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Abstract

Fine-grained image-text alignment is a pivotal challenge in
multimodal learning, underpinning key applications such as
visual question answering, image captioning, and vision-
language navigation. Unlike global alignment, fine-grained
alignment requires precise correspondence between localized
visual regions and textual tokens, often hindered by noisy at-
tention mechanisms and oversimplified modeling of cross-
modal relationships. In this work, we identify two funda-
mental limitations of existing approaches: the lack of robust
intra-modal mechanisms to assess the significance of visual
and textual tokens, leading to poor generalization in complex
scenes; and the absence of fine-grained uncertainty modeling,
which fails to capture the one-to-many and many-to-one na-
ture of region-word correspondences. To address these issues,
we propose a unified approach that incorporates significance-
aware and granularity-aware modeling and region-level un-
certainty modeling. Our method leverages modality-specific
biases to identify salient features without relying on brit-
tle cross-modal attention, and represents region features as
a mixture of Gaussian distributions to capture fine-grained
uncertainty. Extensive experiments on Flickr30K and MS-
COCO demonstrate that our approach achieves state-of-the-
art performance across various backbone architectures, sig-
nificantly enhancing the robustness and interpretability of
fine-grained image-text alignment.

Code — https://github.com/H31IoWorld/GRM

Introduction

Fine-grained image-text alignment is a challenging and es-
sential task in multimodal learning which has significant ap-
plications in tasks like visual question answering(Antol et al.
2015; Yu et al. 2025), image captioning(Huang et al. 2019;
Zeng et al. 2025), and vision-language navigation(Anderson
et al. 2018; Chen et al. 2025). Unlike global image-text
alignment, which considers the overall semantic similar-
ity between an image and a text, fine-grained image-text
alignment demands detailed alignment between localized vi-
sual representations and the corresponding textual tokens.
Achieving this fine-grained alignment is challenging due to
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the need to reason over compositional details such as ob-
ject attributes, spatial relations, and localized entities, which
requires more precise modeling of the visual-textual corre-
spondences.

Despite the remarkable advances in cross-modal alignment,
existing methods(Wu et al. 2025; Zhao et al. 2024; Qiu,
Ning, and He 2024) face two critical limitations that hinder
their ability. First, while many approaches leverage cross-
attention or fusion modules to model token-level interac-
tions, the attention weights are typically driven by the re-
trieval objective. These attention maps are often noisy, lack-
ing semantic grounding, and frequently focus on visually
salient but semantically irrelevant regions. This results in a
failure to explicitly identify which regions and tokens are
truly critical for alignment, particularly in complex and am-
biguous visual scenes. Without an effective mechanism to
pinpoint the key areas for alignment, existing models strug-
gle with misalignment, thereby impairing performance.
Second, uncertainty modeling has become increasingly rec-
ognized as crucial for capturing the inherent ambiguity in
multimodal data. However, most recent methods treat un-
certainty at the image-text pair level, assuming a one-to-
one correspondence between image and text. In reality, the
alignment is more nuanced: a single textual phrase may
correspond to multiple regions, or a region may ambigu-
ously match multiple text tokens. Yet, region-level uncer-
tainty—capturing these one-to-many and many-to-one rela-
tionships—has been largely underexplored. This gap limits
the ability of current methods to handle fine-grained uncer-
tainty, which is critical for achieving robust and accurate
cross-modal alignment.

Motivated by the limitations mentioned above, we raise the
first fundamental question: How can we effectively model
the significance of embedding tokens within each modality?
Some existing approaches directly apply cross-modal atten-
tion to identify salient tokens (Fu et al. 2024). However,
such methods are often inefficient and overly dependent on
specific image-text pairs, which compromises generalizabil-
ity. Therefore, we argue that significance modeling should
be performed intra-modally, leveraging the inherent statis-
tical biases within each modality rather than depending on
cross-modal interactions. This modality-specific modeling
can better adapt to diverse and complex downstream tasks.
After obtaining modality-specific significance features, we



further raise a second fundamental question: How can we
model fine-grained uncertainty in the alignment process?
Inspired by the concept of probabilistic Distributional Rep-
resentations, we adopt Gaussian distributions (Chang et al.
2020; Ji et al. 2023) to work out this problem. Specifically,
we assume that each region feature can be represented as
a multivariate Gaussian distribution, where the variance re-
flects the intrinsic uncertainty of the representation. To cap-
ture fine-grained uncertainty, we further model the image as
a mixture of Gaussian distributions across multiple regions.
Motivated by these two insights, we propose a unified
framework GRM (Cross Modal Fine-Grained Alignment
via Granularity-Aware and Region-Uncertain Modeling)
that integrates granularity-aware significance modeling and
region-level uncertainty modeling to enhance cross-modal
alignment. Specifically, the main contributions of this work
are threefold:

