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Abstract—Contrastive learning has become a standard ap-
proach for image-text retrieval, aligning vision and language
within a shared semantic space. However, in real-world scenarios,
the assumed semantic consistency of positive pairs is frequently
violated by noisy or partially matched data. To address this issue,
we propose Language-Grounded Representation Learning with
Cross-Modal Cognitive Priors (LG-Cog). LG-Cog leverages a
frozen multimodal large language model with carefully designed
prompts to generate fine-grained and semantically rich textual
descriptions for each image, which serve as cross-modal cognitive
priors complementary to the original paired texts. The joint
alignment of image representations with the representations of
both the original and generated texts drives visual representa-
tions toward a shared language semantic space, establishing a
language-grounded representation learning paradigm. By inte-
grating language-grounded representation learning with cross-
modal cognitive priors, LG-Cog effectively mitigates semantic
bias. Extensive experiments demonstrate the superiority of LG-
Cog over state-of-the-art methods, achieving 3.7%-4.0% RSUM
improvements on Flickr30K and MS-COCO benchmarks.

Index Terms—image-text retrieval, language-grounded repre-
sentation learning, cross-modal cognitive priors, multimodal large
language model

I. INTRODUCTION

With the rapid surge of multimodal data, understanding
vision—language relationships has become crucial. Image—text
retrieval is a pivotal task in this context, aiming to retrieve
relevant images given text queries and relevant texts given
image queries. Despite significant progress in image-text re-
trieval, mitigating the cross-modal semantic bias remains a
major challenge for achieving accurate alignment.
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i1 Regions absent from original text but mentioned in MLLM-generated text

‘ Alarge white dog is sitting on a bench beside an elderly man ‘ - \

Original Paired Text

(Aman sits on a green park bench with a large white dog beside him. The i
ldog wears a red collar. In the background, other park-goers are visible, et

walking and sitting. Trees line the path, casting dappled shadows on the | ___..--=="""" Representation Space

lground. A black bag rests on the bench next to the man. The scene is
eaceful, capturing a moment in a park.

MLLM-generated Text

Fig. 1. Illustration of our motivation. Existing methods directly align image-
text pairs but often suffer from semantic bias. To address this problem, we gen-
erate an additional semantically rich text for each image using a multimodal
large language model (MLLM), which serves as a cross-modal cognitive
prior complementary to the original paired text. The image representation
is jointly aligned with the representations of both the original paired text and
the generated text, driving it toward a shared language semantic space and
progressively refining cross-modal alignment.

They optimize image and text embeddings using objectives
such as hubness-aware loss [1] to pull semantically related
pairs together and push mismatched pairs apart. This process
can be seen as contrastive learning [2], with each image paired
with its corresponding text as a positive pair, and non-matching
texts treated as negatives. Contrastive learning assumes strict
semantic consistency between positive pairs, but real-world
data often violate this assumption. As illustrated in Fig. 1, even
matched pairs can exhibit semantic bias—for instance, a text
describing a large white dog beside an elderly man may omit
visual elements like a black bag or trees present in the image.
Ideally, the image representation / and the text representation
T should be aligned to a shared semantic representation, but
inherent discrepancies prevent this perfect alignment.



To overcome this problem, we propose Language-Grounded
Representation Learning with Cross-Modal Cognitive Priors
(LG-Cog), a novel method for image-text retrieval. The core
idea of LG-Cog is to encourage the image representation I to
be jointly aligned with both the original text representation T’
and an additional semantically rich text representation T,y
generated from the image, driving visual representations to-
ward a shared language semantic space. Specifically, LG-Cog
leverages a frozen multimodal large language model (MLLM)
with carefully designed prompts to produce fine-grained and
semantically rich textual descriptions conditioned on images,
which serve as cross-modal cognitive priors complementary
to the original paired texts. These prompts are designed to
guide the MLLM toward producing objective and visually
grounded content while avoiding subjective biases inherent
to large language models. The joint alignment of image
representations with the representations of both the original
texts and the generated texts constitutes a language-grounded
representation learning paradigm. By integrating language-
grounded representation learning with cross-modal cognitive
priors, LG-Cog effectively mitigates semantic bias.

