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Abstract

In cross-modal retrieval, comprehensive image understand-
ing is vital while the scene text in images can provide fine-
grained information to understand visual semantics. Current
methods fail to make full use of scene text. They suffer from
the semantic ambiguity of independent scene text and over-
look the heterogeneous concepts in image-caption pairs. In
this paper, we propose a heterogeneous prompt-guided entity
inferring and distilling (HOPID) network to explore the na-
ture connection of scene text in images and captions and learn
a property-centric scene text representation. Specifically, we
propose to align scene text in images and captions via het-
erogeneous prompt, which consists of visual and text prompt.
For text prompt, we introduce the discriminative entity infer-
ring module to reason key scene text words from captions,
while visual prompt highlights the corresponding scene text
in images. Furthermore, to secure a robust scene text rep-
resentation, we design a perceptive entity distilling module
that distills the beneficial information of scene text at a fine-
grained level. Extensive experiments show that the proposed
method significantly outperforms existing approaches on two
public cross-modal retrieval benchmarks.

Demo — https://my-hopid.github.io

Introduction

Cross-modal retrieval, which involves searching for relevant
images in a database by giving a text query or vice-versa,
has gained attention due to its wide applications. Significant
progress (Lee et al. 2018; Li et al. 2019; Wang et al. 2020a;
Zhang et al. 2020b; Koley et al. 2024; Xie et al. 2024) has
been made through global alignment of image and text, or
local alignment of salient regions and corresponding words.
Despite this advance, these object detector-based methods
cannot capture the text appearing in images resulting inef-
fective in text-related scenarios. To address this problem, re-
searchers (Mafla et al. 2021; Cheng et al. 2022; Zhou et al.
2022; Miyawaki et al. 2022; Zhou et al. 2023, 2024) try to
explore the scene-text aware cross-modal retrieval for com-
prehensively understanding visual semantics.
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Figure 1: Given a text query, conventional cross-model re-
trieval cannot distinguish similar images in the common
embedding space (d; ~ ds < d3). Scene-text aware cross-
modal retrieval can reduce the distance between matching
image and text pair in the embedding space (d1 < d2 < d3).

To better leverage scene text, current works can be di-
vided into two categories: local-align methods (Zhou et al.
2022; Miyawaki et al. 2022; Zhou et al. 2023) and global-
align methods (Mafla et al. 2021; Cheng et al. 2022). 1) For
local-align methods, Zhou et al. (2022, 2023) propose to
align textual OCR in the caption with the visual OCR in
the image word by word. Further, recent work (Miyawaki
et al. 2022) introduces a co-mask strategy to locally align
the scene text in images and captions. Although these ap-
proaches are intuitive and interpretable, excessive emphasis
on local regions often leads to the sensitivity of local noise.
2) For global-align methods, they propose to align the cap-
tion with the fusion of scene text and other visual clues in
the image. In detail, STARNet (Mafla et al. 2021) builds the
relationship among scene texts to obtain high-level seman-
tic information of scene text by a graph convolutional net-
work (GCN). Although the relationship between scene texts
is important, paying too much attention on the high-level se-
mantic language information without other multi-modalities



information of scene texts may lead to the semantic ambigu-
ity issue. More recently, ViSTA (Cheng et al. 2022) regards
scene text as another modality excepting image and caption
in the cross-modal retrieval task. ViSTA fuses scene texts
with other visual components by a fusion token to aggregate
critical visual entities and scene text semantics, then globally
aligns it with the caption. This method provides a more ef-
ficient global alignment, but this simplistic global matching
overlooks the natural heterogeneous concepts of scene text
in image-caption pairs, hindering the fine-grained alignment
of scene text, and thus limiting the accuracy.

In fact, humans are good at scene-text aware cross-modal
retrieval by carefully comparing discriminative entities in
images and captions, especially the scene texts, i.e., find-
ing whether there is a shared scene text in both image and
caption. Besides, humans can comprehensively understand
scene texts in images based on their contextual information
and extract valuable entity information from them, which
is beneficial for alleviating semantic ambiguity. Inspired by
this, we argue that, (1) aligning discriminative scene text in
both images and captions is beneficial for mining the inher-
ent connection of heterogeneous scene text. (2) Understand-
ing scene text comprehensively with multi-modal context is
conducive to cross-modal retrieval.

