience bias of conventional visual encoders,
which tend to focus on dominant objects while neglecting
low-attention regions that are often crucial for fine-grained
retrieval. We propose LARE (Low-Attention Region Encod-
ing), a framework that explicitly models these overlooked
regions. LARE adopts a dual-encoding strategy that en-
codes low-attention regions of an image and the full im-
age in parallel, leading to more diverse and informative im-
age embeddings. To evaluate image retrieval performance
in challenging crowded scenes, we introduce Dense-Set,
a challenging subset derived from COCO and Flickr30K.
In this subset, images are re-captioned to provide richer
descriptions of low-attention or previously overlooked re-
gions. This dataset highlights the limitations of existing
retrieval models and enables a more rigorous evaluation
under densely crowded scene conditions. Experimental re-
sults demonstrate that the proposed framework improves re-
trieval performance by preserving subtle, non-dominant vi-
sual cues within the shared latent space.

1. Introduction

Text-to-image retrieval retrieves images from large collec-
tions that best match a natural-language query. This capa-
bility is central to many real-world applications, including
multimedia search engines, content recommendation sys-
tems, digital asset management, and large-scale visual in-
dexing for web platforms. More broadly, cross-modal re-
trieval enables intuitive natural-language interaction with
visual data and has become a key component in modern
multimodal Al systems. [3, 7, 8, 10, 12, 15, 16, 18, 22].
Recent advances in large-scale vision—language pretrain-
ing have significantly improved cross-modal retrieval by
learning shared embedding spaces in which images and
text can be compared directly. Contrastive models such
as CLIP [18] and ALIGN [10] learn aligned visual and
textual representations using massive image—text datasets,
enabling strong zero-shot transfer across many tasks with-
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Figure 1. Fine-grained retrieval in dense scenes. For the query
“a person near a stroller in a crowded street”, LARE retrieves re-
sults that preserve the stroller-related local cue, while CLIP tends
to favor globally similar crowded scenes. Green checks indicate
relevant matches; red crosses indicate mismatches.

out task-specific training. In these models, an image en-
coder and a text encoder project inputs from each modal-
ity into a common embedding space, and retrieval is per-
formed by ranking the similarity between their representa-
tions. This paradigm has become the dominant approach
for cross-modal retrieval and underlies many modern mul-
timodal systems [5, 9-11, 13, 18, 24].

Despite their success, current vision-language encoders
mainly rely on a global image embedding that summarizes
the entire image into a single representation. Although ef-
fective for many queries, this representation often empha-
sizes the most visually salient objects or scene context while
underrepresenting smaller or less prominent elements. As a
result, retrieval models may overlook visually relevant cues
that occupy only a small portion of the image. This limita-
tion is particularly evident in dense scenes with many ob-
jects, where correct retrieval may depend on attributes or
objects that are not dominant in the global representation.
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Previous work has shown that vision-language models can
struggle to localize fine-grained visual evidence and often
prioritize coarse scene semantics over detailed object-level
information [21].

In this work, we address this limitation by recovering
information from image regions that receive little attention
in the global representation. Our key observation is that
transformer-based vision encoders implicitly encode spatial
attention signals that reveal which regions contribute less
to the final embedding. Rather than relying solely on the
global representation, we exploit these signals to identify
under-attended regions that may contain discriminative vi-
sual cues relevant to the query.

We propose Low-Attention Region Encoding (LARE),
a training-free framework that augments standard dual-
encoder retrieval models with region-level evidence. Given
an input image, LARE extracts low-attention regions from
the encoder’s attention maps and re-encodes them to com-
plement the global image embedding. During retrieval, the
similarity between the text query and both global and re-
gional representations is evaluated using a confidence-gated
scoring mechanism.

To evaluate retrieval under challenging conditions, we
introduce Dense-Set, a curated subset of COCO [14] and
Flickr30K [23] that emphasizes crowded scenes and rare
objects. The dataset contains images with many detected
objects and at least one rare object instance, along with
re-captioned descriptions that highlight these underrepre-
sented elements.

Experiments show that LARE consistently improves re-
trieval performance in dense scenes while preserving the
ranking behavior of the original encoder on standard bench-
marks, without requiring additional training, parameters, or
architectural modifications.

Our contributions can be summarized as follows:

* We propose LARE, a training-free retrieval framework
that augments global image embeddings with region-level
representations extracted from low-attention areas.

