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Abstract

Vision-language retrieval (VLR), which uses text or image
queries to retrieve corresponding cross-modal content, plays a
crucial role in multimedia and computer vision tasks. However,
challenging concepts in queries often confuse retrievers, limit-
ing their ability to align concepts with visual content. Existing
query optimization methods neglect retrievers’ preferences
(i.e., text descriptions that better match their corresponding
visual content), resulting in unadapted to the retriever and
leading to suboptimal performance. To address this, we pro-
pose the Retriever-Adaptive Query Optimization (RAQO),
an interpretable framework that rewrites queries based on
retriever-specific preferences. Specifically, we first leverages
multimodal large language Models (MLLMs) and retrieval’s
feedback to construct the MLLMs-Driven Preference-Aware
Dataset Engine (MPADE), which automatically refine queries
offline, capturing the retriever’s implicit preferences. Then,
we introduce a “detect-then-rewrite” chain-of-thought rewrit-
ing (ReCoT) strategy equipped with a progressive preference
alignment pipeline, including three stages: ambiguity detection
fine-tuning, query rewriting fine-tuning, and preference rank
optimization. This design enables the rewriter to focus on con-
fusing concepts and produce retriever-adapted, high-quality
queries. Extensive VLR benchmark experiments have demon-
strated the superiority of RAQO in cross-modal retrieval, as
well as its interpretability, generalizability and transferability.

Introduction

Vision-language retrieval (VLR), which uses text/image as
queries to retrieve corresponding image/text, has garnered
significant attention from both academia and industry (Wang
et al. 2022b; Zhao et al. 2023; Wang et al. 2023a, 2024b;
Zhang et al. 2025b). Existing methods (Radford et al. 2021;
Li et al. 2022a; Yu et al. 2022) mainly focus on how to align
text and image modalities within a shared semantic space. By
leveraging large-scale pre-trained vision-language data and
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transformer architectures, these approaches have made re-
markable progress in improving retrieval performance. Nev-
ertheless, they still struggle with challenging concepts in
queries due to the heterogeneity of multimodal data. As il-
lustrated in Figure 1 (a), the top-1 retrieved image shows the
ball already in the dog’s mouth, failing to capture the visual
features of “anticipate,” which leads to inaccurate retrieval.
This confusion often hinders the retriever from accurately
aligning challenging concepts with corresponding visual fea-
tures, which limits the performance of VLR. To alleviate this
issue, some works (Liu et al. 2024b; Meng et al. 2025) have
attempted to utilize a rewriter to optimise queries.

However, without guidance from the retriever’s prefer-
ences (i.e., text descriptions that more accurately match their
corresponding visual content), existing VLR query rewriting
methods are retriever-agnostic and struggle to adapt effec-
tively to the retriever. Consequently, although the rewritten
query elaborates on the concept “anticipate”, it still fails to as-
sist the retriever in aligning with the concept of “anticipate”,
leading to inaccurate retrieval (see Figure 1 (b)).

Ensuring the rewriter generates queries that align with the
retriever’s preferences in VLR poses a challenge. In natural
language processing, exploring the retriever’s preferences
often relies on labor-intensive rewriting vocabularies (Bho-
gal, MacFarlane, and Smith 2007; Mandal, Khan, and Kumar
2019) and datasets (Peng et al. 2024), making the process
costly and time-consuming. In addition, the retriever’s prefer-
ences in VLR pose new challenges, as they require considera-
tion of the cross-modal alignment between textual and visual.
Multimodal large language models (MLLMs) (Jin et al. 2024;
Liang et al. 2025) have demonstrated remarkable capabilities
in addressing multimodal tasks (Wei et al. 2024; Gao et al.
2024; Lu et al. 2025; Liu et al. 2025). Employing MLLM:s as
agents offers a feasible solution for the low-cost acquisition
of retriever preferences in VLR.