In light of this, we propose a novel HeterOgeneous
Prompt-guided entity Inferring and Distilling (HOPID)
network to reason discriminative multi-modal entities for
aligning cross-modal heterogeneous scene text and learn
property-centric scene text representation to ease semantic
ambiguity. First, we devise a Discriminative Entity Inferring
(DEI) module to predict the discriminative scene text words
from caption and then integrate them with the pre-defined
prompt template to build the text prompt. Meanwhile, for the
visual prompt, we explicitly locate scene text in image with
a visual clue marker to hint at their position and provide the
surroundings as the visual context for alleviating the local
noise. The heterogeneous prompt, consisting of text and vi-
sual prompt, utilizes the OCR-aware contrastive learning to
align the different manifestations of the same entity (scene
text in images and captions) to narrow the cross-modal gap.
Second, to alleviate the semantic ambiguity of semantic-
only scene text, we design a Perceptive Entity Distilling
(PED) module that extracts salutary multi-model scene text
information in an iterative manner to learn a more robust
scene text representation. Specifically, PED utilizes the slot
attention mechanism to explore OCR features from various
modalities (¢.e., visual, semantics, and position) and distill
valuable scene text entities with property-centric represen-
tation. Therefore, PED interprets scene text from a property
perspective and mitigates the semantic ambiguity of isolated
scene text. We conduct extensive experiments on two public
benchmarks and achieve a new state-of-the-art performance.

Our contributions are summarized as follows: 1) We pro-
pose a new HOPID network to explore the heterogeneous
scene text in image and caption and acquire property-centric
scene text representation, thus achieving a more compre-
hensive utilization of scene text in cross-modal retrieval. 2)
We introduce heterogeneous prompt reasoning to mine the
inherent connection of scene text from image and caption
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for alignment. 3) We introduce a perceptive entity distill-
ing module that extracts salutary multi-modalities informa-
tion among scene texts to obtain a robust representation for
retrieval. 4) Extensive experiments show that the proposed
method outperforms all SOTA methods on two benchmarks.

Related Work

Cross-modal Retrieval is a crucial task in vision-language
domain (Yan et al. 2020a, 2021a,b, 2020b; Tu et al. 2023,
2024c,a; Zhang et al. 2024b), which aims to find relevant
images by giving a caption. With advances in deep learn-
ing (Zha et al. 2019; Zhang et al. 2020a; Li et al. 2022; Liu
et al. 2022; Tu et al. 2024b; Zhang et al. 2024a; Cui et al.
2024), researchers associate semantic relevant images and
captions by projecting them into a joint embedding space
to produce closer features. The visual feature has changed
from coarse-grained one based on CNN (Faghri et al. 2018)
to fine-grained one based on object detectors (Karpathy and
Fei-Fei 2015; Lee et al. 2018; Li et al. 2019; Wang et al.
2020a; Zhang et al. 2020b; Kim, Kim, and Kwak 2023).
Based on object detectors, some methods (Lee et al. 2018;
Song and Soleymani 2019; Yan et al. 2022) apply atten-
tion mechanisms to focus on details. Other works (Li et al.
2019; Wang et al. 2020b) use GCN (Kipf and Welling 2016)
to produce discriminative features by establishing relational
graphs. However, the above object detector-based methods
fail to detect scene text, resulting inefficiency in text-related
scenarios. In contrast, HOPID regards scene texts in images
as auxiliary clues for reducing the modality discrepancy.
Scene Text in Vision and Language provides fine-grained
details for multi-modal tasks, such as Text-VQA (Biten
et al. 2019; Yang et al. 2021; Liu et al. 2023) and Text-
Caption (Sidorov et al. 2020; Yang et al. 2021). These tasks
require model to comprehend scene text by connecting it
with other visual elements. Recently, StacMR (Mafla et al.
2021) introduced scene-text aware cross-modal retrieval task
with a corresponding dataset. To improve retrieval in both
text-aware and text-free scenarios, ViSTA (Cheng et al.
2022) uses scene text as a third modality, fusing it with vi-
sion via a token and dual contrastive losses. Other works
(Zhou et al. 2022, 2023) propose to align the scene text
in images with captions locally, which improves the text-
to-image retrieval performance and facility interpretability.
More recently, researchers (Miyawaki et al. 2022) propose
to build the relationship between scene text and captions
through a co-mask strategy. In addition, VISTA (Zhou et al.
2024) can encode a variety of data types via an image to-
kenizer. However, these approaches do not explore the het-
erogeneous concept of scene text in cross-modal retrieval,
therefore, we propose a framework to mine multi-modal het-
erogeneous scene text to narrow the cross-modal gap.