¢ We introduce Dense-Set, a curated benchmark designed
to evaluate retrieval performance in crowded scenes con-
taining rare or visually subordinate objects.

* We conduct extensive experiments and ablation stud-
ies demonstrating consistent improvements on dense re-
trieval benchmarks across multiple backbone encoders
while preserving performance on standard datasets.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 introduces the Dense-
Set and its construction pipeline. Section 4 presents the pro-
posed LARE retrieval framework. Section 5 reports exper-
imental results and analysis on both standard benchmarks
and Dense-Set. Finally, Section 6 concludes the paper.

2. Related Work

This work is related to research on text-to-image retrieval
using vision—language models, methods for fine-grained
image—text alignment, and approaches to retrieval in dense,
visually complex scenes.

2.1. Text-to-Image Retrieval

Text-to-image retrieval aims to retrieve images that match
a natural language query, and it is a fundamental task in
vision—language understanding [5, 9-11, 13, 18, 24]. Early
approaches learned joint embedding spaces using convo-
lutional neural networks for visual encoding and recur-
rent networks for text representation [6, 19]. More re-
cently, large-scale vision—language pretraining has signifi-
cantly improved retrieval performance by leveraging mas-
sive collections of image—text pairs [13, 18, 25].

Dual-encoder architectures have become the dominant
paradigm for this task. Models such as CLIP and ALIGN
learn aligned image and text representations using con-
trastive learning over large-scale datasets, enabling strong
zero-shot retrieval performance across multiple bench-
marks [10, 18]. In these models, the image and text en-
coders independently project each modality into a shared
embedding space, allowing efficient similarity computation
and scalable retrieval. Subsequent works have further im-
proved representation quality and training efficiency. For
example, BLIP introduces bootstrapped caption generation
to enhance multimodal representation learning [13], while
SigLIP replaces the traditional softmax contrastive loss with
a sigmoid loss to improve scalability and training stabil-
ity [24].

Despite their strong performance, dual-encoder retrieval
models typically rely on a global image embedding that
summarizes the entire image into a single vector. While
effective for many queries, such representations may under-
represent localized visual evidence when relevant objects
occupy small or visually subordinate regions within the im-
age.

2.2. Fine-Grained Vision-Language Alignment

To address the limitations of global representations, several
works explore fine-grained alignment between image re-
gions and textual tokens. FILIP introduces a late-interaction
mechanism that computes token-level similarity between
image patches and textual tokens, enabling finer-grained
cross-modal alignment while maintaining efficient infer-
ence [22]. PyramidCLIP further improves alignment by in-
troducing hierarchical feature representations that capture
visual semantics at multiple levels of granularity [7].
Another line of work focuses on region-level represen-
tations. RegionCLIP extends contrastive language-image
pretraining to region-based representations, enabling align-
ment between textual concepts and localized image re-
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Figure 2. Dense-Set curation pipeline. We first detect objects with YOLO and rank images by total object count, retaining the top 10% as
the High-Density Subset (dense candidate pool). We then apply rare-class filtering and keep images containing at least one single-instance

class to form the final Dense-Set.

gions [26]. More recently, methods such as ELIP intro-
duce lightweight text-guided visual prompts that condition
the image encoder on the query, improving retrieval perfor-
mance without retraining large backbone models [25].

While these approaches improve fine-grained align-
ment, many require additional training, architectural mod-
ifications, or query-conditioned representations, thereby
increasing computational complexity. Unlike prior ap-
proaches that require retraining or query-conditioned
encoders, our method augments global representations
with region-level embeddings extracted at inference time,
thereby improving retrieval in dense scenes while preserv-
ing the efficiency of dual-encoder architectures.

2.3. Retrieval in Dense and Complex Scenes

Text-to-image retrieval becomes particularly challenging in
crowded scenes and long-tail object distributions, where rel-
evant evidence may correspond to small or rare objects.
Datasets such as COCO and Flickr30K contain complex
scenes with multiple objects, occlusions, and visual clutter,
making global image representations insufficient for cap-
turing fine-grained attributes [14, 17]. In such scenarios,
correct retrieval may depend on localized visual cues that
are not dominant within the scene. To address this, prior
work has explored combining global and local represen-
tations, for example by leveraging local features to refine
global similarity rankings [1].

