This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Prompt-Guided Attention Head Selection for Focus-Oriented Image Retrieval

Yuji Nozawa Yu-Chieh Lin

Kazumoto Nakamura

Youyang Ng

Kioxia Corporation

{yujil.nozawa, yuchieh.lin, kazumotol.nakamura, youyang.ng}@kioxia.com

Abstract

The goal of this paper is to enhance pretrained Vision
Transformer (ViT) models for focus-oriented image re-
trieval with visual prompting. In real-world image re-
trieval scenarios, both query and database images often ex-
hibit complexity, with multiple objects and intricate back-
grounds. Users often want to retrieve images with specific
object, which we define as the Focus-Oriented Image Re-
trieval (FOIR) task. While a standard image encoder can
be employed to extract image features for similarity match-
ing, it may not perform optimally in the multi-object-based
FOIR task. This is because each image is represented by
a single global feature vector. To overcome this, a prompt-
based image retrieval solution is required. We propose an
approach called Prompt-guided attention Head Selection
(PHS) to leverage the head-wise potential of the multi-head
attention mechanism in ViT in a promptable manner. PHS
selects specific attention heads by matching their attention
maps with user’s visual prompts, such as a point, box, or
segmentation. This empowers the model to focus on spe-
cific object of interest while preserving the surrounding vi-
sual context. Notably, PHS does not necessitate model re-
training and avoids any image alteration. Experimental re-
sults show that PHS substantially improves performance on
multiple datasets, offering a practical and training-free so-
lution to enhance model performance in the FOIR task.

1. Introduction

Image retrieval (IR) encompasses a wide range of ap-
plications, including face recognition [48], landmark re-
trieval [43], and online shopping [27]. A common approach
for retrieving images involves extracting image features and
determining their similarity. This process is referred to as
Content-Based Image Retrieval (CBIR) [22, 43, 51]. Stan-
dard CBIR approach demonstrates good performance when
dealing with less complicated images, especially those that
contain a single object. To improve the accuracy, re-
searchers have employed deep neural network models such
as Convolutional Neural Networks [30] and Vision Trans-
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Figure 1. Overview of Focus-Oriented Image Retrieval (FOIR)
task with illustration of visual prompting approach. FOIR task
simulates real-world scenarios wherein (1) both query and retrieval
database images often exhibit complexity, with multiple objects
and intricate backgrounds; (2) users are visually interested in re-
trieving images containing specific object.

formers (ViTs) [18] to extract image features, and have lo-
calized the retrieval problem to specific objects, a task set-
ting known as Localized CBIR [47] or Object-Based Image
Retrieval (OBIR) [25]. However, existing studies in Lo-
calized CBIR often employ image alteration preprocessing
techniques such as masking and cropping, optimize the re-
trieval of images with less complexity, and tend to overlook
the consideration of user intention [4, 25, 47, 65]. In reality,
users may have the desire to retrieve a specific object while
considering certain visual contextual constraints in complex
images. The use of image alteration techniques can intro-
duce errors during preprocessing or result in a loss of visual
context [70], leading to retrieval failures. These inherent
limitations potentially hinder its practical applicability.

In real-world image retrieval, both the query image and



the images in the retrieval database often exhibit complex-
ity, characterized by the presence of multiple objects and
intricate backgrounds, posing a challenge for users aiming
to retrieve images with specific objects. Despite its practi-
cality, this topic has received limited research attention thus
far. We argue that this specific scenario warrants dedicated
attention in the implementation of image retrieval systems.
In light of this, we set up Focus-Oriented Image Retrieval
(FOIR) task, specifically for retrieving objects from com-
plex images, as demonstrated in Fig. 1. FOIR can be con-
sidered a distinct category within the Localized CBIR task,
wherein both the query and retrieval database consist of
complex images, and users are interested in retrieving im-
ages with specific object. Query formats can be classified
into two main categories: whole-image-as-query (WIQ) and
image-region-as-query (IRQ) [16]. FOIR task specifically
addresses WIQ, wherein the entire image is utilized to con-
duct the query. One solution is to employ a standard image
encoder to extract image features for similarity matching.
However, this may not work well for multi-object-based
FOIR tasks as it represents each image with a single global
feature vector. Image encoders tend to focus on the most
salient region, potentially ignoring other objects or regions
of interest. Prompt-based preprocessing techniques such as
image cropping can complement the image encoder but may
fail when wider visual context is required, as the percep-
tions of the user and the model may not align. Therefore, a
solution that considers user visual preference, preserves vi-
sual context, and aligns user-model perceptions is essential.