Methodology
Overall Model Architecture

The overall framework of our HOPID is illustrated in Fig-
ure 2. Given a raw image-caption pair, we first employ the
visual and text prompt reasoning for pre-processing. Then
we extract the visual and textual features via the OCR-aware
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Figure 2: An overview of HOPID for StacMR task. First, the discriminative entity inferring module predicts scene text words
to build text prompt. Meanwhile, visual prompt is generated based on OCR tools. Then OCR-aware image encoder and text
encoder extract visual feature V' and textual feature 7'. Finally, OCR-aware contrastive learning is used to align them.

image encoder and the text encoder, respectively. Finally,
OCR-aware contrastive learning is employed to align the
image-caption pairs in the common space.

Feature Extraction

Visual Representation. In OCR-aware image encoder, we
first extract the global feature from the image pre-processed
by visual prompt. And then we get local features and OCR
features from the raw image. Finally, we fuse them to form
the final visual representation V' for a more comprehensive
understanding of scene text from multiple perspectives.
Global features. Given an image pre-processed by the vi-
sual prompt, which hints at scene texts on pixel level, we uti-
lize the frozen visual encoder of CLIP to extract the global
feature. Thus, we obtain a 512D global feature G.

Local features. Given a raw image, we follow the conven-
tional setting of the previous work (Mafla et al. 2021) to ex-
tract local features by Faster-RCNN (Ren et al. 2015). Thus
we obtain the local features X% = {2:9%}M | 'where M is
the maximum number of objects in the image.
OCR features. Given a raw image, we propose to extract
OCR features from various modalities instead of semantic-
only, we first employ an OCR system to obtain the words and
bounding boxes as S = {sword, sbbori N | where N is the
maximum number of OCR tokens. According to S, we rep-
resent each OCR token with following various modalities:
(i) 300D word semantic embedding xff by FastText (Bo-
janowski et al. 2017), (ii) 2048D appearance feature z" of
token’s bounding box from Faster-RCNN (Ren et al. 2015),
and (iii) 4D bounding box positional feature z2°°¢. Then the
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final 2048D OCR features X°" = {z°" }_, are:

ocr
n

= o(LN(Wha]! + Waal")) + o (Wsz)*")),
ey
where W;, Wy and W3 are learned projection matrices,
LN (+) is layer normalization and o is a LeakyReLU acti-
vation function. After obtaining the unorganized OCR fea-
tures X" from various modalities (z.e., semantics, visual
and position), we feed them into the PED module discussed
later, where OCR features compete with each other by slot
attention, to learn a more robust scene text representation £
For local features X°%7, we construct a fully-connected
graph as G = {X°% R}, where R is the affinity matrix de-
scribing the relationship between each pair of local features:

Rz 257) = (Waa™)T (W), )

7
where W, and W), are learnable matrices. Then we use the
graph convolutional network (GCN) to encapsulate high-
level semantics about their relationships. In detail, the single
layer of GCN is performed as below:

X

obj

7x]

3)

where W,. and W, are learnable matrices, [ is the number of
GCN layers, we set [ to 4 here. Then the GRU is employed
to consider the contextual information of objects and derive
the high-level semantic local feature I, as:

X7 = Wi (RXT W) + X7,

Iy; = GRU(XY), (4)

here GRU refers to the gated recurrent unit (Chung et al.
2014). Finally, we fuse the global feature G, the high-level



semantics local feature I,;; and the robust scene text feature
FE to obtain the final visual representation V' as below:

V:(E®G+G)®Iobj+lobja (5)

here, ® denotes the element-wise product. Therefore, we get
the final visual representation V' from multiple perspectives.