* We propose a Significance-aware and Granularity-aware
Adapting approach that explicitly models intra-modal
data biases to identify salient modality-specific features,
thereby suppressing redundant information and enhanc-
ing alignment generalization.

e We introduce a prompt-driven mechanism for end-to-
end region proposal, followed by the use of a mixture
of Gaussians to model fine-grained region-level uncer-
tainty, which improves the robustness of cross-modal
alignment.

* We comprehensively evaluate our approach against exist-
ing fine-grained methods across diverse backbone archi-
tectures, consistently surpassing state-of-the-art perfor-
mance on two benchmarks: Flickr30K and MS-COCO.

Related Work
Fine-grained Cross-modal Alignment

Fine-grained cross-modal alignment aims to establish pre-
cise correspondences between localized visual regions and
textual elements, serving as a foundational task in multi-
modal understanding. Recent research (Faghri et al. 2017,
Lee et al. 2018; Diao et al. 2021; Pan, Wu, and Zhang 2023;
Fu et al. 2024; Liu et al. 2025; Pham et al. 2024; Fu et al.
2023) in this area typically follows a dual-stream architec-
ture that separately encodes images and texts before aligning
them through cross-modal interactions. Existing methods
can be broadly categorized based on their visual encoders.
One line of work relies on two-stage object detectors (Pham
et al. 2024; Fu et al. 2023; Qin et al. 2022) (e.g., Faster R-
CNN (Ren et al. 2016)) to extract region-level features as
inputs to the alignment module. While such approaches of-
fer explicit localization cues, they suffer from several draw-
backs: the reliance on pre-trained detection models intro-
duces error propagation and limits flexibility; in addition,
adapting to downstream tasks often requires additional an-
notations and retraining, which increases the system’s com-
plexity and domain sensitivity. In contrast, a more recent
trend adopts end-to-end transformer-based vision encoders,
particularly Vision Transformers (ViT) (Dosovitskiy et al.
2020; Liu et al. 2021), to directly model visual features with-
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out explicit region proposals. This design benefits from uni-
fied optimization, reduced dependence on external annota-
tions, and better scalability across datasets. Motivated by
these advantages, we adopt a ViT-based architecture in our
framework. Although CLIP-style (Lu et al. 2022; Wang et al.
2023; Jiang and Ye 2023; Zhang et al. 2024; Zheng et al.
2023) pretraining has proven effective for global image-
text matching, its representation is typically optimized for
coarse-level similarity and lacks the granularity required for
fine-grained alignment. Therefore, we opt for independently
pre-trained ViT and BERT (Devlin et al. 2019) models to
retain modality-specific inductive biases and allow greater
flexibility in downstream fine-grained alignment tasks.

Uncertainty Quantification

Uncertainty modeling has recently gained attention in mul-
timodal learning due to its potential to handle ambigu-
ity, noise, and diverse interpretations inherent in image-
text data. Prior works have explored uncertainty estimation
through various paradigms, such as Bayesian neural net-
works (Kingma, Salimans, and Welling 2015; Molchanov,
Ashukha, and Vetrov 2017; Kohl et al. 2018), probabilis-
tic embeddings (Chen et al. 2022), and distributional rep-
resentations (Gao et al. 2024). Broadly speaking, existing
approaches can be categorized into two types: (1) Pair-
level uncertainty modeling (Li et al. 2023), which estimates
uncertainty at the global image-text pair level, often us-
ing confidence scores or variance-aware similarity metrics
to account for ambiguity in the retrieval task. (2) Feature-
level probabilistic modeling (Chen et al. 2022; Gao et al.
2024), which represents embeddings as probability distri-
butions—typically Gaussians—to capture semantic variance
and improve robustness in the embedding space. While these
methods provide a useful first step toward modeling uncer-
tainty, they predominantly focus on global or holistic repre-
sentations, assuming a one-to-one alignment between an en-
tire image and a sentence. This assumption fails to capture
the fine-grained one-to-many and many-to-one relationships
between visual regions and textual tokens, which are criti-
cal in tasks like phrase grounding and referring expression
comprehension. As a result, global uncertainty modeling of-
ten overlooks localized ambiguities and leads to suboptimal
alignment in complex scenes.