To overcome this, we propose leveraging the head-wise
potential of the Multi-Head Attention (MHA) mechanism
of ViT in a user promptable manner. The attention heads
in ViT, particularly in the last layers, contain valuable high-
level salient and segmentation information [7] for images.
This information can be effectively utilized to enable ob-
ject focusing in FOIR task. Attention maps from each head
have been observed to focus on different objects or parts in
an input image [7]. Building on this observation, we intro-
duce Prompt-guided attention Head Selection (PHS) tech-
nique. PHS selects specific attention heads in the last layer
of a pretrained ViT image encoder model by matching their
attention maps with user’s visual prompts, which can take
the form of a point, box, or segmentation. This empow-
ers the model to focus on specific object of interest while
preserving the surrounding visual context. Notably, PHS
does not require model re-training, making it a plug-and-
play enhancement for off-the-shelf pretrained ViT models.
Moreover, our method avoids any modifications to the input
images, thereby avoiding any undesirable consequences of
image editing. Through extensive experimental evaluations
on multiple datasets, we demonstrate that PHS substantially
improves performance and robustness by selecting attention
heads that are more focused on the desired objects.
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From a conceptual standpoint, our proposed method can
be regarded as a high-level perception matching mechanism
between human users and vision models. A recent work of
Foveal Attention (FA) [70], which draws inspiration from
human visual perception [6, 59], has endeavored to ma-
nipulate attention through visual prompting by incorporat-
ing attention mask into region of attention via addictive or
blending operation. However, this approach inevitably al-
ters the perception of attention heads themselves, favoring
the user’s perception over that of the vision model. In con-
trast, our method selects attention heads to align and match
the user’s perceptions with specific attention heads, thereby
bridging the gap between human and model visual under-
standing without explicitly modifying the attentions of indi-
vidual heads. Our method can also be viewed as grounding
high-level human perception, in the form of visual prompt-
ing, to high-level perception that can be comprehended by
the model, in the form of attention map in each head. Both
FA and our method differ conceptually and possess their
own strengths. FA aims to emulate human attention char-
acteristics, while PHS strives to match human-model at-
tentions. We believe that they are effective in their own
right and also have a complementary relationship in bridg-
ing human-model perceptions.

Our contributions are summarized as follows:

We design Prompt-guided attention Head Selection
(PHS), a method that leverages the head-wise potential of
the multi-head attention mechanism in ViT in a prompt-
able manner to accommodate user visual preference, pre-
serve visual context and align user-model perceptions.
We empirically show that our proposed method enhances
performance and robustness compared to existing meth-
ods across multiple datasets through extensive experi-
ments and ablation studies in the Focus-Oriented Image
Retrieval (FOIR) task, where both query and retrieval
database images often exhibit complexity, with multiple
objects and intricate backgrounds, and users are visually
interested in retrieving images with specific object.

2. Related Work

2.1. Object-Based IR with User Interest

OBIR [8, 25, 47] localizes objects in retrieval task. As a
solution, Ref. [65] proposes image alterations to improve
retrieval performance, while Ref. [33] applies aggregated
features for image retrieval. Ref. [38] approaches multi-
object IR from a CBIR perspective. MSIR [4] sets up
multi-subject IR based on complex images, similar to our
task. However, it does not take into account user inter-
est. In comparison, FOIR task can be seen as a specific
category of OBIR, emphasizing on complex images and
considering user visual intention. Several works have in-
corporated user intention into image retrieval using tech-



niques such as sketch [20, 64, 67], Composed IR with text
prompts [1, 13, 14, 23, 31, 52, 54, 57], and relevancy [40],
but these task setups and methods require additional feed-
back data. In contrast, our task setup considers visual in-
tention in query image, and our method employs visual
prompting, which is a less demanding approach.

