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Abstract

In the era of big data, cross-modal retrieval is increasingly
important in research and application. Given the latent com-
plexity and non-intuitive nature of cross-modal relationships,
leveraging external knowledge such as large models has be-
come a popular approach to facilitate modality alignment.
Existing methods typically address these challenges by fine-
tuning model encoders or using a fixed number of prompts.
However, these approaches struggle with the significant infor-
mation asymmetry between image-text pairs and the high dis-
tribution diversity of image data. These limitations not only
introduce noise during training but also reduce the accuracy
and generalization capabilities in cross-modal retrieval tasks.
To address the above issues, this paper proposes Adaptive
Prompt-Based Semantic Embedding with Inspired Potential
of Implicit Knowledge (APSE-IPIK). On one hand, we pro-
pose an inspire potential strategy to extract fine-grained
and multi-perspective text descriptions from large-scale pre-
trained multimodal models, which can be seen as implicit
knowledge injection. These descriptions are integrated into
the visual-semantic embedding through cross-modal seman-
tic alignment with images, balancing the information asym-
metry between modalities and reducing the embedding of
inaccurate mapping relationships. On the other hand, we
construct an instance-level query-based prompt pool strat-
egy to adaptively extract the most relevant prompts, address-
ing alignment biases caused by intra-modal (especially im-
age) data diversity and improving alignment accuracy. Exten-
sive experiments are conducted on two widely used datasets,
Flickr30k and MSCOCO, which show the effectiveness of the
proposed method.

Introduction

Under the background of today’s digital society, the value
and significance of cross-modal retrieval are increasingly
prominent. With the rapid growth of primary modalities such
as images and text, information retrieval and utilization are
no longer confined to a single modality (Peng, Huang, and
Zhao 2018). Cross-modal retrieval allows users to query in
one modality (e.g., text) and retrieve results in another (e.g.,
images or videos), significantly enhancing the scope and ef-
ficiency of information retrieval. By effectively handling se-
mantic differences across modalities, cross-modal retrieval
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Figure 1: Subfigure (a) illustrates the asymmetry of infor-
mation between modalities (some visual information in the
image is not described in the text description) , while sub-
figure (b) demonstrates the distribution diversity of images,
which are randomly sampled from the MSCOCO dataset.

offers more accurate and personalized services, driving the
development of next-generation intelligent systems.

The main challenge of cross-modal retrieval is the incon-
sistent representation space for different modalities, i.e., het-
erogeneity gap. The most direct and mainstream approach is
to learn a unified representation that is structurally consis-
tent, thereby eliminating inconsistencies in modalities while
preserving semantic consistency. Traditional methods use
linear mapping (i.e., mapping matrices) as the unified repre-
sentation model. These types of methods is exemplified by
Canonical Correlation Analysis (CCA) (Hotelling 1992) and
Orthogonal Canonical Correlation Analysis (OCCA) (Wang
et al. 2020a). However, due to the complexity of the rela-
tionships in cross-modal data, linear models often have sig-
nificant limitations in their effectiveness. To overcome these
limitations, researchers have turned to deep networks as the
basic mapping model (Ngiam et al. 2011; Wei et al. 2017).



These deep learning methods have demonstrated significant
advantages in performance, becoming the mainstream ap-
proach.

In recent years, we have witnessed the rise of multimodal
pre-trained large models (Radford et al. 2021; Brown et al.
2020; Li et al. 2022a). These large models can be seen as
sources of implicit knowledge, which significantly benefit
the cross-modal semantic understanding and alignment. For
example, CLIP (Radford et al. 2021) has shown strong ca-
pabilities in integrating and understanding vision-language
information, particularly excelling in zero-shot and few-shot
learning (Li et al. 2022b). Given their potential for general-
ization, a new phase of cross-modal retrieval has emerged,
where large models serve as foundational components (Zhuo
et al. 2022; Yu et al. 2022; Zhu and Li 2023).