Recent studies have also shown that attention maps pro-
duced by vision transformers encode implicit spatial signals
that indicate which regions contribute most to the final rep-
resentation. These signals have been used for interpretabil-
ity and weak localization tasks, revealing how visual trans-
formers allocate attention across spatial regions. Concur-
rent work explores a related inverse-attention idea for video
retrieval [2], fusing regional and global scores via a hard
maximum; in contrast, LARE targets image retrieval and in-
troduces confidence-gated fusion together with the curated
Dense-Set benchmark.

Motivated by these observations, our work leverages the
internal attention structure of vision transformers to identify
low-attention regions that may contain underrepresented vi-
sual evidence.

3. Dense-Set Dataset

To evaluate the proposed methodology, we construct
Dense-Set, a curated benchmark of visually dense scenes.
The goal is to create a challenging evaluation subset con-
taining crowded images with multiple object instances and
underrepresented classes. To this end, we develop an au-
tomated pipeline, illustrated in Figure 2. In the following
subsections, we describe the main stages of this pipeline.

3.1. Dense-Set Construction

This stage of the pipeline, illustrated in the first half of
Figure 2, focuses on identifying densely populated im-
ages that contain underrepresented object instances. We
begin by processing all images from the COCO [14] and
Flickr30K [23] test splits using a YOLO object detector [4].
For each image, the detector outputs bounding boxes and
class predictions, from which we compute three image-level
statistics: (¢) the total number of detected objects, (i¢) the
number of unique object categories, and (i) per-class in-
stance frequencies.

To construct the dense candidate pool, images are ranked
in descending order by total object count, and the top 10%
are selected. This step favors crowded scenes with high ob-
ject density and diverse visual content. Within this dense
candidate set, we identify rare classes at the image level,
defined as object categories that appear exactly once in a
given image. In crowded scenes, such single-instance cate-
gories often correspond to small or low-salience objects that
are easily overlooked by global representations.

The final Dense-Set subset consists of images that (1)
belong to the dense candidate pool and (2) contain at
least one rare-class instance. This selection strategy yields
a benchmark with significantly higher object density and
class diversity than the original splits, thereby creating a
more challenging setting for fine-grained text-to-image re-
trieval.

Table 2 summarizes the three stages shown in Figure 2:
the Original Test Set, the High-Density Subset (top 10% by
object count), and the final Dense-Set after rare-class fil-
tering. For each stage, we report the number of images,
the average number of detected objects per image, and the
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Table 1. Examples from Dense-Set with rewritten captions highlighting rare or low-attention objects for more challenging dense-scene

evaluation.

Dataset COoCo

Flickr30K Flickr30K

Image

Original Car driving down a road behind a A cat lying downon adeskbya A group of men wearing sweaters A crowd of people is standing
Caption lot of sheep. computer keyboard. are dining in a hall. outside next to a street.
Rare Class Dog Sports ball Fork Handbag

Rewritten A photo of a dog standing on the A sports ball sitting on top of a A fork placed in the middle of a A handbag on the ground in front
Caption side of a road with a herd of sheep. desk. group of men sitting at a table. of a crowd of people.

Table 2. Stage-wise statistics of Dense-Set curation for COCO and
Flickr30K

Dataset Split #Images Avg. Objects  Avg. # Classes
Original Test Set 40,504 6.71 2.85

COCO High-Density Subset 4,050 21.63 4.82
Dense-Set 3,089 21.63 5.47
Original Test Set 31,783 6.73 248

Flickr30K  High-Density Subset 3,178 19.40 438
Dense-Set 2,471 19.55 4.85

average number of object classes. The final curated Dense-
Set contains images with substantially more objects and a
broader set of object categories compared to the original
splits. These characteristics make Dense-Set particularly
suitable for evaluating retrieval models in visually dense
environments, where important objects may appear in low-
attention regions and are more likely to be overlooked by
standard global representations.

3.2. Dense-Set Re-captioning

The second stage of the pipeline, illustrated in the second
half of Figure 2, focuses on regenerating captions for the
curated Dense-Set images. The goal of this re-captioning
step is to produce more challenging textual descriptions that
explicitly emphasize low-attention regions, i.e., rare-class
instances. In contrast, the original dataset captions typi-
cally describe the dominant scene context and often over-
look small or underrepresented objects. For each image in
Dense-Set, we first filter rare-class detections whose bound-
ing boxes occupy a large fraction of the image area (e.g.,
greater than 15%). Such instances are likely to correspond
to visually dominant objects rather than genuinely low-
salience elements. This filtering ensures that the captioning
process focuses on secondary or background objects that are
more likely to be ignored by global visual representations.