2.2. Visual Region Awareness & Prompting in ViT

ViT [18] is a transformer-based [53] model for Computer
Vision (CV) tasks. Transformer architectures use self-
attention mechanism in MHA module to capture complex
relationships between tokens [53]. DINO [7] is one of the
self-supervised learning (SSL) methods [7, 11, 34, 61] ap-
plied to ViT, shown to have work well in various down-
stream tasks. DINOv2 [44] further improves its perfor-
mance by pretraining on a large-scale visual dataset. DINO
and DINOV2 have shown to exhibit beneficial region and
object awareness in the MHA module of the last layer [50,
55, 56]. Based on this characteristic, we primarily employ
DINOV?2 in our study but note that our method can general-
ize to models with different pretraining approach.

Region awareness is crucial in CV tasks like object de-
tection and segmentation. Studies have enhanced CLIP [62,
69] and ViT models [9, 36, 60] to incorporate region aware-
ness mechanisms. However, these methods usually require
additional training, while our method focuses on inference-
time attention manipulation through user-defined visual
prompting. Similar to prompt engineering [5] in Natural
Language Processing (NLP), various visual prompts have
been explored in CV, such as points, boxes & masks [28],
blurred surroundings [63], red circles [49], foveal atten-
tion [70] and learnable prompts [3, 26, 45, 66]. However,
unlike our method, most of them require input image al-
terations. FALIP [70]’s approach is most relevant to our
study, but it directly modifies individual attention heads
while our method prioritizes user-model perception match-
ing. Our method also enables multiple prompts types, sim-
ilar to SAM [28]. In addition, these existing works did not
specifically examine the area of visual-prompt-guided im-
age retrieval, which remains underexplored. Our work aims
to contribute insights into the intersection of visual prompts,
user-model perceptions, and image retrieval.

2.3. Attention Manipulation & Head Selection

Numerous studies have investigated changes to the atten-
tion mechanism in ViT. Some have modified attention dur-
ing training [12, 32], while others have focused on manip-
ulating attention during inference [39, 68, 70]. However,
few studies have specifically examined attention manipu-
lation techniques without altering individual attention val-
ues like head selection. Head selection is a technique used
in the MHA module of Transformers in NLP and CV do-
mains. It prioritizes relevant heads and replaces less rel-
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evant heads with fixed values. In NLP, it improves mul-
tilingual machine translation by selecting heads based on
languages being translated [21]. In CV, it enhances infer-
ence efficiency [37, 41], knowledge distillation [58], and
generalization [42]. Head selection in these previous works
are performed and optimized for each task through training.
Conversely, our work introduces inference-time head selec-
tion with a pretrained ViT model for image retrieval using
visual prompting. The selection of heads is not fixed in ad-
vance through training. To the best of our knowledge, this is
the first attempt to apply head selection to image retrieval.

3. Approach

In this section, we introduce our task setup (Fig. 1) and pro-
posed method (Fig. 2).

3.1. Focus-Oriented Image Retrieval Task

We set up Focus-Oriented Image Retrieval task with the ob-
jective of simulating real-world image retrieval scenarios.
FOIR can be considered a distinct category within the Lo-
calized CBIR tasks. The FOIR task encompasses the fol-
lowing criteria: (1) Image-to-image retrieval; (2) The query
and retrieval database images exhibit complexity, character-
ized by the presence of multiple objects and intricate back-
grounds; (3) Users are visually interested in retrieving im-
ages with specific object or pattern. For query format, FOIR
task specifically addresses whole-image-as-query (WIQ),
wherein the entire image is utilized to conduct the query.
An exemplary demonstration of the FOIR task is the vision
of a general-purpose humanoid robot. In this scenario, a
human user may visually request the robot’s assistance in
searching for objects similar to what it is currently perceiv-
ing. The search can occur within the robot’s past or future
visual memory of its daily routine. Both the visual memory
and the current vision of the real-world environment exhibit
complexity with multiple objects and intricate backgrounds
in each visual input.