Method

The overview of our GRM is illustrated in Figure 1. We
first introduce the architecture of the modality encoders, fol-
lowed by the detailed implementation of the Significancy-
aware and Granularity-aware Adapters. Finally, we present
the methodological details of region prompting and fine-
grained uncertainty modeling.

Dual-encoder Feature Extraction

Our method adopts a dual-encoder architecture, wherein
visual and textual features are independently extracted
by modality-specific encoders without shared parameters.
Given an input image instance I, we employ vision trans-
formers (Dosovitskiy et al. 2020; Liu et al. 2021) as vi-
sual encoder f,(+) to obtain the initial visual representation
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Figure 1: The Overview of the Proposed GRM.The visual encoder f,(-) and text encoder f;(-) independently encode input
image and text instances to obtain their respective representations, V and T. These embeddings are then passed through two
structurally identical but functionally distinct adapters: the Significance-aware Adapter and the Granularity-aware Adapter,
which learn modality-specific distribution biases. Subsequently, the image embeddings undergo region-level prompt learning
and uncertainty modeling to capture fine-grained semantic variations. Finally, a multi-level alignment strategy is applied to
effectively align the cross-modal knowledge between images and texts.
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Figure 2: The detailed architecture of the Significance-aware
Adapter and the Granularity-aware Adapter.

V = f,(I) € REv*4 where v; denotes the i-th patch token
generated by patch embedding of the visual encoder. Simi-
larly, for a textual instance 7', we utilize BERT (Devlin et al.
2019) as textual encoder f(-) to obtain the corresponding
textual representation T = f;(T) € R *?, where t; de-
notes the i-th word token generated by the tokenizer of the
textual encoder. L, and L; denotes the length of image to-
kens and text tokens, and d indicates the latent dimension.

Significancy-aware and Granularity-aware
Adapting

The architectures of the Significance-aware Adapter and
Granularity-aware Adapter are illustrated in Figure 2. While
both modules adopt an identical architectural design, they
are instantiated independently and operate on different
modalities, thereby fulfilling distinct functional roles. This
modality-specific divergence, despite structural symmetry,
reveals an intriguing dynamic that we empirically validate in
the experimental section. Given the shared architecture be-

23705

tween the two adapters, we present the detailed formulation
using the visual input as a representative example in the fol-
lowing discussion. Given the visual representation V € R
the feature adapting process is formulated as follows:

D, =W ((WY'V)) € Rt

Ay = fy(Dy, 7)1, 1] € [0,1)F
V=M0oAy®1,

Here, ® and ® denotes element-wise multiplication and the

outer product, 1 and f, indicates the activation function

(GELU in our implementation) and the Gumbel-Softmax

function respectively. And 14 is a d-dimensional all-one vec-

tor. The temperature parameter 7 is a scalar that controls the
sharpness of the selection distribution.

(D

Region Prompting and Uncertainty Modeling

While prior studies (Gao et al. 2024; Li et al. 2023) have
primarily modeled uncertainty at the holistic image-text
level and achieved competitive performance, such formula-
tions overlook the intrinsic granularity of cross-modal align-
ment. In contrast, we advocate for a fine-grained perspective,
positing that matching uncertainty should be decomposed
across localized image regions and individual textual tokens.
This paradigm shift enables a more nuanced characterization
of semantic ambiguity and forms the basis for our proposed
uncertainty-aware fine-grained matching approach.