The rare-class-filtered labels are then used as guidance for
a vision-language model (BLIP-2). Specifically, we prompt
the model to use class-aware templates (e.g., “a photo of a
[class]”) to encourage explicit mention of these underrep-
resented objects in the generated description. The model
takes both the image and the guided prompt as input and
outputs a single caption in the standard COCO format. By
shifting the caption focus from general scene-level descrip-
tions to fine-grained object-level details, this re-captioning
process produces a more demanding evaluation setting for
text-to-image retrieval in dense scenes.

Examples of the curated Dense-Set and their rewritten
captions are shown in Table 1. For each image from COCO
and Flickr30K, we identify a rare or low-attention class and
rewrite the original caption to explicitly describe the over-
looked object. This shifts the textual focus from general
scene context to fine-grained object-level details, thereby
making dense-scene retrieval evaluation more challenging.

4. Methodology

We introduce Low-Attention Region Encoding (LARE),
a training-free framework that enhances visual semantic
search by recovering information from regions typically un-
deremphasized by standard vision encoders. Our approach
follows a three-stage pipeline illustrated in Figure 3: (1)
Low-Attention Region Detection, (2) Regional Encoding,
and (3) Confidence-Gated Scoring.

4.1. Low-Attention Region Detection

The first stage identifies non-dominant visual cues by an-
alyzing the internal self-attention signals of a frozen vi-
sion encoder. Given an input image I, we extract the self-
attention tensor from an intermediate layer /. For each head
h, let AW € REWXHW denote the patch-to-patch atten-
tion matrix.
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Figure 3. LARE pipeline: A single forward pass produces both a global image embedding and a spatial attention map. Inverting the
attention map highlights under-attended regions, which are clustered into candidate crops and then re-encoded independently. A confidence
gate determines whether regional evidence should be used to adjust the final retrieval score.

We quantify the amount of attention each patch i receives
from all other patches by calculating the column-wise sum:

o= T
J

Each map a") is reshaped to a spatial grid, min-max
normalized, and averaged across the top-k heads (selected
by spatial variance) to form a mean attention map A. We
then derive an inverse-attention map:

ie{l,..., HW} (1)

M=1-A (2)

where high values in M highlight patches that consis-
tently receive minimal attention. We apply a sliding win-
dow and non-maximum suppression (NMS) on M to gen-
erate a set of N candidate regions, R = {r1,...,ry}. We
analyze sensitivity to IV in Appendix A.1, Figure 1.

4.2. Regional Encoding

The second stage encodes the image regions generated in
the previous stage.

Zi:fv(ri)v 221,,N (3)
This produces a set of regional feature vectors
{z1,...,2zn}. Because the encoder weights are shared,

these regional embeddings reside in the same feature space
as the global representation, allowing for direct comparison
with text embeddings without additional training.

4.3. Confidence-Gated Scoring

Finally, we integrate the global and regional information to
compute a comprehensive retrieval score. While prior work
fuses regional and global signals via a hard maximum [2],
this can amplify spurious regional matches when the global
embedding is already well-aligned. We instead introduce a
confidence-gated fusion that defers to the global score when

the model is confident, and only blends in regional evidence
otherwise. First, we obtain the global image embedding
zy, = f,(I) and the text query embedding z; = f;(T).
We define the global similarity as s, = sim(z,z,) and
the strongest regional match as s, = max; sim(z, z;). To
ensure robustness against regional noise, we gate the con-
tribution of the regions based on the model’s confidence in
the global match. If s, exceeds a confidence threshold 7,
the final score remains S = s,. If s, < 7 and a region out-
performs the global match (s, > s,), we interpolate toward
the regional score:

o = min(2(s, — s4),0.5), S=(1-a)s,+as, (4)
where 7 = 0.25. We analyze the sensitivity to 7 in Ap-
pendix A.1, Figure 1. This fusion logic ensures that regional
evidence effectively “rescues” the ranking when the global
embedding is insufficient, particularly in dense scenes tar-
geting non-salient objects.

5. Results and Analysis

We evaluate LARE in a zero-shot image retrieval setting,
where no additional training or fine-tuning is performed on
the target benchmarks. Given a textual query, the task is to
retrieve the most semantically aligned image from a candi-
date set. We compare the performance of LARE against
several state-of-the-art vision—language retrieval models,
including CLIP [18], SigLIP [24], and SigLIP 2 [20]. Eval-
uation is conducted on COCO [14] and Flickr30K [23],
as well as their Dense-Set variants designed to emphasize
crowded scenes and rare objects. Performance is reported
using Recall@K metrics (R@1, R@5, R@10).