In FOIR task, to accommodate user preference, a
prompt-based image retrieval solution is essential. Fig. I il-
lustrates an example of the FOIR task with a visual prompt-
ing approach, where the user creates visual prompts (A or
B) to enhance the retrieval of images of interest from a com-
plex database. In order to prevent retrieval failures caused
by query preprocessing errors or a reduction in visual con-
text, it is essential to use a non-image-alteration technique
that preserves the available visual context. However, the
presence of rich visual context can negatively impact re-
trieval results unless the user’s and model’s perceptions are
aligned. Therefore, it is crucial to have a technique that
aligns user and model perceptions. Overall, to provide a ro-
bust solution to the FOIR task, we have devised a method
that (1) considers user’s visual preference, (2) preserves vi-
sual context, and (3) aligns user and model perceptions.
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Figure 2. Overview of Prompt-guided attention Head Selection (PHS). PHS performs the selection of transformer attention heads in the
pretrained ViT model by matching their attention maps with user’s visual prompt, which can take the form of a point, box, or segmentation.
This empowers the model to focus on specific object of interest while preserving the surrounding visual context. Best viewed in color.

3.2. Retrieval Process

We first introduce the overall image retrieval pipeline with-
out head selection in this section. We employ pretrained
ViT model to extract features of images. Let Xinpu €
RHXWXC be an input image, where H, W, and C repre-
sent the height, width, and channel of the image respec-
tively. The image is divided into 2D patches Xpatch €
RNXPXPXC “\where the size of each patch is P x P x C,
and N = HW/P? is the number of patches. After the
patches are embedded by a trained linear projection layer,
the [CLS] token is added to the patch tokens, and then
the positional encoding is added to each embedding to-
ken. Consequently, Xpatch s transformed into Xioken €
RIV+D*d where d denotes the embedding dimension. The
index of tokens runs from O to N, and O represents the
[CLS] token. The tokens Xoken are input into a sequence
of attention layers.

In the MHA of each attention layer, three matrices are
produced by transforming the input with three different
trained linear projection layer: a query Q, a key K, and
avalue V € RN+1xd Then, the elements of Q, K, and
V are divided among multiple heads indexed by ¢, where
K; e RW+Dxde 5 —1 92 h. histhe number of the
heads, and dj, is the embedding dimension of K. The same
applies to Q and V. The attention matrix of ¢ head, denoted

4143

by A; € RINFDX(N+1) jg defined as

K]
A; = Softmax <Q ! > . (1)
Vi
Subsequently, MHA is calculated as
MHA = Linear ([head;, heads, ..., heads]), (2)
headi = AZV“ (3)

where Linear is a trained linear projection. To represent the
feature of the image, we focus on the last attention layer.
Let x, and MHA, be the input and MHA of the last atten-
tion layer respectively. Then, the output of the last attention
layer z, is written as

zx = y» + FFEN (LN (y.)) , where y, = x. + MHA,,
“)

where LN is layer normalization [2] followed by a feed-
forward network (FFN). The sums in Eq. (4) correspond to
residual connections [24]. Finally, the feature of the im-
age f(Xinpys) is obtained as the [CLS] part of the layer-
normalized output:

£ (Xinput) = [LN (2:)] - (5)

To perform image retrieval, we use k-nearest neighbors
(NN) method with cosine similarity. Let Zq be the set of



query images and Zpp be the set of database images. Then,
for a query image xq € Zq, the £’th most similar image in
the database xg (xq, Zpg, k') is retrieved as

)

(6)

where argmax;, (s) is a function that returns xpp with the
k'th largest cosine similarity. Consequently, the top-k im-
ages can be retrieved by running Eq. (6) with V&' < k.

f (xpg) ' f(xq)
If (xpB) lIf (xq)ll

xR (xq,Ipp, k') = argmax;,
xpBEZDB

3.3. Prompt-Driven Attention Head Selection

Here, we present the algorithm for PHS. Our method in-
volves the selection of hy, heads from a total of h heads
in the last attention l%er, based on the visual prompt mask
Minput € {0, I}HX . The nonzero part of Mi,py; rep-
resents the region of interest (ROI) defined by the visual
prompt. Initially, My is converted to attention mask to-
kens denoted as Myoken € {0, 1}N. Within this set of to-
kens, we identify patch tokens in the ROI, marked them as
THS = {t € {17 2,..., N} | Mioken,t = 1}' Subsequently,
we calculate the ROI attention AS for each attention head
by summing up the attention values of A; in Eq. (1), but
only for the tokens within TS, defined by

A = 3" Ao

teTHS

)

The straightforwardness of Eq. (7) in extracting ROI atten-
tions facilitates the integration of diverse visual prompts, in-
cluding point, box, and segmentation. This, in turn, stream-
lines the system design process in real-world implementa-
tions. Once the ROI attention for each head is computed, we
set hon heads with the highest ANS values as our selected
heads i, C {1,2,...,h}, which satisfies |ion| = hon. In
our method, h,y, serves as the only parameter. Our exper-
iments in Sec. 4 demonstrate that h, is sufficiently robust
and can be set as a fixed value.