Region Prompting. Inspired by prompt learning(Jia et al.
2022; Pei et al. 2024; Wang et al. 2024), we first introduce
a set of learnable prompts P = {py,...,px_1} € RExd
to model the latent region representations within the im-
age, where each prompt p; serves as ¢-th semantic proxy
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Figure 3: The computation process of bidirectional image-
text alignment.

for a potential image region. We then transfer visual knowl-
edge from image representations to these region prompts,
thereby generating region-aware prompt embeddings with
regional semantic information. To ensure scale invariance
across queries, we apply L2 normalization for P to get
P = {fo,....px—1} € RE*? Subsequently, we compute
pairwise attention scores between each image patch token v;
and every region prompt pj, to capture their semantic affin-
ity. Formally,

A, = ¢(v ! PT) € RLUXKa
Alk
L, Aﬁ,’k’

I'=1

@

Ak = A, ¢ REK,
Here, 1 denotes the sigmoid function, as a single patch
may be associated with multiple regions simultaneously. Fi-
nally, we leverage the normalized attention matrix A to
softly aggregate patch features into the region prompts, and
compute the k-th mean prompt representation enriched with
region-level semantics. The equation is expressed as:

L,
p, =Y ANV pe RFX 3)
=1

Uncertainty Modeling: To enhance the expressiveness
of region-level semantic modeling, we adopt a variational
perspective (Kingma, Welling et al. 2013) by represent-
ing the semantics of each region as a Gaussian distribu-
tion. This formulation explicitly captures the inherent am-
biguity and uncertainty in the semantic aggregation process.
Through a reparameterization-based sampling mechanism,
token-level semantics are injected into region-level repre-
sentations, thereby improving the model’s adaptability and
generalization capability to semantic structures.
Specifically, we employ a learnable prediction network ¢
to estimate the log-variance log o for each region prompt,
which serves as an indicator of the model’s confidence in the
corresponding semantic representation. Formally,

log o} = ¢(py), loga”® e RFX )

We adopt the reparameterization trick to sample from each
region’s distribution, thereby introducing diverse uncer-
tainty and enhancing the expressiveness of region-level rep-
resentations. Unlike conventional regional token embed-
dings that are treated as fixed vectors, we independently in-
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ject region-level noise into each patch—-region pair to con-
struct patch-aware sampled representations. Formally,

1
Zi, = My, + €1 © exp (2logai), e~N(0,I). (5

Here, e denotes the noise sampled from a standard normal
distribution (0, T), where I refers to the identity covari-
ance matrix. Then we apply the normalized attention matrix
to perform a weighted aggregation of the sampled features
Z1i, resulting in an uncertainty-aware semantic representa-
tion for each region ug:

L

v
ug = E Az, uERd.
=1

(6)

Finally, we obtain the uncertainty-aware region representa-
tion U = {uy,...,ux_1} € REX9,

Multi-objective Optimization

Multi-level and Bidirectional Image-Text Alignment:
To comprehensively capture the semantic correspondences
between images and texts, we introduce a multi-level, bidi-
rectional token-wise alignment mechanism, which enables
both fine-grained and semantically abstract interactions be-
tween the two modalities. We first define the token-level
similarity between visual and textual features as S = T -
VT ¢ REvXEt To obtain a scalar instance-level similar-
ity score S between the image and the caption, we perform
bidirectional aggregation over S. The computation process
is illustrated in Figure 3 and formally,

Ly L,
1 1
S=— E max S — E max S, ;, € RBEXB
I, 2 12 I,L, T i - ja 1L, )

Text2Image Image2Text

(7
where B denotes the batch size. For the original visual
and textual feature pair (T, V), the significance-aware and

granularity-aware feature pair (T, V), and the uncertainty-

aware region-text pair (T, U), we obtain three levels of sim-
ilarity maps—&°1, S*¥, and S""—computed via the equa-
tion 7. We then compute the contrastive loss with hard neg-
ative mining (Faghri et al. 2017) for each of the three simi-
larity matrices via equation §:

B B
EZZZ[OZ+Sij*Sii]++[04+8j‘78i']+, (8)
i=1 j=1
J#i
resulting in three levels of contrastive objectives £ | L5
and LY):. Here, o denotes the margin hyperparameter, S;;
represents the similarity between the i-th image and the j-th
text, and [z]; = max(z,0) denotes the hinge function. The
overall multi-level loss is formulated as a weighted combi-
nation of the three components, governed by the hyperpa-
rameters a, b, and c:
Leon = aL 4+ bLKY 4 cLe)

con

9
wherea +b+c=1.