Following this idea, current methods primarily adjust en-
coder parameters through direct fine-tuning on downstream
retrieval task data. For example, Bin et al. (Bin et al. 2023)
utilized pre-trained encoders for images and texts, and fur-
ther trained them on cross-modal retrieval datasets. During
training, a triplet loss function is used to maximize the sim-
ilarity between matched image-text pairs while minimizing
the similarity between unmatched pairs, enhancing the en-
coder’s performance in cross-modal retrieval tasks. Alterna-
tively, fixed prompts can be used to guide and optimize en-
coder performance. Prompts, which are special tokens added
to input data, help the model better learn cross-modal inter-
action. For instance, Zang et al. (Zang et al. 2022) proposed
a method that learns a tiny neural network to jointly opti-
mize prompts across different modalities, effectively captur-
ing and integrating information from both text and visual
modalities, thereby enabling the model to perform well in
cross-modal retrieval tasks.

However, in cross-modal retrieval tasks, there is often sig-
nificant information asymmetry between different modali-
ties, such as images and text. Images capture a direct and
detailed reflection of the natural world, while text offers a
rationalized, abstract, and symbolic description of the image
content, which typically fails to convey all the intricate ele-
ments contained within the image, as illustrated in Fig. 1 (a).
This asymmetry can lead to inaccurate mappings when fine-
tuning pre-trained models, preventing the model from cap-
turing detailed image features in the shared semantic space.
Additionally, within modalities (especially the image modal-
ity), there is often a high degree of distribution diversity, as
shown in Fig. 1 (b). A fixed set of prompts, on the one hand,
has limited expressive range, failing to capture subtle differ-
ences and rich contexts in images, and on the other hand,
lacks the flexibility to adapt to rapidly changing content,
making it difficult to encompass the multi-layered seman-
tics present in the images. These challenges, to some ex-
tent, limit the accuracy and generalization ability of existing
methods in cross-modal retrieval tasks.

Based on the above analysis, we propose the Adaptive
Prompt-Based Semantic Embedding with Inspire Potential
of Implicit Knowledge for Cross-Modal Retrieval(APSE-
IPIK) method, which aims to address the challenges of infor-
mation asymmetry in cross-modal data alignment and distri-
bution diversity within modalities. Addressing information

17486

asymmetry between modalities, inspired by the powerful
contextual understanding and content generation capabilities
of generative large models, we propose the inspire poten-
tial strategy. This strategy leverages the rich implicit knowl-
edge within generative multimodal large models to generate
multi-perspective image descriptions, thereby supplement-
ing the semantic information in the original text and effec-
tively mitigating the noise introduced by information asym-
metry. Furthermore, existing methods typically use a fixed
number of prompts when handling the distribution diversity
within modalities, especially the image modality. However,
fixed prompts have limited expressive power, making it dif-
ficult to capture subtle differences and rich contexts within
images. To solve this problem, we introduce the instance-
level query-based prompt pool strategy, which dynamically
selects prompts through instance-level queries to capture
more detailed image information based on the input image’s
characteristics, thereby optimizing retrieval accuracy. Ulti-
mately, by integrating the inspire potential strategy with the
instance-level query-based prompt pool strategy, the APSE-
IPIK framework effectively addresses the challenges posed
by information asymmetry and distribution diversity within
modalities. Main contributions of this paper are as follows:

» This paper proposes an Inspire Potential Strategy
that leverages latent knowledge from large-scale pre-
trained multimodal models to extract fine-grained, multi-
perspective text descriptions, alleviating information
asymmetry between different modalities and reducing
the risk of inaccurate mappings.

This paper designs an Instance-Level Query-Based
Prompt Pool Strategy, which can flexibly handle the
intra-modal data diversity of images, significantly en-
hancing cross-modal alignment accuracy and improving
the model’s generalization ability in complex scenarios.

Related Work

Cross-Modal Retrieval

Cross-modal retrieval is a retrieval paradigm that spans dif-
ferent modalities such as images, videos, and texts. Early,
the traditional methods typically learn linear mapping ma-
trices by optimizing specific statistical measures. Canoni-
cal Correlation Analysis (Hotelling 1992) is the first widely
used cross-modal model, which optimizes the model by
maximizing the correlation between paired data from dif-
ferent modalities.