Subsequently, we replace the MHA in the last attention
layer MHA,, with our approach, MHA S defined by

MHA!S — Linear [head*H?,headEE, ..., head™S || (8)
head§§ = head. i X h/hon le © Zion’ 9)
0 ifi ¢ ion.

Our head selection strategy is inspired by Ref. [42], where
head selection is performed prior to the output linear pro-
jection layer of MHA and head. ; is multiplied by a scaling
factor of h/hey. Scaling factor helps to preserve the overall
attention intensity in MHA. Following the MHA, our sub-
sequent process adheres to the standard retrieval pipeline by
applying Eq. (8) to Egs. (4) to (6). Importantly, our method
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does not necessitate any model fine-tuning. The head selec-
tion operation is performed to a trained ViT model during
inference, dynamically matching the attention head to the
user-defined visual prompt, as shown in Fig. 2.

One intriguing aspect of our method is its capability
to simultaneously apply head selection to both query and
database images using only the query visual prompt. In con-
trast, standard prompt-based methods such as FA [70] typ-
ically can only be applied on the query image, with a fixed
retrieval database. Our approach offers two distinct modes
of operation: (1) Query-Only PHS and (2) Query-DB PHS.
The retrieval process of Query-Only PHS mode is compati-
ble with standard prompt-based methods, where PHS is per-
formed solely on the query image. In contrast, Query-DB
PHS mode extends the head selection process to the im-
ages in the retrieval database, dynamically adapting it for
each query. Specifically, this mode modifies each feature in
the retrieval database by performing head selection with the
same attention heads selected by using the query. By doing
s0, Query-DB PHS intuitively enhances the feature space of
both the query and retrieval database with a query prompt,
improving performance in certain scenarios. We mainly re-
port the results of Query-Only PHS as our method in this
paper for its compatible retrieval process.

4. Experiments

4.1. Experimental Settings
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Figure 3. Histogram of number of objects per query in datasets.

We evaluate the image retrieval performance of
our method on three multi-object-based image datasets:
COCO [35], PASCAL VOC [19] and Visual Genome [29].
We choose these datasets as they contain images with mul-
tiple objects and intricate background in general, a fitting
scenario to FOIR task. COCO dataset contains 80 ob-
ject categories, and we use val2017 for query images Zq
and train2017 for database images Zpg, where |Zg| =
5000 and |Zpp| = 118287. PASCAL VOC dataset con-
tains 20 object categories, and we use test2007 for Zq
and trainval20074-2012 for Zpg, where |Zg| = 4952 and
|Zpp| = 16551. Visual Genome dataset contains 33877
object categories. We select the most frequent 100 cate-
gories taking into account object aliases. We use the test and
training sets in Ref. [10] as Zq and Zpp excluding images



without categorized objects from Zq, then |Zg| = 9880 and
|Zpe| = 82904. The input images of all datasets are resized
to 224 x 224 pixels. Fig. 3 shows histogram illustrating
the distribution of the number of objects per query across
the datasets utilized. Notably, COCO and Visual Genome
datasets predominantly feature multi-object queries, which
fit the definition of FOIR task, while 38% of the queries in
PASCAL VOC dataset are single-object queries.

For pretrained ViT models, we utilize the publicly avail-
able DINOv2 models with four different sizes: small, base,
large, giant. We specifically use the models trained with
register tokens [17] to address any unwanted artifacts in at-
tention patches. Note that we do not perform additional
training on these models. The number of available heads
(h) varies depending on the model size: 6 for small, 12 for
base, 16 for large, and 24 for giant. For our experiments,
we set the number of selected heads (hoy) to 5, which we
found to be generally robust across all model types unless
stated otherwise. Although the optimum h,,, can be slightly
model-dependent due to the scaling of the number of heads,
detailed parameter tuning is not necessary based on our ob-
servations.