Text Representation. In the text encoder, we first use
CLIP’s text encoder to extract the discriminative scene-text
feature from the text prompt discussed later. Then we get
the text feature from the raw caption by gated recurrent unit
(GRU). Finally, we fuse them by adding operation and ob-
tain the final textual representation 7.

Heterogeneous Prompt Reasoning

To mine the inherent connection of scene text in image and
caption, we introduce heterogeneous prompt learning via
visual and text prompt. Visual prompt provides context of
scene text to alleviate local noise, while text prompt predicts
discriminative scene text words in caption for alignment.

Visual Prompt. To enhance visual context of scene text
in images which alleviates local noise, we devise a visual
prompt to save its context at the pixel level. Given an im-
age that contains scene texts, we detect their position as

{sbrory )y = {(x1,91), (T2, 92), (23, y3), (24, 94) } 5y by
the OCR tool (here we use paddleOCR). Then we generate
the visual prompt by locating scene text in the image with a
visual clue marker according to the position s22°¢ € R**2,
This visual prompt hints at the positional information and
the surroundings information like background for reasoning
to alleviate local noise. In Table 4, we also provide an em-
pirical analysis for different shapes of visual clue markers
(i.e., circle, square). Meanwhile, we introduce text prompt
reasoning to reduce the cross-modal disparity of scene text

by aligning them via heterogeneous prompt learning.

Text Prompt. To align the semantically identical scene-
text that exists in both images and captions for narrowing
the cross-modal gap, we first utilize the proposed DEI mod-
ule (discussed below) to identify discriminative scene-text
tokens in captions, a process that mimics human reasoning.
Then, we generate the text prompt with a pre-defined prompt
template for extracting scene-text features in caption.

Discriminative Entity Inferring. DEI aims to predict the
discriminative scene-text tokens in captions as humans do
for entities reasoning. For example, given the caption “He
wears jersey No.63.”, humans can easily detect “63” as the
discriminative scene-text token. Technically, DEI is com-
posed of a pre-trained BERT, followed by two MLP layers
and a softmax layer. DEI is designed to project the input into
two probability values enabling binary classification to dis-
cern whether the word in captions is an OCR token. Then
we fine-tune DEI on the TextCaps-OCR (Zhou et al. 2022)
dataset and utilize the cross-entropy of the softmax’s output
and the real label (1 for OCR and 0 for non-OCR) of words
as the loss. Note that DEI is pre-trained and particularly
used for predicting scene-text words in captions. Also, we
conduct experiments to independently assess the DEI mod-
ule’s accuracy in predicting scene text tokens . After obtain-
ing scene-text tokens S in captions, we integrate them with
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the pre-defined Prompt Template to build the text prompt
which mimics human thinking: “There are scene texts: [S]
in this image.” Here, we follow the interesting finding in
CLIP (Radford et al. 2021), putting quotes around the text to
be recognized can improve performance in OCR task. When
there is only one scene-text token, we use prompt template
“There is scene text: [S] in this image.” as a replacement.
If there is no scene text detected from captions, we use the
prompt template “There may not be any scene text in this im-
age.” instead. We explore more prompt designs in Table 5.

Perceptive Entity Distilling
{ rocr N

Although multi-modal OCR entities X" o n=1
contain scene-text information from various modalities (i.e.,
visual, semantic and position), they are unorganized and un-
compact due to the correlation among them is not built, and
it will cause the semantic ambiguity. To alleviate this prob-
lem, we introduce a Perceptive Entity Distilling (PED) mod-
ule, which consists of multiple distilling layers that leverage
the slot attention mechanism (Locatello et al. 2020). Slot at-
tention is originally proposed in the object discovery task.
Specifically, it initializes a set of learnable vectors as object
slots, then object slots are used to interact with inputs and
iteratively group information belonging to the same object.
Inspired by its grouping characteristic, we propose the PED
module to distill valuable scene-text information by perceiv-
ing multi-modal OCR context from multiple attributes and
learn property-centric features as the final representation.