With the powerful learning capabilities demonstrated by
deep networks in fields such as image recognition and video
classification, some efforts have been made to use deep net-
works to learn unified representations for cross-modal re-
trieval. Huang et al. (Huang, Peng, and Yuan 2017) proposed
the CHTN method, which achieves effective cross-modal
alignment and improves model generalization by transfer-
ring knowledge from a single media source domain to a
cross-media target domain. Lee et al. (Lee et al. 2018) pro-
posed a stacked cross-attention mechanism for fine-grained
image-text alignment, improving cross-modal matching ac-
curacy and efficiency. Chen et al. (Chen et al. 2020) pro-
posed a multi-step alignment mechanism and a memory dis-



tillation unit, the method progressively captures fine-grained
semantic correspondences between images and text, signif-
icantly enhancing the performance of bidirectional retrieval
between vision and language. Cheng et al. (Cheng et al.
2021) designed a semantic alignment module within a cross-
modal retrieval network to fully explore the potential cor-
respondence between images and text. Zhang et al. (Zhang
et al. 2022) developed a dual-branch mechanism exploit-
ing mismatched fragments to improve image-text match-
ing robustness and discriminability. Feng et al. (Feng, He,
and Peng 2023) introduced a two-step reasoning mecha-
nism leveraging intra- and inter-modal relations to enhance
image-text embeddings. Li et al. (Li et al. 2023) proposed
a cross-modal association learning method based on a deep
residual shrinkage network, adding a deep residual shrink-
age block to a dual-stream residual network to improve
training efficiency and obtain more discriminative embed-
ded features.

In recent years, large-scale pre-trained models have
demonstrated significant capabilities in the field of
cross-modal retrieval. With the success of these models,
researchers have widely adopted them as foundational
architectures to further advance vision-language retrieval.
For example, Zhai et al. (Zhai et al. 2022) built on ALIGN
by introducing the concept of locked image-text tuning,
improving generalization by freezing the image encoder and
only fine-tuning the text encoder. Wang et al. (Wang et al.
2021) integrated multiple pre-trained vision and language
experts in a unified framework built on BLIP. Additionally,
Bin et al. (Bin et al. 2023) proposed a framework combining
dual-stream encoders with transformers for cross-modal
retrieval, effectively leveraging the power of transformers
to align and fuse information from different modalities for
improved retrieval performance.

Prompt-Tuning of Large Models

Among existing strategies for fine-tuning large models,
common approaches include traditional full fine-tuning,
adapter-based fine-tuning, prompt-based fine-tuning, and
Low-Rank Adaptation. Prompt Tuning has been widely ap-
plied in downstream tasks, offering the advantage of enhanc-
ing the model’s expression and understanding by incorporat-
ing or adjusting prompts in the input. This method guides
the model to capture key features more accurately, im-
proving downstream task performance. For example, Zhou
et al. (Zhou et al. 2022) proposed CoOp, which dynami-
cally learns and optimizes prompts in image classification
tasks, allowing the model to generate contextually relevant
prompts based on different image categories, significantly
enhancing the model’s classification performance in new
categories. Jia et al. (Jia et al. 2022) introduced VPT, which
adds a small number of trainable parameters before im-
age embedding while keeping the backbone model frozen,
achieving performance improvements in downstream visual
tasks.

In continual learning, Wang et al. (Wang et al. 2022)
proposed L2P, which employs dynamic retrieval of task-
relevant prompts to preserve the contextual knowledge of
prior tasks and mitigate catastrophic forgetting by prevent-
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ing the overwriting of earlier knowledge during new task
training. In the cross-modal analysis area, Xing et al. (Xing
et al. 2024) proposed a dual-modal prompt tuning method
that simultaneously tunes visual and textual prompts, en-
hancing the adaptability and expressiveness of pre-trained
vision-language models in downstream tasks. Liu et al.
(Liu et al. 2023) proposed a deeply coupled cross-modal
prompt learning method that strengthens the interaction be-
tween vision and language through multi-head attention
modules, improving prompt learning effectiveness in cross-
modal tasks.