To quantitatively compare our proposed method, we
evaluate it against two baselines. The first baseline, called
CBIR, is a standard CBIR implementation using DINOv2
models. The second baseline, referred to as Mask, is a
prompt-driven image alteration method where the region
outside the region-of-interest is masked before CBIR is per-
formed using DINOv2 models. These baselines represent
strong non-prompt-based and prompt-based approaches re-
spectively, as DINOv2 is already a powerful model for im-
age retrieval tasks. Note that we exclude the crop-based
technique from our main comparison as it significantly al-
ters the image and object size, which changes the query
format and task characteristics. Additionally, we compare
our method to Foveal Attention (FA) [70], a state-of-the-
art non-image-alteration visual prompting technique that is
most relevant to our study. For FA, we follow the origi-
nal work and implement it in the last 4 layers of the ViT
model. To ensure a fair comparison, we use box prompts for
all experiments unless stated otherwise, as FA is designed
for bounding box prompts. We use the box labels in each
dataset to simulate visual prompt inputs. Each box label
represents a single query. It’s worth noting that our method
is flexible and supports various types of prompt inputs, such
as point, box, and segmentation prompts. We demonstrate
their superior performance in Sec. 4.5. Additional analysis
can be found in the supplementary material.

In our experiments, we assess the retrieval performance
of our method using two metrics: Mean Precision at k
(MP@k) and Mean Average Precision at k& (MAPQk).
MPQ@k is used to evaluate the balanced retrieval results for
a selected value of k£, which in our case is £ = 100. On the
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other hand, MAPQE is employed to evaluate the higher-
ranking retrieval performance of our method.

4.2. Focus-Oriented Image Retrieval Results

Dataset | Model MP@100 (%) MAP@100 (%)
Size | CBIR[17] Mask FA[70] Ours | CBIR[17] Mask FA[70] Ours
small 54.8 351 553 549 59.0 380 59.6 592
CoCo base 574 432 579 60.6 61.5 459 620 64.1
large 584 475 588 613 62.4 50.0 62.8 65.1
giant 58.5 504 588 60.7 62.7 529 629 648
small 772 727 718 774 79.8 750 804 802
PASCAL | base 78.6 79.0 79.0 80.9 81.1 814 815 837
voc large 77.8 804 78.1 803 81.0 836 813 83.6
giant 78.3 824 785 79.6 81.1 853 813 825
small 30.1 205 30.2 30.1 343 240 345 343
Visual base 29.6 239 298 314 34.1 275 342 356
Genome | Jarge 29.1 243 29.1 30.2 33.7 285 338 347
giant 29.1 26.1 292 299 33.8 302 338 345

Table 1. FOIR results with DINOv2 models. CBIR denotes a stan-
dard CBIR implementation. Mask denotes a mask based prompt-
guided method. FA denotes Foveal Attention, a state-of-the-art vi-
sual prompting technique. Ours denotes our method. Our method
outperforms the baselines and FA in most cases (Model: DINOv?2).

The results of the proposed method, retrieval with FA
employed, and the baselines are summarized in Tab. 1. It
can be observed that our method generally improves the
performance for both MP@Q100 and MAP@100 evalua-
tions. Improvements in both MP@100 and MAP@100 in-
dicates that our method improves not only the top-100 re-
trieval accuracy but also higher ranked images. Substan-
tial improvements are particularly observed when compar-
ing our method to the baselines of CBIR and Mask. The ab-
sence of visual prompt in CBIR limits its accuracies, while
Mask’s reduction of visual context leads to inconsistent per-
formance in the FOIR task across multiple datasets. In
Sec. 4.4, we analyse the higher performance observed for
Mask in certain cases of PASCAL VOC.