Specifically, we distill a set of L property-centric slots
from OCR features X°°" using a set of L learnable slots and
the slot attention mechanism (Locatello et al. 2020). First,
PED initializes L learnable property slots E® € RX*P from
a Gaussian distribution A/(0, 1), D is the embedding dimen-
sion of each slot. Then, multiple weights-shared distilling
layers are introduced to iteratively distill the slots,

Et — (}Q(Et_l;xocr) c RLXD, (6)

where (-) is the cross-attention layer. In detail, we first
norm E‘~! and X°“ by layer normalization. Then, the
input OCR features X°°" are projected as K € RV*Dn,
V € RV*Pr and Ef~! are projected to Q € RE*Pr. Dy,
is the dimension of the hidden state. Afterward, the atten-
tion between them is calculated as follows:

KQT> c RNXL
\/Dh ’

herein, Softmax(-) is calculated over property-slots direc-

tion. This way lets slots compete with each other, encourag-
ing them to focus on distinct properties. With the ¢-th rela-
tionship matrix A, PED updates slots E as follows:

A' = Softmax ( N

n,k
P

N
Zn:l A

n,k

E = (At)TVWO + Etil,whereAf%k =
®)

Ef = @(Etil; XY = FFN(Et) +Et,
where W, denotes a learnable projection matrix, and FFN

refers to the feed-forward neural network. FFN is composed
of alinear layer, GELU activation, and a normalization layer.



CTC-1K CTC-5K
METHOD IMG—TEXT TEXT—IMG RSUM IMG—TEXT TEXT—IMG RSUM
R@] R@5 R@I0 R@1 R@5 R@I0 R@] R@5 R@I0 R@1 R@5 R@I0

SCAN (Lee et al. 2018) 363 637 752 266 53.6 653 320.7 228 456 543 123 286 399 203.5
VSRN (Li et al. 2019) 382 674 79.1 266 542 662 331.7 237 476 59.1 149 347 455 225.5
STARNet (Mafla et al. 2021) = 44.1  74.8 82.7 315 608 724 366.3 264 51.1 63.9 17.1 374 483 2442

Dise-OCR (Zhou et al. 2022) - - - 354 68 74.9 178.3 - - - - - - -
ViSTA-S (Cheng et al. 2022) [ 525  77.9 872 367 662 778 3983 31.8 56.6 67.8 20 429 544 273.5

HM (Zhou et al. 2023) - - - 382 694  79.7 187.3 - - - - - - -
VISTA (Zhou et al. 2024) 375 625 73.9 394 656 7438 353.7 204 39.1 496 | 245 454 554 234.4

Table 1: Comparisons with SOTA methods on CTC dataset.

HOPID
MG STEXT TEXTSIMG

METHOD  p@; Res5 R@l0 Re@l R@5 R@i0 "SUM
VSRN 43 349 462 95 262 372 1683
SCAN 232 505 635 141 376 521 2410
STARNet 287 537 651 198 40.0 516 2590
Dual Encoder 529 764 832 405 630 711  387.1
VISTA 391 592 688 379 575 661 3286
HOPID 639 835 892 495 707 786 4354

Table 2: Comparisons with SOTA methods on TextCaps.

After these iterative updates, PED distills valuable entities
among unorganized multi-modal OCR entities by perceiving
multiple attributes at a fine-grained level to alleviate seman-
tic ambiguity. Then, we use the average pooling to capture
the overall representation of slots and obtain the robust scene
text representation as F = Avg(E?).

Training Objective
OCR-aware Contrastive Learning. To align the final
OCR-aware visual feature V' with the final textual feature

T in a joint embedding space, we employ a triple ranking
loss (Faghri et al. 2018; Lee et al. 2018), defined as follows:

Lus(V.T) = 3 [S(V.T) = S(V.T) +a]

®

)

T

+ {S V.T)—S(V.T }

> [s07.1) - s (v +a] |

%
where (V, T') is a positive image-text pair, (V, ") and (V, T)
are negative image-text pairs in the batch, o > 0 is a mar-
gin parameter, [z], = max(z,0) and S () is the cosine
similarity function. Given a positive pair (V,T'), the hard-
est negatives are calculated by V' = argmax,»yvS(z,T)
and T' = argmax 47S(V, d) in a mini-batch.