The Proposed Method

The following is a detailed description of the overall
architecture and workflow of the APSE-IPIK method (as
shown in Fig. 2).

CLIP-Based Retrieval Baseline

In this subsection, we present the CLIP-based retrieval
baseline of our APSE-IPIK. Considering that the vision-
language retrieval task is mainly to match paired images
and text, we employ the CLIP-based encoders to learn the
discriminative deep embedding. Firstly, we define the input

data as a set of image-text pairs D = (v;, ti)ij\il, where v;
represents the i-th image and ¢; denotes the corresponding
textual description. We use CLIP’s image embedding layer
E M B; to obtain the image embeddings and the text embed-
ding layer E M By to obtain the text embeddings. We let f,
and f; be the encoders for images and text, respectively. Due
to the requirements of the instance-level query-based prompt
pool strategy, we take the feature ¢ after the image passes
through the final layer of the transformer in the image en-
coder as the query feature. The deep embedding 2! and 2}
can be formulated as:

iemb = EMBl(U,L)
te_mb = EMB; (ti)
Zf; = fu(vi)
zp = filts)

To maximize the similarity of paired image-text pairs, a
contrastive loss function L¢yp is used to ensure that the sim-
ilarity between paired image-text pairs is as high as possible,
while the similarity between non-paired image-text pairs is
minimized. The L¢y,p is defined as:

(D

oy /T

L, = *ZOQ(W)
; eGH2h) /7
L% = *ZOQ(W) (2)
k=1
Lewp = 300, (L + L) /2

Inspire Potential Strategy

In cross-modal retrieval, there is often significant informa-
tion asymmetry between images and text. Images, as di-
rect representations of the natural world, contain rich visual
information, while text, being a rationalized, abstract, and
symbolic expression, often fails to fully capture the details
of images. This asymmetry can lead to incorrect mappings
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Figure 2: This is the overall framework diagram of our APSE-IPIK. On one hand, we extract detailed image information from
the rich implicit knowledge embedded in generative multimodal large models, and inject it into the original text information
to achieve data augmentation, thereby alleviating information asymmetry. On the other hand, we employ an instance-level
query-based strategy to retrieve relevant prompts from an adaptive prompt pool, reducing the alignment biases caused by the

distribution diversity of images.

when fine-tuning pre-trained models, causing the loss of im-
age detail in the shared semantic space. However, generative
multimodal large models can generate multi-perspective im-
age descriptions, which, when injected into the original text,
can effectively mitigate this asymmetry. Inspired by this,
we propose the Inspire Potential Strategy. This strategy uses
multi-perspective questioning to guide the generative multi-
modal large model (BLIP2 adopted in this paper) in creating
rich, fine-grained descriptions, which are then injected into
the text as external implicit knowledge to address the infor-
mation asymmetry. We consider three main perspectives for
questioning.

Global perspective: This aims to comprehensively capture
the overall semantics and contextual details of the image.
Specifically, given an image v;, we utilize the generative
multimodal large model to generate a corresponding global
description ¢/ , ensuring that the textual information covers
the key context of the image. The generated form is as fol-
lows:

t{ = BLIP2(Q*,v;) 3)

where Q% is the question: “What does this photo describe
overall” ?
Background perspective: This aims to capture richer se-
mantic context within the image. Specifically, given an im-
age v; , the generative multimodal large model is used to
generate a corresponding background description ¢ , ensur-
ing that the model takes into account the surrounding envi-
ronment and contextual factors when processing the image.
The generated form is as follows:

t? = BLIP2(Q", v;) 4)

where QP is the question: “What scene does the background
of this image depict” ?
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Entity perspective: This aims to capture the key content
and core elements within the image, enabling the model to
accurately identify and match corresponding relationships
across different modalities. Similar to the previous process-
ing, this perspective generates descriptions based on the en-
tities within the image to capture the main objects and im-
portant details. The generated form is as follows:

¢ = BLIP2(Q",v,) 5)

where Q¢ is the question: “What objects are detected in this
image” ?