Comparing our method to utilizing the recent visual
prompting technique FA, we achieve substantial enhance-
ments in accuracies, except for the small model. We specu-
late that the number of heads in the ViT models plays a role
in the effectiveness of our method. The small model, with
only 6 heads, may lack sufficient semantic differentiation
to effectively implement a head selection algorithm. How-
ever, as we scale up to larger models, the increased number
of heads enables our method to be more effective, which
aligns with the concept of our approach. We also observe
that FA consistently performs effectively across all model
sizes and datasets, demonstrating the robustness of its at-
tention manipulation technique.

4.3. Different Pretraining Paradigm Generalization

Here, we examine the ability of our method to generalize
to models with different pretraining approach. We assess



the performance with CLIP [15, 46] models, which are pre-
trained using a large-scale image-text weakly supervised
strategy, in Tab. 2. CLIP offers a distinct perspective com-
pared to DINOV2, which is pretrained using SSL strategy.
We evaluate pretrained ViT-B/16 and ViT-L/14 CLIP vision
models in our experiments. The results demonstrate that
our method consistently outperforms the baselines and FA
in all scenarios, indicating its strong generalization capa-
bility. We speculate that CLIP learned strong user-oriented
semantic attentions through its weakly supervised pretrain-
ing strategy, leading to its exceptional compatibitility with
our method.

Dataset | Model MP@100 (%) MAP@100 (%)

Size | CBIR[46] Mask FA[70] Ours | CBIR[46] Mask FA[70] Ours
coco | base 526 274 533 557 579 307 585 60.2

large 547 334 552 58.0 597 373 602 626
PASCAL | base 71.5 609 722 738 760 655 1766 719
voc large 714 638 720 742 76.0  69.6 765 78.4
Visual | base 203 153 295 30.1 341 187 343 348
Genome | Jarge 289 170 29.1 302 338 215 339 349

Table 2. FOIR results with CLIP models. Our method outper-
forms the baselines and FA in all cases, demonstrating the model
generalization capability (Model: CLIP).

4.4. Analysis on Number of Objects
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Figure 5. Relative performance to CBIR (Model: DINOV2 large).

Fig. 4 and Fig. 5 illustrate the relative performance of
methods with CLIP and DINOv2 models with respect to
CBIR, across varying numbers of objects in the query. Our
analyses reveal that our method performs particularly well
for multi-object queries (two or more objects), especially
within the Visual Genome and PASCAL VOC datasets,
which aligns with the anticipated outcomes of our approach.
In contrast, the Mask method demonstrates instability when
handling a larger number of objects. Notably, for DINOv2
model, our method achieves MP@100 of 77.9%, surpass-
ing the Mask method’s 77.2% when focusing solely on
the multi-object queries subset of the PASCAL VOC. The
strong performance of Mask method for DINOv2 model
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on single-object queries for PASCAL VOC (Fig. 5) signif-
icantly contributes to its overall superior accuracy in com-
parison to our method (Tab. 1), as 38% of the queries in
PASCAL VOC are single-object queries. Nevertheless, our
approach demonstrates a distinct advantage as the number
of objects increases.

4.5. Robustness on Various Visual Prompt Types

Model | CBIR Mask Ours
Size [17] | Point Box Segment | Point Box Segment
small | 54.8 24 351 30.5 547 549 55.1
base 57.4 33 432 373 59.7  60.6 61.3
large | 58.4 37 475 40.6 612 613 61.9
giant | 58.5 56 504 444 60.6  60.7 61.0

Table 3. FOIR results with various prompt types (Dataset: COCO,
Model: DINOv2, Metric: MP@100 (%)).

Our method incorporates a prompt-based attention head
matching aspect, allowing it to effectively handle various
types of visual prompts such as points, boxes, or segmen-
tations. Unlike standard prompt-based methods like Mask,
which heavily rely on a strict region of interest, our method
is robust across all forms of visual prompts, as demonstrated
in Tab. 3. For instance, a simple point (click) prompt with a
fixed window size is sufficient for head selection, and even
imperfect prompts with arbitrary shapes are expected to
yield satisfactory results. In contrast, the Mask approach’s
performance noticeably declines when using segment and
point prompts. Note that, in the case of point prompt, the
user input may vary and not accurately represent the center
of the object. To address this, we perform experiments on
every possible patch window position within the segmen-
tation mask and calculate the aggregated accuracies. It is
important to mention that an evaluation of FA is not con-
ducted due to its algorithm’s incompatibility with segment
and point prompts.