Our main contributions can be summarized as follows:

¢ We propose LG-Cog, a novel image-text retrieval method
that performs language-grounded representation learning
by jointly aligning image representations with the repre-
sentations of both the original paired texts and semanti-
cally enriched texts, driving visual representations toward
a shared language semantic space.

o We systematically design and evaluate prompts for
MLLM-based text generation, guiding the frozen mul-
timodal large language model to produce objective, fine-
grained, and semantically enriched descriptions that serve
as cross-modal cognitive priors, thereby complementing
the original paired texts.

o Extensive experiments on Flickr30K and MS-COCO
show that LG-Cog outperforms state-of-the-art ap-
proaches by 3.7%-4.0% in terms of RSUM.

Our work is reproducible, and the code will be released
soon.

II. RELATED WORK
A. Image-Text Retrieval

Image-text retrieval methods can be primarily categorized
into local-level matching and global-level matching.

Local-level matching methods perform detailed cross-modal
interactions and align semantics at the level of local fragments,
after which they compute an aggregate similarity score. Diao et
al. [3] construct a method that enhances image-text matching
by reasoning over similarity graphs and filtering out irrelevant
alignments. Subsequently, Zhang et al. [4] design a negative-
aware attention framework that leverages both matched and
mismatched fragments to improve image-text similarity esti-
mation, and Pan et al. [5] present a hard aligning network that
focuses on the most relevant region-word pairs to improve
accuracy and efficiency in image-text matching.

Global-level matching methods aim to learn holistic fea-
ture representations for images and texts, subsequently eval-
uating their similarity based on these global embeddings.
Wang et al. [6] incorporate external commonsense knowledge
into image-text matching by learning consensus-aware visual-
semantic embeddings. Subsequently, Chen et al. [7] design a
generalized pooling operator that automatically learns the op-
timal pooling strategy for visual-semantic embedding without
manual tuning. Recently, Fu et al. [8] propose a hierarchical
framework that models both fragment- and instance-level
relationships to enhance cross-modal embeddings for image-
text matching. Zhang et al. [9] devise a unified semantic
enhancement framework with momentum contrast to improve
the accuracy and efficiency of image-text retrieval.

B. Multimodal Large Language Models

Large Language Models (LLMs) have shown strong capa-
bilities in language understanding, generation, and reasoning
through large-scale pretraining on textual data. Representative
models include T5 [10], which formulates diverse Natural
Language Processing (NLP) tasks within a unified text-to-text
framework, GPT-3 [11], which demonstrates powerful open-
ended text generation via large-scale autoregressive modeling,
and LLaMA [12], which emphasizes efficient and scalable lan-
guage modeling with competitive performance. These models
provide strong semantic abstraction and reasoning abilities,
forming the foundation for subsequent extensions toward mul-
timodal understanding.

Building upon LLMs, Multimodal Large Language Models
(MLLMs) integrate visual encoders with language models
to enable joint vision—language perception and reasoning.
Early representative works include LLaVA [13], which aligns
visual features with LLMs through visual instruction tuning to
support multimodal dialogue. InternVL [14] further explores
scalable multimodal pretraining with diverse vision—language
data, while recent proprietary models such as GPT-4 [15] and
Gemini [16] demonstrate strong general-purpose multimodal
reasoning and perception capabilities across a wide range
of tasks. Among open-source MLLMs, Qwen2.5-VL [17]
exhibits strong fine-grained visual understanding and detailed
visual-text generation abilities, making it particularly effective
for producing semantically rich image descriptions. Overall,
MLLMs achieve strong performance on multimodal under-
standing and generation tasks, including image captioning,
visual question answering, and multimodal reasoning.

III. METHOD

As shown in Fig. 2, LG-Cog comprises a text generation
module using a multimodal large language model, image
encoders, text encoders, and dynamic queues. During training,
the multimodal large language model with frozen parameters is
leveraged to generate detailed textual descriptions for images.
Both query and key encoders are utilized to generate embed-
dings for their respective modalities, with the key encoders’
outputs being stored in their corresponding dynamic queues.
During testing, only the Query Image Encoder and the Query
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Fig. 2. The architecture of the proposed LG-Cog.

Text Encoder are employed to generate embeddings for image-
text similarity computation; the multimodal large language
model, key encoders, and dynamic queues are not used.

A. MLLM-Based Text Generation

We leverage a frozen multimodal large language model,
Qwen2.5-VL-7B-Instruct [17], to generate detailed image de-
scriptions that enrich textual representations for cross-modal
retrieval. The multimodal large language model is prompted
using the following instruction: “Describe this image in the
style of COCO or Flickr30K captions. Use concise, objective
language. Focus on visual elements such as people, actions,
objects, and background. Avoid opinions or interpretations.
Use third-person perspective.”