Flick30k-1k MS-COCO 1k MS-COCO 5k

Method |[FG| Image to Text  Text to Image Sum Image to Text  Text to Image rSum Image to Text  Text to Image rSum

R@IR@5R@I0R@1IR@5R@10 R@1R@5R@I0R@1R@5R@10 R@IR@5R@I0R@IR@5R@10
Faster R-CNN + BERT-base, 36 pre-computed regions
VSE++ | X [81.7 954 97.6 61.4 859 91.5(513.5/79.7 96.4 989 64.8 91.4 96.3 |527.5]58.3 85.3 92.3 42.4 72.7 83.2 |434.2
MV-VSE| X |82.1 95.8 97.9 63.1 86.7 92.3 |517.5/80.4 96.6 99.0 64.9 91.2 96.0 |528.1|59.1 86.3 92.5 42.5 72.8 83.1 [436.3
CHAN |v[80.6 96.1 97.8 639 87.5 92.6 |518.5[81.4 96.9 989 66.5 92.1 96.7 |532.5/59.8 87.2 93.3 449 745 84.2 443.9
HERM |v [84.0 96.1 98.6 64.4 88.0 93.1 |524.2/82.9 969 99.0 67.1 92.0 96.6 |534.5/64.0 88.5 93.7 45.4 75.1 84.3 451.0
CORA |v|83.4 959 98.6 64.1 88.1 93.1 |523.3|82.8 97.3 99.0 67.3 924 96.9 |535.6/64.3 87.5 93.6 45.4 74.7 84.6 [450.1
ViT-Base-224 + BERT-base, 14 x 14 patches
SCAN | v ]69.5 909 95.6 56.4 83.1 90.0 |485.6/76.0 95.4 98.1 64.5 90.8 95.8 |520.6/53.9 81.8 90.0 42.9 72.3 82.5 |423.5
VSE++ | X |71.8 92.8 96.5 59.4 84.7 90.9 [496.1|75.0 94.6 98.0 62.7 89.4 949 (514.6/52.4 80.3 88.8 40.6 70.4 81.1 [413.4
SGR v |69.7 90.8 952 59.1 84.1 89.9 |488.7|77.2 95.0 98.0 65.1 90.7 95.8 |521.8/54.9 82.8 90.5 42.8 72.2 82.5 [425.8
CHAN |v]69.2 91.8 95.0 58.4 84.9 90.6 |489.9/77.1 95.1 98.1 65.0 91.0 96.0 |522.2/56.3 83.2 90.1 43.0 72.6 82.8 |428.0
LAPS |v'|74.0 934 974 62.5 87.3 92.7 |507.3|78.7 95.5 98.3 66.2 91.3 96.2 (526.3|57.5 84.0 90.8 44.5 74.0 83.6 [434.4
AVSE | X [76.0 94.6 97.5 62.7 88.4 93.1 |512.3]79.8 95.6 98.3 67.0 91.5 96.3 |528.5/58.8 84.3 91.0 45.1 74.3 83.9 437.4
Ours v |77.2 945 97.9 64.6 88.5 93.5 |516.2/80.8 96.7 98.9 67.6 91.8 96.7 |532.5/60.1 86.7 93.2 44.4 74.5 84.1 [443.0
ViT-Base-384 + BERT-base, 24 x 24 patches
SCAN | v |75.4 944 969 63.6 88.6 93.5|512.5/77.0 95.7 98.4 64.6 91.1 96.2 |523.0/54.9 82.8 90.4 42.4 72.4 82.8 |425.8
VSE++ | X [77.1 957 97.5 65.8 90.2 94.3 |520.5/76.1 95.5 98.5 65.1 91.6 96.3 |523.1{53.3 81.8 90.0 42.6 72.6 82.9 |423.1
SGR v |76.9 949 98.1 64.2 88.4 93.3 |515.8/75.8 95.7 98.6 65.6 92.0 96.5 |524.2|53.3 81.0 89.6 42.9 73.1 83.7 [423.6