5.1. Zero-Shot Retrieval Results

Performance on standard datasets: As shown in Ta-
ble 3, the first two column groups (COCO and Flickr30K)
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Table 3. Zero-shot retrieval performance of baseline models and LARE pipeline on COCO and Flickr30K, along with their Dense-Set

variants.

Model ViT COCO Flickr30K COCO-Dense Flickr30K-Dense
R@l R@5 R@10 R@l! R@5 R@10 R@l R@5 R@10 R@l R@5 R@I10
CLIP [18] L/14 36.10 61.10 71.44 65.00 88.00 92.62 17.79 3585 4511 348 1197 16.33
SigLIP [24] So/14 5424 76.78 8421 8294 96.08 98.00 26.61 4631 5522 5.05 1550 20.96
SigLIP 2 [20] So/16 56.55 78.75 8595 83.72 96.34 98.32 27.56 47.56 56.73 512 1647 21.80
LARE (CLIP) L/14  36.10 61.10 71.44 65.00 88.00 92.62 2297 4210 52.03 9.73 16.63 20.40
LARE (SigLIP)  So/14 5426 76.80 84.24 8294 96.12 98.00 2994 50.17 59.26 1233 19.87 24.10
LARE (SigLIP 2) So/16 56.56 78.78 8597 83.76 96.38 98.34 31.00 5145 60.67 13.28 21.11 25.10
report results on standard benchmark splits. On these (Columns 3—4). For each query, the top-5 retrieved images

datasets, LARE maintains performance comparable to
the underlying backbone models, with differences being
marginal across all Recall@K metrics. In some cases, slight
improvements are observed (e.g., +0.01 to +0.04 absolute
R@1), but overall performance remains statistically simi-
lar. This indicates that the proposed method preserves the
ranking behavior of the original encoders in conventional
retrieval settings where global image representations are al-
ready sufficient.

Performance on Dense-Set: In contrast, the last two
columns of Table 3 (COCO-Dense and Flickr30K-Dense)
demonstrate substantial gains on the curated Dense-Set
benchmarks. On COCO-Dense, LARE improves R@1 by
+5.18 points (29% relative improvement) for CLIP, +3.33
points (12.5%) for SigLIP, and +3.44 points (12.5%) for
SigLIP 2. On Flickr30K-Dense, the gains are even more
pronounced: +6.25 points (180% relative improvement)
for CLIP, +7.28 points (144% relative improvement) for
SigLIP, and +8.16 points (159% relative improvement) for
SigLIP 2.

These results show that while LARE preserves perfor-
mance on standard benchmarks, it delivers large and consis-
tent improvements in dense-scene retrieval scenarios, par-
ticularly where relevant objects are rare, small, or visually
subordinate.

Cross-Backbone Generalization: The consistent im-
provement across diverse architectures (from CLIP to
SigLIP 2) demonstrates that LARE operates as a general,
plug-and-play inference refinement. It complements even
the strongest modern encoders, suggesting that “salience
bias” is a fundamental characteristic of global embeddings
that persists despite scaling.

5.2. Qualitative Results

Figure 4 presents qualitative comparisons between the base-
line encoder (SigLIP) and LARE on dense retrieval queries
from COCO-Dense (Columns 1-2) and Flickr30K-Dense

are shown, and the ground-truth image is highlighted with a
dashed box.

In the first example (COCO-Dense), the query “A cyclist
wearing a backpack next to a train station” requires recog-
nition of the backpack in addition to the cyclist and station
context. The baseline ranks a generic cyclist at Rank 1, fail-
ing to capture the backpack attribute, while the correct im-
age appears lower in the ranking. In contrast, LARE identi-
fies the backpack as a localized discriminative cue and pro-
motes the correct image to the top position for retrieval.

In the second example (Flickr30K-Dense), the query “A
person carrying a red bag in a busy outdoor market” hinges
on detecting the red bag within a crowded scene. The
baseline retrieves general market scenes that align with the
global context but miss the specific attribute described in the
query. LARE successfully retrieves the image containing
the person with the red bag at Rank 1, indicating improved
alignment with fine-grained details.