In this paper, we propose Retriever-Adaptive Query Opti-
mization (RAQO), an interpretable query optimization frame-
work, which leverages MLLMs to offline capture the re-
triever’s preferences, and develops a rewriter to align to
retriever’s preferences. RAQO can generate high-quality
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Figure 1: Comparison of Retrieval Paradigms: (a) In direct retrieval methods, the images retrieved are incorrect due to the
absence of “anticipate” visual semantics, indicating the retriever cannot align the “anticipate” with the image content. (b) In
retriever-agnostic query optimization, the rewriter lacks adaptation to the retriever, thus the retriever still struggles to understand
the rewritten query, failing to assist the retriever in aligning with the “anticipated”. (c) In contrast, our Retriever-Adaptive Query
Optimization, through fine-tuning, learns the retriever’s preferences knowledge extracted by MLLMs, adjusting “anticipate” into
a visual description that is more aligned to the retriever’s preferences, thus ensuring accurate retrieval.

queries that align to retriever’s preferences, thereby facil-
itating more effective cross-modal retrieval. In RAQO, We
first construct the MLLMs-Driven Preference-Aware Dataset
Engine (MPADE) to offline capture the retriever’s prefer-
ences. In this engine, MLLMs iteratively adjust the query
based on recall feedback from the retriever, automatically
identifying the challenging concept of the retriever and gen-
erating high-quality query pairs for the rewriting dataset.

Subsequently, we guide the rewriter to perform rewriting
based on the retriever’s preference. However, enabling the
rewriter to understand the rewriting task (Liu and Mozafari
2024) and effectively incorporate these preferences remains
challenging. To address this, we design a chain-of-thought
rewriting (ReCoT) strategy equipped with a progressive pref-
erence alignment pipeline. Specifically, inspired by the hu-
man rewriting process, ReCoT decomposes the task into two
steps: initially detecting challenging concepts, followed by
targeted optimization. To better learn the retriever’s pref-
erences for rewriter, we design a novel staged progressive
post-training for the rewriter: first, it learns to detect challeng-
ing concepts, followed by training on query rewriting tailored
to those detected concepts, and ultimately leverages prefer-
ence rank optimization to capture fine-grained differences
across rewriting variants. This progressive strategy enables
the rewriter to gradually absorb preference.

In summary, our contributions are as follows:

* We introduce a innovative query optimization for VLR:
Retriever-Adaptive Query Optimization (RAQO), which
optimizes input queries based on the retriever’s prefer-
ences, facilitating the retriever to perform more effective
alignment between the queries and the visual content.

* We develop an novel MLLMs-Driven Preference-Aware
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Dataset Engine (MPADE) for offline and automatically
capturing retriever’s preferences. We employ MLLMs as
agents that analyze the retriever’s feedback and iteratively
optimize queries, generating the rewritten query tailored
for vision-language retriever.

* We design a ReCoT equipped with the progressive pref-
erence alignment pipeline for better understanding the
rewriting and more effectively learns the preference.

Extensive experiments show RAQO significantly outper-
forms other advanced query optimization methods in im-
proving VLR performance. Additionally, RAQO is inter-
pretable, generalizable and transferable, performing well
across various VLR tasks.

Related Work
Vision-Language Retrieval

VLR aims to to align visual and textual modalities effectively
(Zhang et al. 2026). VLR models fall into three categories:
single-stream, double-stream, and dual-encoder architectures.
Single-stream models (Li et al. 2020; Kim, Son, and Kim
2021) integrate visual and textual inputs into one sequence,
using self-attention to enable fine-grained multi-modal inter-
actions for precise alignment. Double-stream models (Li et al.
2021, 2022a; Yang et al. 2022; Tang et al. 2026) separate
intra-modal processing from cross-modal fusion, employing
co-attention mechanisms that allow for interaction between
modalities. Dual-encoder models (Radford et al. 2021; Wang
et al. 2022a, 2024a; Li et al. 2025) enhance inference effi-
ciency by projecting visual and textual data into a shared
semantic space for similarity assessment, making them suit-
able for large-scale applications.
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Figure 2: The overview of RAQO. First, we build MPADE to capture the retriever’s preferences knowledge, which constructs
rewritten query datasets using CLIP’s recall feedback and MLLMs’ multimodal reasoning. Next, we progressively distill
preference into the rewriter through a Progressive Preference Alignment Training Pipeline, comprising CCD-SFT, QRE-SFT,
and PRO. Finally, we integrate the rewriter with CLIP to rewrite queries via a “detect-then-rewrite” ReCoT strategy.