At this point, we have obtained a richer and more compre-
hensive set of text descriptions T = {t;,t7,%,¢¢}, which
focus on different aspects of the image, capturing compre-
hensive semantic information. These descriptions serve as
supplements to the original text, alleviating the limitations of
the original text in expressing image details. This enhances
the model’s adaptability when dealing with image-text in-
formation asymmetry and effectively reduces retrieval er-
rors caused by semantic gaps or biases. The original text,
along with the descriptions generated from different per-
spectives, is then used as input to the CLIP text encoder
ft(z) to obtain the corresponding set of text embeddings
Z=A{z,%,,%,%.} -

Note that only in the prompt training phase, we follow
the above steps to generate extended text descriptions 7',
where the texts are independently aligned with the images,
thereby expanding each original image-text pair into 4
positive pairs to enhance the model’s understanding of the
relationship between images and text. In the testing phase,
given that the model’s modality alignment capability has
been effectively improved, to ensure model consistency
and simplify computation, we only use the embedded



representation of the original text ¢; , while the additional
text descriptions generated based on the inspire potential
strategy are not performed.

Instance-Level Query-Based Prompt Pool Strategy
In cross-modal retrieval tasks, textual data, characterized
by its abstract and symbolic nature, can be effectively pro-
cessed by modern large-scale model encoders, which are
sufficiently robust to handle most textual information. In
contrast, image data exhibits significant distribution diver-
sity, with varying content, styles, and contexts across differ-
ent images. Given that the semantic search scope of users
cannot be explicitly constrained, this diversity necessitates
highly adaptive models capable of capturing the unique fea-
tures of each image. Inspired by L2P (Wang et al. 2022) , we
propose an instance-level query-based prompt pool strategy
(as illustrated in Fig. 3). Building upon this foundation, we
adapt and extend this concept to the cross-modal retrieval
problem to address the unique challenges of information
asymmetry between modalities and image distribution di-
versity. Specifically, our strategy employs an instance-level
query mechanism to dynamically select the most relevant
prompts for each image, capturing key visual features and
guiding the model to focus on these features, thereby en-
hancing retrieval accuracy. The prompt pool is defined as:

P =[PP, Pyl,M#0 (6)

where P; € RL»*P is a single prompt with token length L,,
and the same embedding size D as i, . Denoting {s;} ¥,
as a subset of IV indices from [1, M], we can then adapt the
input embedding as follows:

fﬂp—[P517PS2,"';P3N;’iemb],1SNSM (7)

where ; represents concatenation along the token length
dimension. Different images correspond to their respec-
tive sets of prompts, enabling the joint encoding of knowl-
edge for the model to process. The diverse combinations of
prompts effectively handle the variability in image distribu-
tions, reducing retrieval errors caused by the diversity of im-
age distributions. To achieve this, we designed an instance-
level query-based strategy. Specifically, for each image, the
selection of prompts is dynamically determined through a
key-value matching mechanism. Each prompt in the prompt
pool is associated with a learnable key, allowing the model
to efficiently match and select the most appropriate prompts
based on the input:

{(k1, P1), (k2, Py),- -, (kn, Pu)} (®)

where k, € RP*. We denote the set of all keys as
K = {k;}M,. To enable the input instance to decide which
prompt to select through query-key matching, we introduce
a query function ¢ : RT*W*C¢ — RDPx which encodes
the input v; into the same dimensional space as the keys. We
directly use the CLIP image encoder as the query function ¢
to obtain the query features. Specifically, we take the inter-
mediate image features zzi, , which are the output of the final
layer of the transformer in the image encoder as the query
features.
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Figure 3: This is a diagram of our adaptive prompt pool
method. Through the instance query strategy, the appropriate
prompt is selected, then combined with the image embed-
ding vector and input into the CLIP encoder for downstream
image to text retrieval tasks.