CHAN |v'|75.4 945 97.6 63.2 88.6 93.1 |512.4/78.1 95.8 98.6 66.1 92.1 96.6 |527.3|55.6 83.8 91.2 43.4 73.6 83.5 [431.1
LAPS | v/|79.0 96.0 98.1 67.3 90.5 94.5 |525.4/78.6 96.3 98.9 68.0 92.4 96.8 (531.0/57.4 84.9 92.5 46.4 75.8 85.2 [442.2
AVSE | X [80.3 964 98.7 67.9 91.2 94.7 |529.2|81.1 97.1 99.0 68.3 92.7 97.0 |535.2|61.2 86.8 93.2 46.2 759 85.0 |448.3
Ours v |80.5 97.5 98.8 68.5 91.6 94.9 |531.8/81.8 97.7 99.1 69.4 92.9 97.3 |538.2/62.1 87.4 934 47.9 76.5 85.9 [451.2
Swin-base-224 + BERT-base, 7x7 patches
SCAN |v]79.0 959 982 67.7 90.6 94.9 |526.3|83.3 97.5 99.3 71.0 93.0 96.7 |540.9]64.0 88.2 94.2 499 78.0 86.6 |460.9
VSE++ | X [82.5 96.5 989 70.0 91.4 95.1 |534.4/80.9 97.0 99.1 69.7 93.1 97.1 |536.9/60.7 86.6 93.2 48.1 77.1 86.1 |451.8
SGR v |80.4 97.0 98.7 66.9 90.2 94.5 |527.6/81.2 97.1 99.1 69.9 93.2 97.2 |537.7|61.0 86.7 93.2 48.6 77.2 86.3 [453.1
CHAN |v |81.4 97.0 98.6 685 90.6 94.5|530.6/81.6 97.2 99.3 70.6 93.7 97.6 |539.8/64.1 87.9 93.5 49.1 77.3 86.1 |458.0
LAPS |v[82.4 974 99.5 70.0 91.7 95.4 |536.3|84.0 97.6 99.3 72.1 93.7 97.3 |544.1/64.5 89.2 944 51.6 789 87.2 |465.8
AVSE | X [839 974 994 70.0 92.4 95.6 |538.7/84.9 98.0 99.3 72.1 94.0 97.4 (545.7|/66.2 89.8 94.7 51.7 79.2 87.3 |468.9
Ours v |85.6 98.7 99.5 73.0 92.9 96.2 |546.0/85.2 97.8 99.6 73.2 93.9 97.8 |547.5/66.3 90.1 94.9 52.1 79.8 87.6 470.8
Swin-base-384 + BERT-base, 12 x12 patches
SCAN | v [81.9 969 989 70.0 92.7 95.8 |536.1/82.9 97.7 99.4 71.3 93.5 97.3 |542.1]63.0 88.5 94.3 50.1 78.9 87.4 |462.2
VSE++ | X[83.3 97.5 99.2 71.1 93.2 96.2 |540.6/81.6 96.8 99.1 69.1 92.7 96.7 (536.1|61.1 87.3 93.3 47.8 76.9 85.9 [452.4
SGR v 180.7 96.8 99.0 69.9 91.7 95.3 |533.4/81.9 96.7 99.1 69.3 92.8 96.7 |536.6/62.8 87.0 92.9 48.1 77.0 86.0 [453.8
CHAN |v [81.2 96.7 98.8 70.3 92.2 959 |535.0/83.1 97.3 99.2 70.4 93.1 97.1 |540.2/63.4 88.4 94.1 49.2 77.9 86.6 [459.5
LAPS | v|85.1 97.7 99.2 74.0 93.0 96.3 |545.3|84.1 97.4 99.2 72.1 93.9 97.4 |544.1/67.1 88.6 94.3 53.0 79.5 87.6 [470.1
AVSE | X [87.1 983 99.2 73.6 93.5 96.5 |548.2/85.1 98.2 99.5 71.6 94.0 97.5 |545.9/68.6 90.2 95.6 52.2 79.6 87.8 |474.0
Ours v |87.7 98.8 99.5 75.3 93.5 96.9 |550.7/85.0 97.9 99.4 73.5 944 97.8 |548.0/69.4 90.0 95.7 54.4 80.6 88.2 478.3