Prompt Engineering for VLR

Prompt engineering refines VLR by transforming complex
queries into more understandable formats for models. Tech-
niques like Knowledge-CLIP (Pan et al. 2022) leverage ex-
ternal multi-modal knowledge graphs to enhance semantic
representations. Similarly, DetCLIP (Yao et al. 2022) use
WordNet (Kilgarriff 2000) to augment entity understanding,
while RA-CLIP (Xie et al. 2023) uses image retrieval for bet-
ter cross-modal context. The advent of LLMs has transformed
prompt engineering for VLR by tapping into LLM’s exten-
sive knowledge (Zeng et al. 2022; Menon and Vondrick 2022;
Yu et al. 2024), enhancing the handling of complex queries.
DesCLIP (Menon and Vondrick 2022) and CuPL (Pratt et al.
2023) use LLMs to generate visual descriptions and train
with enriched queries for better alignment. To reduce noise
in descriptions, LaBo (Yang et al. 2023) and Perception-
CLIP (An et al. 2023) use scoring functions and learnable
weights for selecting optimal descriptions. CLIP-GPT (Ma-
niparambil et al. 2023) integrates a self-attention adapter to
filter extraneous information.

Query Rewriting

Query rewriting is a key technique in NLP and e-commerce
search, encompassing both discriminative and generative ap-
proaches. Discriminative methods (Bhogal, MacFarlane, and
Smith 2007; Mandal, Khan, and Kumar 2019; Antonellis,
Garcia-Molina, and Chang 2008; Li et al. 2022b) treat it as a
retrieval task, expanding semantic scope using predefined vo-
cabularies. Generative methods (Lee, Gao, and Zhang 2018;
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Qiu et al. 2021), leveraging transformer-based models, gen-
erate enriched queries. With the rise of LLMs (Wang, Yang,
and Wei 2023; Wang et al. 2023b), these approaches have
seen improvements in handling of complex queries. In VLR,
query rewriting remains underexplored. Recent works (Liu
et al. 2024b; Meng et al. 2026) use LLMs to generate diverse
queries via ensemble learning, but these lacked alignment
with retriever preferences, limiting effectiveness. NLP meth-
ods based on manually crafted vocabularies(Mandal, Khan,
and Kumar 2019) and datasets (Peng et al. 2024) address
preferences, but they are costly and fail to capture the cross-
modal alignment (Li et al. 2024) in VLR.

Methodology

Our proposed query optimizer is designed to automatically
rewrite ambiguous user inputs that confuse the retriever, en-
suring that the rewritten query retains the original intent
while better adaption to the retriever’s preferences. As illus-
trated in Figure 2, RAQO builds upon a VLR backbone and
comprises three key steps. First, it constructs an MPADE to
capture the retriever’s preferences and collect high-quality
rewritten queries. Second, the rewriter is fine-tuned through a
progressive preference alignment pipeline, comprising Chal-
lenging Concept Detection Supervised Fine-Tuning (CCD-
SFT), Query Rewriting Supervised Fine-Tuning (QRE-SFT),
and Preference Rank Optimization (PRO), to absorb rewrit-
ing preferences. Finally, the optimized rewriter is integrated
into the retrieval framework and performs rewriting via the
ReCoT strategy.
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Figure 3: The workflow of our MPADE for optimizing am-
biguous queries to capture retriever’s preferences.

MPADE

The goal of MPADE is to automatically capture the retriever’s
preferences by leveraging MLLMs and recall feedback. We
define unambiguous queries as those aligned with the re-
triever’s preferences, and ambiguous queries as those that
deviate and cause confusion. MPADE generates a large-scale
dataset of ambiguous/unambiguous query pairs, where the
differences reflect effective query formulations tailored to
the retriever’s preferences patterns. Additionally, it employs
a chain-of-thought process to identify challenging concepts,
helping the rewriter better understand retriever preferences.
As shown in Figure 2 (a), the workflow consists of four key
stages: query ambiguity assessment, ambiguous query opti-
mization, unambiguous query perturbation, and query pair
filtering.

Query Ambiguity Assessment We assess query ambiguity
using recall feedback from the retriever, with CLIP (ViT-
B/32) as the base model. Queries are labeled unambiguous
if the ground truth appears in the top-5 retrieval results, indi-
cating alignment with the retriever’s preferences. In contrast,
ambiguous queries place the ground truth beyond the top-10,
reflecting poor interpretability. This classification forms the
basis for generating query pairs, allowing MLLMs to explore
the retriever’s preferences from diverse perspectives.