Experiments
Datasets

We conduct the experiments on two cross-modal retrieval
datasets: COCO-Text Captioned (CTC) (Mafla et al. 2021)
dataset and TextCaps (Sidorov et al. 2020) dataset. CTC
contains two test sets, CTC-1K and CTC-5K. For fair com-
parisons, we strictly follow its previous split. On TextCaps,
following before SOTA method (Miyawaki et al. 2022), we
use 21,953 images for training and 3,166 images for testing.
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Evaluation Metric

For evaluation, we use Recall @K, defined as the percentage
of queries with correctly matched in the top-k retrieval re-
sults. We also report RSUM, which is the sum of Recall@K
atK € {1, 5,10} in both image-text and text-image retrieval.

Implementation Details

We set the number of iterations of PED ¢ = 2, the dimen-
sion of each slot and OCR feature as D = 2048. Following
Mafla et al. (2021), we set the maximum number of OCR to-
kens NV =20 and the maximum number of objects M =36.In
addition, we use paddleOCR to detect and recognize scene
texts in images, selecting top-20 confident results. In cases
where the number of OCR tokens is less than 20, we use
zero-padding instead. Furthermore, the batch size is set to
300 and the model is trained and evaluated on one RTX 4090
GPU for 30 epochs. Adam optimizer is used with 51 = 0.9,
Bo = 0.999, e = 10~7, and a learning rate of 2e — 4.

Comparison with State-of-the-Art

In this section, we present the performance comparisons of
HOPID and recent SOTA methods in Table 1 and Table 2.

Results on the CTC Dataset. As shown in Table 1, our
HOPID achieves the best performance on both CTC-1K
and CTC-5K test sets. We can observe that, compared with
using scene text independently, utilizing both local and
global alignment can better release the potential of hetero-
geneous scene text. Our HOPID leverages the pre-trained
CLIP model which performs poorly in CTC dataset, while
HOPID achieves a substantial performance improvement,
reaching a margin of +58.5 in RSUM compared to the sin-
gle CLIP model. Moreover, by distilling property-centric
features from scene text through PED, HOPID outperforms
those methods that do not explicitly filter scene text, it im-
proves [2T-R@1 on CTC-1K by +9.3% compared to ViSTA.
Results on the TextCaps Dataset. In Table 2, HOPID out-
performs all previous SOTA methods on TextCaps dataset,
even VISTA, which uses EVA-CLIP with retraining with ad-
ditional data. In detail, our HOPID brings substantial im-
provement across all metrics and outperforms comparison
methods with RSUM = 435.4. This improvement benefits
from heterogeneous prompt learning, which captures diverse
manifestations of the scene text for alignment. Our HOPID
still surpasses Dual Encoder (Miyawaki et al. 2022) which
models OCR from single-modality, with a margin of +11%



CTC-1K CTC-5K
Ablation IMG—TEXT TEXT—IMG RSUM IMG—TEXT TEXT—IMG RSUM
R@]l R@5 R@]0 R@]l R@5 R@I10 R@l R@5 R@]0 R@l R@5 R@I0

A Baseline 441 733 82.6 303 59.0 716 3609 248 509 63.8 16.5 364 474 239.8
B Baseline+PED 448 747 84.3 305 587 72.0 3650 262 512 64.1 16.3 363 46.9 240.8
C Baseline+T 483 758 86.2 312 60.8 72.5 3748 274 532 65.0 159 351 45.9 242.5
D Baseline+V 514 797 87.1 359 644 764 3949 319 583 70.1 21.0 428 53.9 277.9
E Baseline+O+T 521 77.0  86.9 372 658 77.1 396.1 339 60.1 704 204 419 52.8 279.6
F  Baseline+V+T 53.7 819 89.9 37.8 666 775 4074 346 602 714 213 432 54.4 285.1
G Baseline+O+T+PED 522 79.0 87.6 383 67.0 782 4023 351 59.0 692 210 430 53.6 280.9
H Baseline+V+T+PED | 61.8 869 933 46.1 72.1 82.1 4423 422 682 774 277 515 61.6 328.6

Table 3: Ablation study on both CTC-1K and CTC-5K. “(T) Text prompt”, “(V) Visual prompt”, “(O) Original image feature”.

Arrow
439.7

Circle Cross
442.3 437.1

Square
439.7

Shape
RSUM

Quadrilateral
439.4

Table 4: Comparisons with different visual prompt shapes.