Table 1: Comparison of image-text retrieval performance on the Flickr30K and MS-COCO test sets. We list detailed information
about feature encoders, image resolution and the number of regions/patches obtained by the visual encoder (e.g., “ViT-Base-
224> denotes the base version of the Vision Transformer with a 224 X224 image resolution input, using 16x 16 pixel patches,
resulting in 14 x 14 visual patches per image). F'G indicates whether fine-grained cross-modal alignment is employed. The best

results are highlighted in bold.

Semantic Consistency Constraint: To enforce the global
semantic consistency of the uncertainty-aware region em-
beddings, we first compute the average of all region-level
representations U to obtain a global semantic vector for
the image. This vector serves as a holistic representation
of the image’s semantic content. We then align this global
vector with the global mean of the significance-aware patch
features V, ensuring that the high-level semantic structures
across both regions and patches are consistent. The recon-
struction loss is defined as follows:

1 & L& |
reeon = || 22 >, Uk — L—UZVZ (10)
k=1 =1 2
Region Distribution and Diversity Regularization:

Since the standard normal distribution often serves as an ef-
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fective model for smooth transformations and complex re-
lationships in latent spaces (Kingma, Welling et al. 2013),
especially in high-dimensional settings, we assume that the
prior distribution of the latent variables for the region fea-
tures follows a standard normal distribution A (0, 1). To en-
courage each region’s distribution to approximate this prior,
we employ the Kullback-Leibler (KL) divergence as a regu-
larization term. Formally,
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w/o SA 73.6 932 965 | 60.7 86.6 922 |502.8
wloGA | 749 938 970 | 615 873 925 |507.0
w/o RP 73,5 931 968 | 60.7 869 923 |503.3
w/oUM | 744 934 973 | 62.1 88.0 93.1 |508.3

Complete | 772 945 979 | 64.6 885 935 |516.2

Table 2: The ablation study on the contribution of each mod-
ule in our proposed method.

To prevent attention collapse and promote the diversity of
regions, we introduce an entropy regularization term:

K
1 k k
Lo = =5 k§71AT log(AF), (12)

where A¥ is from equation 2. The overall regularization ob-
jective is:
L:reg = LxL + £ent~ (13)

Experiment
Comparison with State of the Arts

Following the standard evaluation protocols of the two
benchmarks (Faghri et al. 2017; Zhang et al. 2022), we sum-
marize the details of the feature encoders and cross-modal
alignment strategies used in all compared methods. Specif-
ically, we include six representative cross-modal alignment
approaches (Faghri et al. 2017; Diao et al. 2021; Lee et al.
2018; Pan, Wu, and Zhang 2023; Fu et al. 2024; Liu et al.
2025), covering a range of alignment paradigms for compre-
hensive comparison.

As shown in Table 1, we report the quantitative results
on Flickr30K and MS-COCO benchmarks. Our proposed
method consistently outperforms all existing state-of-the-
art approaches, demonstrating its strong capability in fine-
grained cross-modal retrieval. Our method consistently and
significantly outperforms all existing state-of-the-art ap-
proaches. When evaluated under identical visual and tex-
tual encoder configurations, our method demonstrates con-
sistent performance gains in terms of rSum, with improve-
ments ranging from 2.1%~5.6% on Flickr30K, 1.3%~4.0%
on MS-COCO 1K, and 1.9%~5.6% on MS-COCO 5K. No-
tably, while the performance gain narrows slightly as the
number of visual patches increases, our approach still main-
tains a significant margin across all settings. Compared to
two-stage methods that rely on pre-trained object detec-
tors as visual backbones, our approach offers both better
performance and greater scalability. More importantly, it
eliminates the need for additional detector training and en-
ables end-to-end optimization for downstream tasks, mak-
ing it more practical and efficient for real-world deploy-
ment. To further demonstrate the effectiveness of our pro-
posed method, we provide heatmap visualizations for both
patch-word alignment and image-text alignment, as shown
in Figure 5 and 6.
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wlo L% | 701 913 957 | 57.6 822 903 |487.2
wio L5 | 747 939 969 | 60.7 86.8 929 |505.9
wlo £ | 738 93.1 96.1 |59.9 86.1 92.6 |501.6
W/0 Lreeon | 75.8 942  97.8 | 63.1 885 93.8 |513.2
Wio Lrg | 762 947 975 | 635 88.5 938 [5142

Complete | 77.2 945 979 | 64.6 885 935 |516.2

Table 3: The ablation study on the contribution of each opti-
mization objective in our proposed method.