Ambiguous Query Optimization MLLMs iteratively
rewrite ambiguous queries to improve their interpretability
for the retriever. As shown in Figure 3, this process involves
four steps: candidate recall, submission, review, and feed-
back. First, candidate images are retrieved using the given
query. Next, the retrieved candidate images are submitted
along with the ground-truth images for comparison. Third,
the differences between the retrieved candidate images and
the ground-truth images are reviewed and analyzed using
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a chain-of-thought process. At this stage, MLLMs identify
concepts misunderstood by the retriever and address these
by rewriting the query. By analyzing challenging negative
samples, MLLMs gain insight into the retriever’s weaknesses
and adapt the query accordingly. Rewritten queries that meet
the unambiguous criteria are added to the unambiguous set.
This iterative process yields multiple unambiguous versions
per ambiguous query, with text-image similarity used to score
each candidate. Additionally, challenging concepts are ex-
tracted to guide the ambiguity detector.

Unambiguous Query Perturbation In addition to opti-
mizing ambiguous queries, MLLMs also reverse the process
by perturbing unambiguous queries to simulate ambiguity
from the retriever’s perspective. Using synonym substitution
techniques (Mekala, Razeghi, and Singh 2023), core visual
concepts are replaced with rare words that preserve meaning
but reduce the retriever’s ability to match queries with corre-
sponding images. If the perturbed query yields a significantly
lower similarity score than the original, it is labeled as am-
biguous. Each unambiguous query generates a corresponding
ambiguous variant, and the challenging concepts introduced
during perturbation are recorded for further use.

Query Pair Filtering To ensure the quality of the dataset,
a filtering step is applied after generating ambiguous/unam-
biguous query pairs. This process includes textual similarity
filtering, where the similarity between the generated query
and the original query is calculated using a text transformer.
Queries with similarity scores falling below a predefined
threshold are excluded to ensure that the original user in-
tent is preserved. This filtering step guarantees that the final
dataset consists of semantically aligned query pairs, main-
taining the integrity of user intent throughout the process.

Dataset Construction and Categorization As shown in
Figure 2, the constructed preference knowledge includes a
large set of ambiguous/unambiguous query pairs and chal-
lenging concepts, covering: original ambiguous queries, their
multiple corresponding unambiguous queries with scores;
and the pairings of original unambiguous queries with their
ambiguous versions. This knowledge is organized into three
datasets: (1) Do g for supervised fine-tuning (SFT) of chal-
lenging concept detection, containing ambiguous queries and
their associated concepts; (2) Dgrg for query rewriting SFT,
containing ambiguous queries, challenging concepts, and
corresponding unambiguous rewrites; (3) Dpgro for pref-
erence ranking optimization (PRO), comprising ambiguous
queries, their challenging concepts, multiple unambiguous
rewrites, and associated scores. Notably, the entirce MPADE
construction process is fully interpretable.

Query Rewriter in RAQO

We then guide the rewriter to rewrite queries based on the
retriever’s preference knowledge. To enhance task under-
standing and absorption of preferences, we propose a chain-
of-thought rewriting (ReCoT) strategy with a progressive
preference alignment pipeline. ReCoT decomposes rewriting
into two steps: detecting challenging concepts and perform-
ing targeted optimization. The alignment pipeline comprises



three stages: CCD-SFT, QRE-SFT, and PRO.

Chain-of-Thought Query Rewriting Traditional rewrit-
ers may introduce noise or even alter the original semantics.
Inspired by the human error-correction process, our method
first identifies confusing parts of the query and then performs
targeted rewriting. Specifically, the rewriter first identifies
concepts in the query that may cause confusion for the re-
triever, and then refines them while preserving unrelated con-
tent. In this way, the rewriter can concentrate on optimizing
difficult terms and avoid introducing redundant information,
thereby improving the rewriting quality.

Challenging Concept Detection Supervised Fine-Tuning
As shown in Fig. 2 (b.1), we perform SFT for the rewriter
using the challenge concept detection dataset D¢ g built by
the preference-aware dataset engine (MPADE). This dataset
is specifically designed to train the rewriter to identify chal-
lenging concepts that confuse the retriever. Specifically, the
challenge concept detection dataset consists of multiple sets
of ambiguous queries = paired with their corresponding chal-
lenging concepts c. To ensure data balance, we include some
unambiguous queries with their corresponding challenging
concepts set as None. We use 7,.(-) and 6, to denote the
rewriter to be trained by SFT and its parameters. We train the
rewriter by minimizing the cross-entropy loss. The training
objective is to optimize the following loss function:

LCCR(GT) = _E(m,c)wDCCR Z 1Og T (Ct|c<t7 x5 97) . (1)
t

Query Rewriting Supervised Fine-Tuning As shown in
Fig. 2 (b.2), QRE-SFT serves as an initial phase that trains a
rewriter with basic query rewriting capability through SFT,
with the ambiguous/unambiguous query pairs established by
the MLLMs-Driven Preference-Aware Dataset Engine. A par-
allel query corpus, denoted as D g, consists of an ambigu-
ous query x and an unambiguous query y. If  corresponds
to multiple high-quality queries, we take the highest-quality
query as y. We use 7,.(+) and 6,. to denote the query rewriter
to be trained by SFT, which can be any pretrained language
model, and its parameters. We train the rewriter by minimiz-
ing the cross-entropy loss. The training objective for SFT is
to optimize the following loss function:

Lore(0r) = —E(zy)~Dors Z log 70 (ytly<t, =3 0) -
t
2

Preference Rank Optimization To further enhance the
rewriter’s understanding of the retriever’s fine-grained prefer-
ences, preference rank optimization, as illustrated in Fig. 2
(b.3), is conducted. This process requires constructing the spe-
cialized preference dataset D ppro that we have constructed
in MPADE. As described in Section , we generate multiple
unambiguous queries for each ambiguous query and obtain
text-image similarity scores from the retrieval system, which
serve as rewards for preference learning. These scores en-
able us to rank the queries from high to low based on their
alignment with the retriever’s preferences.

To enhance fine-grained preference comparisons from a
global perspective, we introduce PRO based on the Bradley-
Terry model(Song et al. 2024). PRO extends pairwise partial

7967

order into general listwise partial order. The PRO loss is
expressed by the equation:
exp (WPRo(yj/|I;97~))

L oxp (LT
1=y @

Tj
reflects the preference gap between

k—1
Lpro(6) = — > log 3)
j=1

where 7! = — 1

J T(yg ) T(yz )
candidates, 7 (+) is the reward defined as the probability of the
rewriting generated. The sharper the reward difference, the

stronger the supervision. le» = min;s ; (T;) is defined as the
minimum temperature among all the candidates to maintain
a balance, k£ denotes the number of candidate unambiguous
queries, mpro and 6,. refer to the policy model and its param-
eters. Lprp encourages rewriter to assign higher generation

probabilities to higher-ranked rewriting.

Experiments
Experiment Setting

Datasets RAQO is evaluated on diverse VLR benchmarks,
including Flickr30K (Plummer et al. 2015), MSCOCO (Lin
et al. 2014), Flickr30k-CFQ (Liu et al. 2024b), and
Llava23K (Liu et al. 2024a). Experiments are conducted
on news domain N24News (Wang et al. 2021) and fash-
ion domain Fashion200K (Han et al. 2017) to validate the
generalizability. Zero-shot experiments are conducted on
WikiDO (Kalyan et al. 2024), Urban1K (Zhang et al. 2025a)
and sDCI7K (Urbanek et al. 2024) to validate the transfer-
ability.

Baselines We will validate our method on advanced re-
trieval models, specifically: (1) CLIP(Radford et al. 2021), a
powerful dual-encoder model pre-trained through contrastive
learning; (2) CoCa(Yu et al. 2022), a framework that in-
tegrates various pre-training paradigms, utilizing its image
encoder and unimodal text decoder for retrieval; and (3) EVA-
02-CLIP (Sun et al. 2023), which employs novel representa-
tion learning techniques to enhance CLIP’s performance. (4)
BLIP-2 (Li et al. 2023) introduces a framework that connects
a frozen image encoder and a pretrained language model
through Q-Former. (5) VLM2Vec (Jiang et al. 2025) lever-
ages contrastive learning to convert existing MLLMs into
embedding-based retrievers.

Our approach will be compared with current query opti-
mization methods, including: (1) DetCLIP (Yao et al. 2022):
An entity enhancement method that integrates WordNet con-
ceptual knowledge into query entities. (2) CLIP-GPT (Ma-
niparambil et al. 2023) An entity description enhancement
scheme that incorporates entity visual descriptions gener-
ated by LLMs. (3) RACLIP (Xie et al. 2023): A retrieval
augmentation approach that uses relevant images to enrich
the query. (4) LLMsRewrite (Liu et al. 2024b): Retriever-
agnostic query rewriting based on LLMs.