These examples illustrate that improvements arise when
relevant evidence is spatially localized and visually subordi-
nate within the scene. By incorporating region-level repre-
sentations, LARE resolves ambiguities that global embed-
dings alone fail to distinguish. When global similarity is al-
ready reliable, rankings remain unchanged, consistent with
the confidence-gated design.

5.3. Inference Overhead

LARE introduces additional inference cost because each
image is encoded once globally and up to N times for re-
gional crops, where N=5 in our experiments. This compu-
tation occurs only when global similarity confidence falls
below the threshold. No additional training, parameters, or
model modifications are required. Because regional encod-
ing is applied selectively, the overhead is bounded and can
be adjusted through the crop count and confidence thresh-
old.

In practice, this trade-off can be tuned to match deploy-
ment constraints. Lowering IV or using a stricter confidence
threshold reduces average latency, while higher N can im-
prove recall on difficult dense-scene queries. This budget—
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Query: “A cyclist wearing a backpack next to a train
station”

LARE

Rank Baseline

1
2
PETES 7| R-B-00E ] I
415 -1009 ey
3
4
5

Query: “A person carrying a red bag in a busy outdoor
market”

Baseline LARE

Figure 4. Qualitative comparison between Baseline and LARE on COCO-Dense (Cols. 1-2) and Flickr30K-Dense (Cols. 3—4). Top-5
retrieval results are shown; ground-truth is highlighted. LARE improves ranking by leveraging fine-grained, localized cues missed by the

baseline.

accuracy control makes LARE suitable for staged retrieval
pipelines, where a fast global pass is followed by selective
regional refinement only for uncertain candidates. Hyper-
parameter ablations in the appendix further show that using
fewer crops still yields robust gains, with performance sat-
urating around N=5. A detailed latency analysis is left for
future work.

6. Conclusion

We presented LARE, a training-free augmentation for text-
to-image retrieval in crowded scenes. Our method mines
low-attention regions from a frozen vision encoder, encodes
these regions alongside the full image, and combines re-
gional embeddings with the global image embedding at in-
ference time. This simple test-time procedure improves
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retrieval on Dense-Set variants that emphasize subtle and
occluded content. We also introduced Dense-Set, a chal-
lenging crowded-scene benchmark derived from COCO and
Flickr30K, where images are re-captioned to emphasize low
attended areas. By shifting the focus toward fine-grained
object, Dense-Set reveals the limitations of existing retrieval
models and provides a more rigorous evaluation setting for
densely crowded scenes.

For future work, we plan to make region selection
more query-aware so that only the most informative crops
are encoded, reducing compute while preserving accuracy
gains. We also aim to strengthen fine-grained text—image
alignment through patch-level interactions in the spirit of
FILIP [22]. In addition, extending LARE to temporal re-
trieval settings is a promising next step, building on dual-
encoder video retrieval formulations such as CLIP4Clip and
Frozen in Time [3, 15].
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A. Additional Experimental Details

A.1. Hyperparameter Sensitivity

We analyze the robustness of LARE with respect to its two
primary inference-time hyperparameters: the number of se-
lected regions N and the confidence threshold 7. These
parameters control the balance between computational cost
and retrieval refinement. Increasing /N allows the model to
examine a broader set of candidate regions and improves
the likelihood of recovering small or visually subtle ob-
jects that may be underrepresented in the global embedding.
The threshold 7 determines when regional refinement is ac-
tivated, ensuring that additional computation is performed
only when the global similarity signal is uncertain.

Overall, LARE remains stable across a wide range of set-
tings and consistently improves retrieval performance over
the baseline backbone. Performance increases as the num-
ber of regions grows, indicating that additional regional ev-
idence helps resolve ambiguous queries. Beyond a moder-
ate number of regions, gains saturate, suggesting that most
relevant visual evidence has already been captured. Simi-
larly, the method remains robust across different confidence
thresholds. Based on this analysis, we use N = 5 and
7 = 0.25 throughout the paper, as this configuration pro-
vides a strong balance between retrieval accuracy and com-
putational efficiency.

Region Sensitivity
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A.2. Implementation Notes

We follow the preprocessing and encoder configurations of
the backbone models and use the OpenCLIP implemen-
tations of CLIP and related ViT-based encoders. All en-
coders remain frozen, and LARE operates entirely at infer-
ence time without modifying model parameters or requiring
additional training.