Text Prompt Template 12T @5 T2I@5
1 | without text prompt 78.5 64.9
2 | There is no ST in this image. 78.4(-0.1)  62.7(-2.2)
3 | This photo can detect ST: [S]. 78.2(-0.3)  65.1(+0.2)
4 | This photo contains ST: [S]. 78.9(+0.4) 66.0(+1.1)
5 | There are ST: [S] in this image. | 79.0(+0.5) 67.0(+2.1)

Table 5: Comparisons with different text prompt templates
on CTC-1K. ST is short for scene texts. S denote scene text
words predicted by DEI from captions.

in I2T-R@1. This indicates that PED module can effectively
perceive scene text from multiple perspectives (i.e., visual,
semantics, and position) to learn robust scene text features.

Ablation Study and Analysis

To further investigate the specific effects of each module in
the proposed method, we conduct ablation studies on CTC-
1K and CTC-5K in Table 3. Here, the “Baseline” refers to
the model without the PED, the visual prompt, and the text
prompt components. The “O” means the original global fea-
ture instead of the one with the visual prompt. After that,
more analyses of our modules are presented.

Ablation Study of Text Prompt. In models ‘A and C’,
when adding the text prompt, the RSUM is increased by
+13.9% and +2.7% on CTC-1K and CTC-5K, respectively,
which shows that the text prompt can obtain a crucial dis-
criminative entity feature from captions. In models ‘D and
F’, combining the text prompt with the visual prompt leads
to an obvious gain. We ascribe this improvement to hetero-
geneous prompt learning, which aligns scene text from im-
age and caption by leveraging the heterogeneous concepts.
Ablation Study of Visual Prompt. In models ‘A and D’, we
find that the visual prompt contributes a large improvement
in all metrics, indicating that it enriches visual context. Con-
cretely, visual context mitigates the local noise by providing
surrounding information about scene text. Compared with
the original global feature (model ‘E’), we note that the vi-
sual prompt (model ‘F’) elevates RSUM from 396.1 to 407.4
in CTC-1K. This validates that the visual prompt combined
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with the text prompt can hint the location and the scene text
itself which was previously overlooked. In models ‘G and
H’, we observe a notable increase across all metrics. This
is attributed to the heterogeneous prompt learning and our
PED, which reduces the cross-modal disparity of scene text.

Ablation Study of the PED Module. In models ‘A and B’
together with ‘E and G’, we find a little performance gain
on the RSUM metric. This means that PED distills and in-
tegrates information from the unorganized and uncompact
OCR features, thereby focusing on property-centric repre-
sentation by perceiving multiple attributes at a fine-grained
level to ease semantic ambiguity. In models ‘F and H’, com-
bining PED with the heterogeneous prompts (model ‘H’)
significantly outperforms the one without PED (model ‘F’).
This shows that PED is more effective at distilling valuable
entities of scene text when working in conjunction with vi-
sual prompt. In detail, visual prompt enhances PED’s ability
to perceive entity attributes by providing visual context of
scene text. To further investigate the synergy between PED
and visual prompt, we visualize attention maps in Figure 3.

Effect of Different Templates of Text Prompt. In Table 5,
we report the performance of five different prompt templates
to explore the effect of text prompt on CTC-1K. The experi-
ment setting follows ‘G’ in ablation study. First, we observe
that various text prompt strategies (rows 3 to 5) outperform
the baseline (row 1) without any text prompt, achieving im-
provements of +0.2%, +1.1%, and +2.1% in T21@5, respec-
tively. Indeed, our text prompt strategy consists of prompt
template and scene text words S predicted by DEI from cap-
tions. To further clarify whether the improvement is made
by discriminative scene text words S or the prompt template
itself, we experiment with the toxic text prompt (row 2) tem-
plate for all image-text pairs. The performance of the toxic
prompt is worse than the one without text prompt (row 1)
and decreases by 2.2% in T2I@5, indicating the toxic text
prompt is harmful to our retrieval task. Therefore, it high-
lights the significance of scene text words S predicted by
DEI module from captions, which are then used to construct
text prompts with pre-defined prompt templates for cross-
modal alignment. Moreover, our prompt template (row 5)
exceeds the others (row 3) with a gain of +0.8% in 2T @5.
We conjecture that the ‘detect’ in the prompt template (row
3) might mislead the model into treating it as a scene-text de-
tection task, resulting in excessive focus on scene text rather
than regarding it as auxiliary information for retrieval.
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Figure 3: Visualization of attention maps of two examples.