Implementation details We fine-tune the pre-trained re-
triever directly, making the process lightweight. Unless oth-
erwise specified, we use the ambiguity detector and Llama2-
7B (Touvron et al. 2023) as the query rewriter. During the



Flickr30K(1K) MSCOCO(5K) Flickr30K-CFQ Llava23K
Retrievers Methods 12T T21I 12T T21I 12T T2I 12T T2I

R@] R@5 | R@] R@5 | R@l R@5 | R@l R@5|R@] R@5|R@l R@5|R@1 R@5|R@1 R@5

NA 89.1 978 | 741 92,6 | 653 859 |48.1 750 733 868 | 512 751 | 663 881 |61.7 851

+DetCLIP 892 978 | 746 928 | 655 859 |483 751 739 874 | 522 756 | 666 884 | 621 852

CLIP +CLIP-GPT 89.7 987 | 752 93.1 | 662 862 | 488 753 740 873 | 524 756 | 668 884 | 621 853
+RACLIP 894 98.0 | 745 928 | 654 86.1 | 48.6 753 738 873 | 519 754 | 67.1 885 | 622 854
+LLMsRewrite | 89.3 98.1 745 929 | 653 860 | 483 752 742 875 | 525 757 | 67.1 885 | 620 855

+RAQO 908 992 | 757 936 | 668 869 | 495 76.0 | 77.0 889 551 773 69.1 893 | 63.8 86.2

NA 855 965 | 720 912 | 639 856 |456 721 68.6 843 |478 729 | 645 89.0 |61.1 857

+DetCLIP 856 965 | 722 912 | 638 855 | 458 721 69.5 848 | 485 735 | 646 892 | 613 857

CoCa +CLIP-GPT 862 97.0 | 722 91.6 | 643 857 | 46.0 722 69.7 847 | 48.6 737 | 647 893 | 615 856
+RACLIP 858 96.6 | 721 912 | 641 856 | 457 721 694 846 | 483 737 | 649 894 | 614 86.0
+LLMsRewrite | 86.1 96.7 | 72.1 913 | 642 856 | 458 72.1 70.1 852 | 49.0 742 | 651 89.6 |61.7 86.1

+RAQO 868 973 | 727 916 | 650 859 | 466 727 | 714 858 499 747 662 903 | 62.7 87.0

NA 90.8 98.7 [ 789 947 | 69.1 892 | 526 785 78.1 923 [ 579 804 [759 935 | 737 919

+DetCLIP 909 98.6 | 79.1 946 | 693 892 | 527 785 784 923 | 58.1 806 |76.1 934 | 738 919

EVA-02-CLIP +CLIP-GPT 91.1 987 | 793 947 | 694 893 | 526 78.6 783 924 | 580 805 | 758 935 | 737 920
+RACLIP 90.7 986 | 790 946 | 69.1 89.0 | 52.6 785 782 922 |58.1 804 |760 936 | 737 918
+LLMsRewrite | 91.0 98.6 | 79.2 947 | 69.2 89.2 | 528 786 785 925 | 582 807 | 763 939 | 740 922

+RAQO 91.5 989 | 797 950 | 699 898 | 536 79.1 793 929 587 810 769 944 | 747 92.7

NA 97.0 100.0 | 88.7 98.1 | 832 959 | 66.1 86.6 852 963 | 66.7 874 |835 972 |87 96.1

+DetCLIP 972 999 | 888 983 | 833 96.0 | 663 86.8 853 963 | 67.1 87.6 |837 972 | 859 96.1

BLIP2 +CLIP-GPT 97.1 100.0 | 89.0 984 | 834 96.1 | 662 86.8 855 964 | 668 875 |838 974 | 86.0 963
+RACLIP 97.3 100.0 | 89.1 983 | 834 96.0 | 664 86.9 852 962 | 669 876 |838 975 | 86.0 962
+LLMsRewrite | 97.5 999 | 89.1 984 | 835 960 | 663 86.7 854 96.1 | 67.0 877 | 840 974 | 861 963

+RAQO 980 999 | 895 986 |84.0 963 | 66.7 87.0 86.0 966 67.5 880 845 978 | 867 96.6

NA 98.1 100.0 | 89.2 987 | 855 963 | 802 9238 875 968 | 705 89.7 |886 983 902 99.1

+DetCLIP 98.0 100.0 | 89.4 988 | 857 963 | 803 93.0 87.6 968 | 704 89.7 | 888 984 | 903 99.0