4.6. Visual Analysis with Attention Map

Here, we present the results of our visualization analysis on
attention maps generated in the final layer of the ViT model,
after incorporating our proposed method. As depicted in
Fig. 6, our method demonstrates superior intuition in terms
of enhanced focus and noise reduction when comparing to
Vanilla ViT (used in CBIR) and FA. In contrast, FA typi-
cally generates attention maps that are comparable to those
produced by Vanilla ViT, albeit with slightly more concen-
trated ROI attentions. Note that our approach preserves po-
tentially valuable surrounding visual context, which plays a
crucial role in reflecting user perception.



FA Ours

Vanilla

Figure 6. The visualization of attention maps demonstrates that
our method performs more intuitively than Vanilla ViT and FA.
Best viewed in color (Model: DINOV2 giant).

4.7. Image Alteration & Prompt Noise Analysis

In this section, we conduct image alteration study on image
retrieval using a crop-based visual prompt to emulate the
IRQ query format. It is important to note that this task set-
ting is different from FOIR, which employs the WIQ query
format. Here, we investigate their exposure to prompt er-
ror by adding noise to the box prompt. Users typically do
not generate perfect prompts, necessitating the ability of a
prompt-driven method to tolerate some level of noise. To
simulate this, we introduce noise into the prompts by ran-
domly shifting and resizing the visual prompts by roughly
7.6% of image width and height in average. The results,
as depicted in Tab. 4, demonstrate that our method’s ac-
curacies (in WIQ query format) remain consistently stable
even in the presence of prompt noise. This suggests that our
method effectively handles imperfect prompts due to its per-
ception matching mechanism. Conversely, the performance
of Crop query deteriorates when exposed to prompt noise,
highlighting the limitations of image alteration technique.

Model DINOv2 CLIP

Size | Crop Crop-N Ours Ours-N | Crop Crop-N  Ours  Ours-N

small | 60.0 449 54.9 54.8 - - - -

base 66.7 49.6 60.6 59.6 45.2 36.2 55.7 55.2

large | 67.3 50.6 61.3 60.6 52.3 40.7 58.0 57.6

giant | 68.7 51.6 60.7 60.4 - - - -
Table 4. Image retrieval results with image alteration and noise.

Method names end with -N represent noisy prompt (Dataset:
COCO, Metric: MP@100 (%)).

4147

4.8. Qualitative Case Study on Visual Context

Visual Prompt
for “baseball bat”

T

Attention Map
(Ours)

Number of Correct Images in Top 100 Images
CBIR Mask Crop FA
98 1 Bl 99

Ours
100

Figure 7. Qualitative case study on visual context consideration. '

In Fig. 7, we present a qualitative case study on a query
image from COCO dataset with a label of baseball bat. In
this case, simply cropping or masking the object leads to
significant deterioration in retrieval performance, while our
method further increases accuracy, demonstrating the ne-
cessity of surrounding visual context.

4.9. Analysis on Number of Selected Heads

Here, we investigate the parameter of the number of se-
lected heads by performing a parameter scan for hy,. In
Fig. 8, we vary the number of heads across different model
sizes. We observe that the optimal number of heads is
around 5 for large, base, and small models. Based on this
observation, we selected 5 as our common parameter. In-
terestingly, giant model exhibits the highest accuracy with
only 1 selected head. We believe that the giant model, with
its sufficiently deep and large architecture, has learned more
precise semantic information across the attention heads.

~65
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Figure 8. FOIR results with various number of selected heads
(Dataset: COCO, Model: DINOv2).

5. Conclusion

We proposed Prompt-guided attention Head Selection to
leverage the head-wise potential of the multi-head atten-
tion mechanism in ViT for image retrieval. We setup the
Focus-Oriented Image Retrieval task to simulate real-world
scenarios with complex images and user interest in retriev-
ing images with specific object. Our method matched user
perceptions to attention heads, bridging the gap between hu-
man and model visual understanding. PHS does not require
model re-training or image alteration, ensuring no undesir-
able consequences of image editing. Experiments showed
that PHS improves performance on multiple datasets, en-
hancing ViT model in the FOIR task.

Uicense for the image is provided in supplementary material
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