Prompt: There is scene text: “754” in this image.
Bonds holding onto a baseball with the number 754 written next to him.

|-

STARNet

Figure 4: Top-5 text-to-image retrieval results.

Effect of Different Types of Visual Prompt. We conduct
experiments with different shapes of visual clue markers for
visual prompt on CTC-1K in Table 4, following experiment
setting ‘H’ in ablation study. We observe that the red circle
serves as a more effective shape for visual prompt. Thus we
conjecture that the red circle mitigates local noise more ef-
ficiently by hinting at more accurate location information of
scene text and reserving more surroundings information.
Effect of Slots Number in the PED Module. In this exper-
iment, we investigate how the number of learnable property
slots in the PED module influences the property-centric rep-
resentation. The experiment setting is the same as ‘G’ in the
ablation study. As depicted in Figure 5, the result shows that
too many property slots (N > 10) lead to little distinction
between similar property entities. This phenomenon makes
it difficult to distill valuable scene text entities. Further-
more, it is noteworthy that when N = 1, the model struggles
to perceive semantic ambiguity encountering difficulties in
choosing discriminative property. Therefore, we set N = 10,
a suitable number of property slots that alleviates seman-
tic ambiguity arising from unorganized and uncompact OCR
features by perceiving multiple attributes of the entity.
Evaluation of the DEI Module. To evaluate the accuracy of
DEI in predicting OCR words from captions, we experiment
on TextCaps-OCR. The results show that DEI reaches a pre-
cision of 88.6% for OCR words and 98.0% for non-OCR
words, providing a reliable guarantee for text prompt.
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Figure 5: Comparisons with the number of property slots in
PED evaluated on CTC-1K.

Qualitative Analysis

Attention Maps. We provide the visualization examples to
discuss how the contextual information of scene text and
property-centric representation benefit our task. In Figure 3
(a), we can see the model attends to shop signs (‘King’s’
and ‘Cross’) and the subway sign (‘underground’), corre-
sponding to the ‘sign’ in text query. We argue that it benefits
from the ability of PED to focus on properties and perceive
similar attributes scene-text entities (‘sign’ in the image). In
addition, with the assistance of the visual prompt, the region
(‘King’s Cross’, row 2 in (a)) is further emphasized based
on visual context cues, showing the synergy between PED
and visual prompt. In Figure 3 (b), we can see that the at-
tention map without visual prompt overlooks the ‘Police’ in
the image. However, with the inclusion of visual prompt, the
position information of scene text is hinted. Through hetero-
geneous prompt learning, our model adjusts its attention to
the scene text that was previously disregarded.

Retrieval Results. Figure 4 shows the top-5 retrieval results
of text-to-image. The number on the bottom right of each
image indicates ranking. Our HOPID retrieves the correct
image in rank 1, while the STARNet (Mafla et al. 2021) can-
not get it. In particular, the image ranked third by STARNet
exhibits the semantic ambiguity issue. The number ‘54’ here
refers to the one on the airplane, but the query means the
“754’ written next to Barry Bonds. Indeed, this issue is often
caused by semantic-only and unorganized OCR representa-
tion, while our PED module can alleviate this phenomenon
by learning the property-centric representation of scene text
in image for comprehensively understanding scene text.

Conclusion

This paper proposes a heterogeneous prompt-guided net-
work to explore the heterogeneous scene text in images
and captions and obtain property-centric scene text repre-
sentation to address the challenges of understanding scene
text in cross-modal retrieval. DEI infers discriminative enti-
ties from captions to build text prompt, benefiting retrieval,
while visual prompt reduces local noise via marking scene
texts in images. This heterogeneous prompt learning nar-
rows the cross-modal gap of scene text. Moreover, PED dis-
tills salutary information to obtain a robust scene text rep-
resentation. Our HOPID achieves state-of-the-art results on
two scene-text aware cross-modal retrieval datasets.
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