VLM2Vec +CLIP-GPT 98.1 100.0 | 89.2 987 | 855 963 | 80.2 928 878 97.0 | 70.7 899 |89.0 98.6 | 904 99.2
+RACLIP 984 100.0 | 89.4 988 | 858 965 | 80.5 93.1 880 97.1 | 709 90.0 |89.1 985 | 905 99.1
+LLMsRewrite | 98.3 100.0 | 89.5 989 | 859 96.6 | 80.6 93.0 879 97.1 | 71.0 898 | 893 985 | 904 992

+RAQO 98.5 100.0 | 89.7 988 | 8.1 96.6 | 80.7 929 883 972 713 901 895 986 | 908 99.3

Table 1: Fine-tuning results for image-text retrieval on various VLR benchmark. The visual encoders for CLIP, CoCa, EvA-02-
CLIP and BLIP2 are pre-trained ViT-B/32, ViT-B/32, ViT-B/16, and ViT-L respectively. VLM2Vec uses LLaVA-1.6 as backbone.
Fair comparison note: All methods are fine-tuned on the same training set of the dataset and our rewriter are only allowed to
fine-tune based on preferences extracted from the training set itself, without introducing any external data sources. “NA” denotes

setting without any query optimization.

CCD’s SFT, we use a learning rate of 2e-5, a batch size of 8,
and train for 3 epochs. For the QRE’s SFT phase, the learning
rate is set to le-5, with a batch size of 8, over 3 epochs. In
the DPO phase, we use a learning rate of 5Se-7, a batch size
of 16, for 4 epochs, with a ranking length of 5.

Experiment Result

Excellent performance on Various Retrieval Tasks. As
shown in Table 1, we evaluate RAQO on four benchmark
datasets and compare it with various query optimization meth-
ods using the same training data to ensure fairness. RAQO
consistently outperforms baselines across all retrieval tasks.
Notably, under the CLIP retriever, it achieves R@1 gains
of 3.7%, 3.9%, 2.8%, and 2.1% on I2T and T2I tasks for
Flickr30k-CFQ and Llava23K, showing the most significant
gains. Compared to entity enhancement methods (e.g., Det-
CLIP, CLIP-GPT) that focus solely on entity knowledge, and
retrieval augmentation methods (e.g., RACLIP) that offer
coarse-grained cues, our approach optimizes fine-grained
concepts, including entities, interactions, and descriptions.
Thus our method displays superior performance in VLR tasks.
Additionally, LLMsRewrite underperforms as it fails to ad-
just rewriting based on retrieve, often producing queries mis-
aligned with retriever preferences.

Significant Improvements Across various Retrievers. Fur-
ther experiments on various retrievers, as detailed in Ta-
ble 1, show that applying RAQO significantly boosts per-
formance across all metrics for retrievers such as CoCa, EVA-
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Methods N24News Fashion200k
2TR@I1 | T2IR@1 | 2TR@1 | T2IR@1

CLIP 522 51.1 9.5 10.0
+DetCLIP 53.3 51.7 10.0 10.4
+CLIP-GPT 53.5 51.8 9.9 10.4
+RACLIP 53.6 52.0 9.8 10.6
+LLMsRewrite 53.0 51.5 10.1 10.5
+RAQO 54.7 53.0 10.9 11.5

Table 2: Fine-tuning results on news domain N24News and
fashion domain Fashion200K. Retriever is CLIP (ViT-B/32).

02-CLIP, and BLIP2. Beyond widely adopted lightweight
retrievers, RAQO also achieves the highest improvements
on the MLLMs-based retriever VLM2Vec, demonstrating
RAQO’s effectiveness even for strong retrievers.

Excellent Generalizability on various Domain. To vali-
date the generalizability of various domains, we evaluate
our method on N24News (news) and Fashion200K (fash-
ion). As shown in Table 2, our method improves R@1 for
I2T and T2I on N24News and Fashion200K by 2.5%, 1.9%,
1.4%, and 1.5%, significantly outperforming other query op-
timization methods. We attribute this to MPADE’s ability
to extract retriever preference knowledge within specific do-
mains, enabling the rewriter to adapt queries with complex,
domain-specific terms.

Exceptional Transferability on Unseen Retrieval Tasks.
We train RAQO on WikiDO In-Domain (ID) set and con-
duct zero-shot retrieval on the previously unseen WikiDO
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Figure 4: Visualization of text-to-image retrieval with heatmaps for different queries. The image in the dashed box is the recalled
result. RAQO rewrites queries into forms more interpretable by the retriever, enabling better alignment with visual content.