We define p : RPr x RPx = RP as a function to score
the match between the query and the prompt keys. In this
paper, we use cosine distance as the scoring function. Given
an input v;, we find the top-N keys by simply solving the
following objective function:

ky = argmm p(z k 9
(s}, Cl1, M; !

where k, represents the subset of top-N keys selected
specifically for v; from K. We concatenate the /N prompts
obtained from the query based on the above strategy with
the image embeddings i.,,;, as the input to the image
encoder, and take the output corresponding to the [CLS]
token as the final image feature representation zép

Optimization Objective

We take the image features zf,p obtained after prompt guid-
ance and perform loss calculation with the original text fea-
tures z; as well as the multi-angle descriptive features Z ob-
tained based on the inspire potential strategy. On the one
hand, to extract the semantic information missing from the
original text through multi-perspective image-based descrip-
tions and avoid introducing noise. On the other hand, to en-
able the prompt pool to capture more detailed features of
the image, we optimize the entire model using a triplet loss
function, which is defined as follows:

2)+ sim(, )]s
+[m — sz'm(Z7 Z,Up) + sim(Z, 2} )]+

Liripler = [m — sim(z,

(10)

where m is a margin set as 0.2, and || = max(0,-). Z

and Z denote the negative samples to push away. Because Z
here is a collection of text features, our sim(-) here refers to
the similarity calculation between image features and every
text feature in the text feature set. Finally, the total objec-
tive function of our proposed APSE-IPIK is calculated as
follows:

Liotat = Levip + Liripiet (11)



where the L¢yp, similar to Lyyipiet, is also computed using
both the original data and the additional textual descriptions
generated by the inspire potential strategy.

Experiments

In this section, we conduct extensive experiments on two
datasets, MSCOCO and Flickr30K, to verify the effective-
ness of our proposed APSE-IPIK method. The source code
is available at https://github.com/nynu-BDAI/APSE-IPIK.

Datasets and Evaluations

We conduct the validation experiments on two real-world
benchmark image-text retrieval datasets:

1) MSCOCO (Lin et al. 2014) contains 123,287 images,
where each image is described by 5 different sentences.
For fair comparison, we use Karpathy split (Karpathy and
Fei-Fei 2015). We perform retrieval tasks on the MSCOCO
dataset using the full set of 5K images, which includes re-
trieving target images from the 5K image set or retrieving
relevant sentences from the corresponding corpus.

2) Flickr30K (Young et al. 2014) consists of 31,783 im-
ages collected from Flickr, each of which is annotated with 5
description sentences. Following previous works (Bin et al.
2023), we split this dataset into 29,783, 1,000, 1,000 images
for training, validation, and testing respectively.
Evaluation Metrics: We follow previous works (Karpa-
thy and Fei-Fei 2015) to evaluate the performance with the
RecallQK metric, short in RQK (K=1,5,10). It measures
the percentage of ground-truth hits in the top-K ranking list.
The higher RQK indicates the better performance.

Flickr30K Dataset
Methods Image-to-text Text-to-image RSUM
R@1 | R@5 | R@10 | R@1 | R@5 | R@10

SCAN 674 | 903 | 958 | 48.6 | 717 85.2 465.0

BFAN 68.1 | 914 - 50.8 | 78.4 - -
SGM 71.8 | 91.7 | 955 535 | 79.6 | 86.5 478.6
IMRAM 74.1 | 93.0 | 96.6 | 539 | 794 | 872 4842
GSMN 76.4 | 943 | 973 | 574 | 823 89.0 496.8
SMFEA 737 | 925 | 96.1 54.7 | 82.1 88.4 4875
SHAN 74.6 | 935 | 969 | 553 | 81.3 88.4 490.0
VSEoco 76.5 | 942 | 97.7 | 564 | 834 | 899 498.1
SGRAF 778 | 94.1 97.4 | 585 | 83.0 | 888 499.6
NAAF 81.9 | 96.1 983 | 61.0 | 853 | 90.6 513.2
MGCN 829 | 965 | 989 | 63.2 | 87.1 | 925 | 5211
APSE-IPIK (ours) | 86.3 | 97.6 994 | 72.0 | 925 | 95.1 542.9

Table 1: Comparison results on Flickr30K dataset.