Note that, to reduce computational overhead, the MLLM-
based text generation is performed offline in advance.

The text generation process can be formulated as:

Textmnm = Qwen2.5-VL(Prompt, Image). (1

For example, given an image with the original caption “A
large white dog is sitting on a bench beside an elderly man,”
the generated text captures additional visual elements (e.g.,
“other park-goers”, “trees”, and “a black bag”) that are absent

from the original caption.

B. Image Encoders

To ensure feature consistency and support momentum up-
dates, the Query and Key Image Encoders share the same
architecture; thus, we describe the Query Image Encoder as a
representative example.

Given an input image, we extract k=36 region features
V. = {v;}F_,, each with 2048 dimensions, using bottom-up
attention [18]-[20] implemented with Faster R-CNN [21] and
a 512-dimensional global feature v, via CLIP (ViT-B/32) [22].

A Semantic Enhancement via Global Representation
(SEGR) module enhances region-level features by modulat-
ing them with global semantic information. First, the global
feature v, is projected into the same feature space as the region
features using a fully connected (FC) layer:

vy = FC(v,). (2)

We compute attention weights between the global feature
and each region feature as:
eXP(ngvi)
M=o 3)
> j=1€xp(vg vj)
The resulting attention weights are then used to modulate and
enhance each region feature:

x; :vi—l—)\i-vg. %)

‘/r-enhance = {z7}f=1 (5)

The enhanced region features are then projected and aggre-
gated using the Generalized Pooling Operator (GPO) [7], a
plug-and-play aggregation module that automatically consoli-
dates features into holistic embeddings:

V = GPO(FC(Vyenhance)) € RY, 6)

where d” = 1024 denotes the dimensionality of the shared
image—text joint embedding space.

The outputs of the Query and Key Image Encoders for the
i-th image are denoted as V/ and V!, respectively.

C. Text Encoders

Similar to image encoders, the Query and Key Text En-
coders share the same architecture; thus, we describe the
Query Text Encoder as a representative example.



Given a text input of n tokens, we use BERT-base [23] to
extract token-level features T),, which are projected into the
joint embedding space and aggregated via GPO [7] to obtain
the final text embedding:

T = GPO(FC(T,,)) € R*’. (7

For the i-th original paired text, both Query and Key Text
Encoders produce embeddings Tg and T} For the i-th MLLM-
generated text, only the Query Text Encoder is used, producing
Ti

g-mllm*

D. Cross-Modal Momentum Contrast

To stabilize contrastive learning, we adopt a momentum-
based update strategy inspired by MoCo [24]. Specifically,
the parameters of the query encoders are optimized via back-
propagation, while those of the key encoders are updated
using a momentum-based exponential moving average of the
corresponding query encoder parameters:

—m) - 9unery7 (8)
=) - O ery 9)

where m denotes the momentum coefficient. Here, HIZW and
le;y denote the parameters of the Key Image Encoder and
Key Text Encoder, respectively, while Ggflery and 93;613' denote
the parameters of the Query Image Encoder and Query Text
Encoder, respectively.

Dynamic visual and textual queues store embeddings from
the key encoders, continuously enqueuing new embeddings
and dequeuing the oldest, thus providing a large and diverse
set of negative samples for contrastive learning.

ngy:m-eliéy—l—(l

Oy = m - Oy + (1

E. Training Objectives

Our objective is to align matching image—text embeddings,
push apart non-matching pairs, and align image embeddings
with their corresponding MLLM-generated text embeddings.

We first adopt the hubness-aware loss (HAL) [1], which
mitigates the hubness problem in high-dimensional embedding
spaces by properly weighting positive and negative pairs, to
align image-text representations:

L1 = Luar(Vy, Tq) + Luar (Vy, Ti) + Luar(Vi, Ty),  (10)

where the first term uses positives and negatives from the
current batch, while the latter two use query—key pairs as
positives and obtain negatives from dynamic queues.

To align image embeddings with the MLLM-generated text
embeddings, we extend the hubness-aware loss:

N [(log 1+, ex5ua=h
522%2 ( ]Z:e )+

=1

log (1453, e )

(07

—log (1 +ReLU(S;)) |, (A1)

where S;; is the cosine similarity between the ¢-th image

embedding V;’ and the j-th MLLM-generated text embedding

T;_mum, and S;; denotes the similarity of the positive pair.
The overall loss integrates all objectives:

L=L+0-Ls, (12)

where 6 weights the relative contribution of the alignment
loss between images and MLLM-generated texts in the overall
training objective.