Methods WikiDO ID WikiDO OOD
I2TR@1 T2IR@1 | 2RTR@]1 T2IR@]

CLIP 82.8 81.5 73.4 72.9
+DetCLIP 83.0 81.6 73.5 73.1
+CLIP-GPT 82.9 81.6 73.6 73.0
+RACLIP 83.1 81.7 73.7 733
+LLMsRewrite 83.1 81.8 73.6 732
+RAQO 83.7 824 73.9 73.6

Table 3: Comparison of out-of-domain (OOD) performance.
Retriever is CLIP (ViT-B/32). The OOD contains images/-
queries not seen during fine-tuning on the in-domain (ID).

Rewriter ReCoT | Dccr DQRE Dpro | RTR@1 | T2IR@1
X X X X X 73.3 51.2
4 X X X X 74.2 52.5
v X v v v 76.1 54.0
v v X X X 74.4 52.7
v v X v X 75.5 53.7
v v v v X 76.0 54.0
v v v v v 77.0 55.1

Table 4: Ablation studies on RAQO. The Fine-tuning dataset
is Flickr30k-CFQ and retriever is CLIP with ViT-B/32.

Out-of-Domain (OOD) set to evaluate its transferability. As
shown in Table 3, RAQO demonstrates strong performance
on these previously unseen OOD retrieval tasks. These results
indicate RAQO can effectively generalize to unseen retrieval
tasks without additional task-specific training. RAQO’s trans-
ferability in zero-shot settings is attributed to the domain-
agnostic retrieval preferences mined by MPADE.

Ablation Study

Effectiveness of Progressive Preference Alignment. As
shown in Table 4, incorporating retriever’s preference signif-
icantly improves VLR performance, regardless of whether
ReCoT is used. Specifically, for rewriters equipped with Re-
CoT, post-training with full preference knowledge improves
12T and T2l R@1 by 2.6% and 2.4%, respectively. To be spe-
cific, using Dggp for SFT improves R@1 by 1.1% on I2T
and 1.0% on T2I, indicating that Dy enables the rewriter
to acquire rewriting capabilities grounded in preference un-
derstanding. Incorporating Dcc g for SFT further enhances
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the rewriter’s adaption to retriever preferences, resulting in
improved performance. Incorporating preference knowledge
Dpro for fine-grained ranking preference optimization fur-
ther improved R@1 for I2T and T2I by 1.0% and 1.1%. It
demonstrates that by learning D pro, the rewriter can better
comprehend the retriever’s detailed preferences.
Effectiveness of ReCoT. As shown in Table 4, when in-
corporating preference knowledge, our “detect-then-rewrite”
ReCoT framework further improves R@1 retrieval perfor-
mance for 12T and T2I by 0.9% and 1.1%, compared to using
only the rewriter. This indicates that our ReCoT rewriting
mechanism, enabling the rewriter to better understand the
rewriting task and generate more precise queries.

Visualization Analysis

To illustrate how RAQO improves query-image alignment,
we visualize its effect on the retriever’s attention using the
Integrated Gradients algorithm (Qi, Khorram, and Li 2019).
In Figure 4 (a), CLIP fails to interpret the concept “snarling”,
resulting in incorrect retrieval. RAQO rewrites it into a more
visually grounded phrase “showing their teeth”, allowing
the retriever to attend to the correct visual cues. Similarly, in
Figure 4 (b), CLIP struggles with the term “populated”, while
RAQO replaces “populated” with a more visually grounded
alternative, improving vision-language alignment.

Conclusion

In this paper, we introduce a query optimizer named RAQO
for visual-language retrieval, designed to rewrite query con-
cepts that are difficult for retriever to understand into expres-
sions that align with retriever’s preferences. Specifically, We
first introduce MPADE, which leverages multimodal large
language models to capture retriever preferences by ana-
lyzing recall performance and iteratively generating high-
quality query pairs. We then design ReCoT, equipped with
a novel progressive preference alignment pipeline, enabling
the rewriter to learn fine-grained reasoning paths for more
effective rewriting. Extensive experiments show that RAQO
outperforms existing query optimization methods, demon-
strating strong generalizability and transferability. Future re-
search could further explore how to integrate user preferences
into the rewriter to enrich the application scenarios.
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