MSCOCO (5K) Dataset
Methods Image-to-text Text-to-image RSUM
R@] | R@5 | R@10 | R@] | R@5 | R@10

SCAN 504 | 822 | 90.0 | 386 | 693 | 804 410.9
PVSE 452 | 743 | 845 | 324 | 63.0 | 75.0 374.3
SGM 50.0 | 793 | 879 | 353 | 649 | 765 393.9
IMRAM 53.7 | 832 | 91.0 | 39.7 | 69.1 79.8 416.5

SGRAF 57.8 - 91.6 | 419 - 81.3 -
DIME 59.3 | 854 | 919 | 43.1 | 73.0 | 83.1 | 4358
NAAF 589 | 852 | 920 | 425 | 709 | 814 430.9
MGCN 59.3 | 849 | 926 | 428 | 732 834 | 4362
APSE-IPIK (ours) | 59.1 | 85.7 94.6 | 451 | 728 | 825 439.8

Table 2: Comparison results on the MSCOCO (5K) dataset.
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Implementation Details

The proposed APSE-IPIK framework was implemented in
PyTorch using NVIDIA A40 GPUs and an Intel® Xeon®
Gold 6330 CPU, running on Ubuntu 22.10. We utilized
CLIP (ViT-Based/32) as our base model. The input images
were resized to 224 x 224 pixels. The model was trained for
10 epochs with a batch size of 128. We employed the Adam
optimizer with (81, f2) = (0.9,0.99) and a weight decay
of 0.2 to update the entire CLIP model. The initial learning
rate was set to le — 6, and a cosine annealing learning
rate scheduler was used to update the entire framework. In
addition, the parameters of the adaptive prompt pool are set
as follows: the prompt pool size M = 10, the number of
most relevant prompts selected per image instance N = 5,
and the length of each prompt L,, = 5.

Comparison Results

We compared our proposed APSE-IPIK method with several
recent models on two benchmark datasets. Table 1 presents
the quantitative results of APSE-IPIK on the Flickr30K
dataset, showing that our method significantly outperforms
the existing state-of-the-art methods across most evaluation
metrics. Specifically, for the image-to-text retrieval task, our
method achieved an R@1 of 86.3, which is 3.4 higher than
the previous best result by MGCN. Similarly, in the text-to-
image retrieval task, APSE-IPIK reached an R@1 of 72.0,
surpassing the second-best MGCN model by 8.8. Over-
all, APSE-IPIK achieved a substantial improvement in the
RSUM score, showing a 21.8 increase compared to MGCN,
further validating the effectiveness of our approach in en-
hancing retrieval accuracy.

Table 2 shows our experimental results on the larger and
more complex MSCOCO dataset. As demonstrated by the
results, our APSE-IPIK also exhibited strong performance.
In the image-to-text retrieval task, our method achieved
an R@1 of 59.1, slightly below the latest MGCN’s 59.3.
However, our method excelled in R@5 and R@10 scores,
reaching 85.7 and 94.6, which are 0.8 and 2.0 higher than
MGCN, respectively. In the text-to-image retrieval task,
APSE-IPIK achieved competitive results. Overall, the
RSUM score reached 439.8, representing a significant im-
provement compared to the latest MGCN and highlighting
the model’s efficiency in handling cross-modal retrieval
tasks on complex datasets.

Bi-Directional Retrieval Results

Fig. 4 (a) and Fig. 4 (b) present examples between APSE-
IPIK and MGCN models on bi-directional retrieval tasks
using the Flickr30K dataset. In the image-to-text retrieval
task, when we use an image as the query, APSE-IPIK ef-
fectively captures key details in the image, such as “a man
in a suit dozes on a park bench, with a sign for the subway
in the background”, as shown in the first example. While
MGCN also retrieves some relevant descriptions, the ab-
sence of additional knowledge leads to incorrect mappings
during alignment, making it difficult to accurately capture
important details. Consequently, the retrieved descriptions
do not accurately reflect the actual scene in the image. In the
text-to-image retrieval task, when we input the query “a man
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Figure 4: Examples of bi-directional retrieval and visualizations of critical regions focused by the APSE-IPIK on the Flickr30K

dataset.

in a black shirt and jeans is in midair above a messy bed”,
APSE-IPIK successfully retrieves the corresponding image,
demonstrating its strong alignment capabilities in complex
scenes. In contrast, MGCN tends to overlook subtle differ-
ences in complex scenes during retrieval, resulting in a fail-
ure to accurately match the correct image.