IV. EXPERIMENTS

A. Datasets and Implementation Details

We conduct experiments on two widely used benchmarks:
Flickr30K [25] (31,000 images: 29,000 for training, 1,000
for validation, and 1,000 for testing) and MS-COCO [26]
(123,287 images: 113,287 for training, 5,000 for validation,
and 5,000 for testing), where each image is annotated with
five captions. Following previous works [9], we evaluate the
retrieval performance using R@K (K = 1, 5, 10), which
measures the proportion of queries for which the correct item
is ranked among the top K retrieved results. In addition, we
report RSUM, defined as the sum of R@K values over the two
retrieval directions, image-to-text and text-to-image, providing
an aggregated measure of overall retrieval effectiveness.

All hyperparameters are determined based on validation
performance. We set the temperature scale o = 90, margin
B = 0.5, and the momentum coefficient for the key encoders
to m = 0.999. The loss weight 6 is set to 0.7 for Flickr30K
and 0.05 for MS-COCO. The dynamic queue size is 2048 for
Flickr30K and 4096 for MS-COCO. We employ the AdamW
optimizer [27] with weight decay 10~*. For Flickr30K, we
train the model for 20 epochs with an initial learning rate of
5 x 10~%, which is decayed by a factor of 10 at epoch 10.
For MS-COCO, the model is trained for 25 epochs with an
initial learning rate of 4 x 10~%, which is decayed by a factor
of 10 at epoch 15. We conduct all experiments using PyTorch
v1.11.0 on an NVIDIA A800 GPU.

B. Performance Comparison

We compare LG-Cog with state-of-the-art methods, in-
cluding VSEoco [7], VSRN++ [28], CHAN [5], CORA [29],
USER [9], and CIMN [30]. LG-Cog is built upon the USER
architecture [9].

We present comparative results on the Flickr30K and MS-
COCO 1K test sets in Tables I and II. LG-Cog consistently
achieves the best overall performance. On Flickr30K, LG-Cog
outperforms USER, the strongest prior method, by 3.7% in
RSUM and 1.6% for R@1 for image-to-text retrieval. On MS-
COCO, LG-Cog surpasses CIMN, the previous best, by 4.0%
in RSUM and 1.5% for R@1 for text-to-image retrieval.

C. Ablation Study

To verify the effectiveness of the proposed modules, we
conduct ablation studies (Table III). Model I serves as con-
ventional image-text alignment. Model II only introduces
MLLM-based text generation, while Model III only adopts



TABLE I
COMPARISON RESULTS ON FLICKR30K TEST SET.

Image-to-Text Text-to-Image

Method ‘ Venue ‘

RSUM
\ | Rel R@5 R@I0 | R@1 R@5 R@IO |
VSEoo [7] CVPR’21 | 81.7 954 976 | 614 859 915 513.5
VSRN++ [28] | TPAMI'22 | 792 946 975 | 60.6 856 914 | 508.9
CHAN [5] CVPR’23 | 806 961 978 | 639 875 926 | 5185
CORA [29] CVPR’24 | 837 966 983 | 623 871 926 | 520.1
USER [9] TIP' 24 863 976 994 | 695 910 944 | 538.1
CIMN [30] PR’25 844 961 982 | 648 881 928 524.4
LG-Cog (ours) - 879 981 994 | 705 907 952 | 541.8
TABLE II
COMPARISON RESULTS ON MS-COCO 1K TEST SET.
Method | Venue | Tmage-to-Text Text-to-Image RSUM
\ | R@l R@5 R@I0 | R@1 R@5 R@IO |
VSEco [7] CVPR21 | 797 964 989 | 648 914 963 527.5
VSRN++ [28] | TPAMI'22 | 77.9 960 985 | 641 910  96.1 523.6
CHAN [5] CVPR'23 | 814 969 989 | 665 921 967 | 5326
CORA [29] CVPR'24 | 824 968 988 | 662 919 966 | 5327
USER [9] TIP*24 837 967 990 | 678 912 958 534.2
CIMN [30] PR’25 822 970 990 | 674 922 966 | 5344
LG-Cog (ours) - 851 973 991 | 689 917 963 538.4

the cross-modal momentum contrast mechanism. Model IV
combines both components. Compared to Model I, Model II
improves overall retrieval performance, demonstrating that
incorporating MLLM-generated semantically rich descriptions
effectively enhances image-text alignment. Moreover, combin-
ing MLLM-based text generation with cross-modal momentum
contrast (Model IV) consistently yields further gains over
Model III, resulting in the best overall performance. These
observations indicate that MLLM-based text generation is an
effective strategy for improving image-text retrieval, and its
combination with cross-modal momentum contrast produces
complementary benefits.