For each image, we extract the self-attention tensor from
an intermediate transformer layer and compute the patch-to-
patch attention maps (excluding the class token). For each
head, we sum each column to measure how much attention
a patch receives, reshape to a spatial grid, min—-max normal-
ize, and average the top-k heads selected by spatial variance
to obtain a mean attention map. We then form the inverse-
attention map to identify regions that receive relatively low
attention. Candidate regions are generated using a sliding
window, merged using non-maximum suppression, and lim-
ited to at most N regions. Each selected region is cropped
from the original image, resized to the backbone’s native
input resolution, and encoded using the same frozen vision
encoder to obtain regional embeddings. During retrieval,
LARE applies confidence-gated fusion: regional similarity
is incorporated only when it provides stronger evidence than
the global similarity score. This mechanism improves re-
trieval in dense scenes while preserving the original back-
bone behavior on standard benchmarks.

Threshold Sensitivity
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Figure 5. Sensitivity of LARE to inference hyperparameters. Increasing the number of regions improves retrieval performance until
saturation around N = 5. The method remains stable across thresholds and consistently outperforms the baseline.
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B. Model Card
We provide a brief model card for LARE.

Model Architecture: LARE is a training-free augmentation pipeline that operates on frozen pretrained vision-language
models. The pipeline contains three main components: (1) a vision transformer encoder for extracting global image
embeddings and spatial attention maps, (2) a text transformer encoder for extracting text embeddings, and (3) an inverse-
attention module that detects low-attention regions, re-encodes them independently, and adaptively fuses regional and
global features. The vision and text encoders are frozen pretrained models, instantiated as CLIP ViT-L/14, SigLIP SoViT-
400M/14, or SigLIP 2 SoViT-400M/16, accessed via OpenCLIP.

Inputs: The vision encoder takes an image as input, preprocessed to match the backbone’s native resolution: 224 x 224 x 3
for CLIP ViT-L/14, and 384 x 384 x 3 for SigLIP and SigLIP 2 models. The text encoder takes a tokenized text string,
cropped to the first 64 tokens as input.

Outputs: The vision and text encoders output a d-dimensional feature vector, where d is 768 for CLIP ViT-L/14 and 1152
for SigLIP and SigLIP 2 SoViT-400M models. The pipeline outputs a fused similarity score between the text query and
image.

Intended Use: The method is designed for zero-shot image—text retrieval research purposes. The pipeline can be used for
text-to-image and image-to-text retrieval by comparing feature vectors. The method is particularly effective for challenging
retrieval scenarios where queries target fine-grained details, small objects, or background elements that may be under-
emphasized by global embeddings.

Training Data: LARE requires no training or fine-tuning. All vision and text encoders are frozen pretrained models (e.g.,
CLIP and SigLIP). The inverse-attention module operates entirely at inference time and requires no additional training
data.

Evaluation Data: Zero-shot retrieval is performed on MS-COCO, Flickr30k, and a curated dense-scene dataset (Dense-
Set) to demonstrate performance across different retrieval difficulty levels.

Hardware & Software: The method is implemented in Python using PyTorch and OpenCLIP and evaluated on NVIDIA
Quadro RTX 8000 GPUs (48GB).
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C. Pseudocode

Algorithm 1 LARE: Low-Attention Region Encoding for Retrieval

Require: Image I, text query ¢, frozen vision encoder f,, text encoder f;, layer ¢, top heads k, max regions IV, confidence threshold
Ensure: Retrieval score .S

—_ =
—_ o

12:
13:
14:

15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

R A A A e

Stage 1: Low-Attention Region Detection

C{AMYL L fu(T,0)
: foreachhead h =1,..., H do
a§h> —2, A;hi) for all patches ¢
a® « MINMAXNorm(a™)
end for
Hj, < top-k heads by Var(a™)
Ay 2neny, al
M+—1-A
W < SLIDINGWINDOW (M)
: R+ NMS(W)

: R <~ TopPN(R, N)

Stage 2: Regional Encoding
for each region r; € R do
z; < fu(CROPANDRESIZE(I,7;))
end for
Stage 3: Confidence-Gated Scoring
2y fu(D): 2  fu(q)
Sg < sim(z¢,zg)
Sp — max; sim(z, z;)
if s < 7 and s, > s, then
o + min(2(s, — sq), 0.5)
S+ (1—a)sg+as:,
else
S sq4
end if
return S

> Extract attention maps at layer ¢

> Received attention

> Inverse attention map
> Candidate windows

> Keep top-N regions

> Global similarity
> Best regional match
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