Furthermore, to better illustrate the effectiveness of our
adaptive prompt selection strategy, we provide a visu-
alization of the model’s attention map (Fig. 4 (c)). This
visualization showcases the critical regions in the image
that APSE-IPIK focuses on.

Ablation Study

In this section, we conduct ablation studies to evaluate the
effectiveness of each component in our APSE-IPIK ap-
proach (as shown in Table 3).

CLIP Baseline: Fine-tuning the CLIP model without addi-
tional strategies serves as the baseline, achieving an R@1 of
83.2 for image-to-text and 68.4 for text-to-image retrieval,
with an RSUM of 526.7. This demonstrates the inherent lim-
itations of using CLIP alone for cross-modal tasks.
CLIP-IP (Inspire Potential): Incorporating Inspire Poten-
tial into the fine-tuned CLIP model improves alignment per-
formance, increasing R@1 to 83.9 (image-to-text) and 69.6
(text-to-image), with an RSUM of 532.1.

CLIP-AP (Adaptive Prompt Pool): Adding adaptive
prompt pooling to the fine-tuned CLIP model further en-
hances performance, achieving an R@1 of 84.3 for image-
to-text and 70.2 for text-to-image, with an RSUM of 534.8.
This demonstrates the effectiveness of adaptive prompts in
improving cross-modal alignment.

Flickr30K Dataset
Methods Image-to-text Text-to-image RSUM
R@1] | R@5 | R@10 | R@1 | R@5 | R@10
CLIP 832 | 943 | 97.8 | 684 | 894 | 93.6 526.7
CLIP-IP 83.9 | 952 | 98.1 69.6 | 910 | 943 532.1
CLIP-AP | 843 | 96.5 | 98.6 | 70.2 | 904 | 94.8 | 534.8
APSE-IPIK | 86.3 | 97.6 | 994 | 72.0 | 925 | 95.1 542.9

Table 3: Effectiveness of each component in our APSE-IPIK
approach.
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APSE-IPIK: Combining both Inspire Potential and adap-
tive prompt pooling yields the best performance, with R@1
scores of 86.3 (image-to-text) and 72.0 (text-to-image), and
an RSUM of 542.9. These results highlight the synergy be-
tween the two strategies in enhancing cross-modal retrieval
accuracy and generalization.

Parameter Analysis of the Prompt Pool

We conducted systematic parameter experiments on the key
parameters of the adaptive prompt pool—prompt pool size
M and the number of most relevant prompts selected per im-
age instance N. The RSUM results obtained are as follows:
538.0(M=10, N=3), 538.6(M=10, N=5), 537.5(M=10, N=7),
539.1(M=20, N=3), 542.9(M=20, N=5), 539.7(M=20, N=7),
534.1(M=30, N=3), 537.8(M=30, N=5), and 535.9(M=30,
N=7). Among these, the highest value 542.9 corresponds to
M=20 and N=5, which we selected as the optimal result of
this study. This finding suggests that a smaller prompt pool
may limit the diversity of prompts, while a larger pool may
introduce redundant information, ultimately degrading per-
formance.

Conclusion

In this paper, we propose a novel cross-modal retrieval
method called Adaptive Prompt-Based Semantic Embed-
ding with Inspire Potential of Implicit Knowledge (APSE-
IPIK). This method employs an inspire potential strategy
to guide a generative multimodal model in creating multi-
perspective image descriptions, enriching the text’s seman-
tic content and reducing noise from information asymme-
try. Additionally, it integrates an adaptive prompt pool and
an instance-level query-based strategy to dynamically select
prompts, capturing image details and achieving more pre-
cise cross-modal alignment. Extensive experiments on var-
ious cross-modal retrieval models and datasets demonstrate
significant performance improvements, achieving state-of-
the-art results. In the future, we aim to extend the model’s
applicability to more scenarios and optimize the computa-
tional efficiency of the generative model to handle large-
scale datasets effectively.
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