TABLE III
ABLATION STUDY ON FLICKR30K.

Image-to-Text
R@I10 | R@I R@S

Text-to-Image
R@10 |

Models | MLLM-Based Text Generation | Cross-Modal Contrast | RSUM

| | | R@I R@S

1 85.2 97.5 98.8 69.0 903 94.5 5352

) 's 84.9 97.9 99.2 69.4 90.9 94.4 536.7

i v 86.9 97.7 99.1 69.1 91.2 94.7 538.7

v v ' 879 981 99.4 70.5 90.7 95.2 541.8
TABLE IV

IMPACT OF DIFFERENT PROMPT DESIGNS ON FLICKR30K.

\ Image-to-Text Text-to-Image

Prompts RSUM

| Rel R@5 R@I10 | R@1 R@5 R@IO |
Prompt I 86.9 977 99.3 69.5 909 94.9 539.2
Prompt II | 87.3  98.2 99.4 694 907 94.7 539.7
Prompt I | 87.9  98.1 99.4 70.5  90.7 95.2 541.8

We further analyze the impact of different prompt designs
used for MLLM-based text generation, as summarized in
Table IV.

Prompt I adopts a highly constrained captioning strategy by
enforcing a single concise sentence: “Describe the image with
a single concise sentence in the style of COCO or Flickr30K
image captions.” This design encourages the generated text

to remain close to the distribution of the original dataset
annotations.

Prompt II relaxes the sentence-number constraint while
preserving the caption style: “Describe this image in the
style of COCO or Flickr30K captions.” By allowing multiple
sentences, this prompt enables the model to include additional
visual details beyond the original paired text.

Prompt III further refines Prompt II by explicitly emphasiz-
ing objective and observable visual content: “Describe this
image in the style of COCO or Flickr30K captions. Use
concise, objective language. Focus on visual elements such
as people, actions, objects, and background. Avoid opinions
or interpretations. Use third-person perspective.” This design
aims to suppress subjective bias and encourage fine-grained,
visually grounded descriptions.

All three prompt designs improve image—text retrieval per-
formance, with Prompt III yielding the largest gains. This
demonstrates that guiding the MLLM to produce objective and
fine-grained visual descriptions while minimizing its subjec-
tive bias is crucial.

D. Visualisation and Analysis

Query

1. Awoman in a green tank top looking at a drill while a crowd looks on .
2. a woman using a power drill in front of a group of people

3. Spectators about to watch a woman use a drill .

4. Awoman uses a drill while another man takes her picture .

5. A girl looking through binoculars .

1. a woman using a power drill in front of a group of people

2. Awoman in a green tank top looking at a drill while a crowd looks on .
3. Awoman uses a drill while another man takes her picture .

4. Spectators about to watch a woman use a drill .

5. Awoman , in a teal tank top , holding a power drill

Fig. 3. Visualization of Image-to-Text retrieval results.

‘ Aboy and a girl holding hands while sitting on a shore . ‘

LG-Cog

Fig. 4. Visualization of Text-to-Image retrieval results.

To validate LG-Cog’s effectiveness, we compare its retrieval
results with those of USER [9] in Fig. 3 and Fig. 4, showing
top-5 image-to-text and top-3 text-to-image results (correct



results are highlighted in blue, incorrect results in red). USER
often retrieves captions containing objects not present in the
image (e.g., “binoculars”) or returns top-1 images inconsistent
with the text query (e.g., “standing” vs. “sitting”). In contrast,
LG-Cog produces more accurate and semantically consistent
image—text alignments across both tasks.

V. CONCLUSION

We propose LG-Cog, a novel image-text retrieval method
designed to mitigate semantic bias arising from partially
aligned image—text pairs in real-world data. LG-Cog employs
a frozen multimodal large language model to generate seman-
tically enriched texts for each image, which serve as cross-
modal cognitive priors complementing the original texts. By
jointly aligning image representations with both the original
texts and the generated priors, LG-Cog drives visual repre-
sentations toward a shared language semantic space, estab-
lishing a language-grounded representation learning paradigm
that progressively refines cross-modal alignment. Extensive
experiments on Flickr30K and MS-COCO demonstrate the
superiority of LG-Cog for image-text retrieval.
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