Ablation Studies

We conduct extensive ablation studies and robustness anal-
yses to evaluate the effectiveness of our approach. All ex-
periments are performed based on the Vision Transformer
(ViT-Base) with 224 x224 input resolution and BERT-Base
as the default text encoder.

Module Gain. To thoroughly assess the contribution of
each component, we conduct a module-wise ablation study,
as summarized in Table 2. The results demonstrate that both
the Significance-aware Adapter (SA) and Region Prompts
(RP) are essential components of our method. This perfor-
mance gap can be attributed to the distribution mismatch
between the pretraining corpus and downstream data. The
observed improvements underscore the role of SA and RP in
mitigating this distribution shift and enhancing model adapt-
ability. Specifically, removing any module leads to a notable
performance drop across multiple evaluation metrics, under-
scoring their individual importance, suggesting that the two
components are not only effective in isolation but also highly
complementary. This indicates that the design is not merely
a sum of independent parts but rather a carefully coordinated
structure where each module reinforces the other.

Optimization Gain. To assess the contribution of each
loss component, we perform a series of ablation experi-
ments, with the results presented in Table 3. It is evident that
the three losses associated with our Multi-level and Bidirec-
tional Image—Text Alignment—£%% | £5 and £ —play a
pivotal role in our method. These objectives directly govern
both the alignment of image—text pairs and the modeling of
fine-grained uncertainty, thereby exerting a dominant influ-
ence on overall performance. In contrast, the loss Lecon Of
Semantic Consistency Constraint and the loss L, of Region
Distribution and Diversity Regularization serve as auxiliary
regularizers: they reinforce the knowledge learned by the re-
gion prompts but do not drive the core alignment process.
This hierarchy of contributions is corroborated by the abla-
tion results presented in Table 3, which demonstrate that re-
moving any one of losses leads to the drop in performance,
especially the three losses of Multi-level and Bidirectional
Image-Text Alignment.

Parameter Analysis

To investigate the impact of the number of region prompts
P and the weighting proportions in multi-level alignment on
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Figure 4: Comparison of hyperparameter experimental per-
formance. The experiments are conducted on the Flickr30k
dataset. (a) Parameter study on the number of region
prompts P. The blue bar chart shows results with the vi-
sual backbone ViT-base-224, while the yellow line chart
shows results with Swin-base-224. (b) Parameter study on
different combinations of weights a, b and ¢ in Equation 9.
Since a + b+ ¢ = 1, only a and b need to be spec-
ified. Six combinations are tested: when a = 0.2 (blue
blocks), b = {0.2,0.4,0.6}; when a = 0.4 (yellow blocks),
b ={0.2,0.4}; and when a = 0.6 (green blocks), b = 0.2.

model performance, we conducted corresponding hyperpa-
rameter experiments. The results are illustrated in Figure 4.
The number of region prompts. When using ViT-Base-
224 as the visual backbone, the optimal performance is
achieved when the number of region prompts is set to 5.
As the number of prompts increases beyond this point, the
retrieval performance exhibits a noticeable decline. In con-
trast, when adopting Swin-Base-224 as the visual backbone,
the best performance is obtained when the number of re-
gion prompts reaches 50. We speculate that this discrepancy
stems from the architectural differences between the two
backbones. Specifically, the Swin Transformer leverages lo-
cal self-attention and a hierarchical structure, which tends
to aggregate local visual information at an earlier stage.
As a result, it requires a larger number of learnable re-
gion prompts to sufficiently capture and represent the finer-
grained semantic prompts embedded in the image. In com-
parison, ViT’s global attention enables broader contextual
modeling from the outset, thereby benefiting more from a
smaller set of region prompts.

Different value combinations of a, b, c. The results in Fig-
ure 4(b) clearly demonstrate that the model performance is
highly sensitive to the values of the weighting parameters
a, b, and c in the multi-level alignment. Specifically, the op-
timal performance is observed when a = b = 0.4 and ¢ =
0.2, while the poorest performance occurs when a = b =0.2
and ¢ = 0.6. This trend suggests that the original similarity
and the significance-aware similarity contribute equally and
significantly to the effectiveness of image-text alignment. In
contrast, excessive emphasis on uncertainty-aware similarity
may introduce noise or overfitting, thereby degrading over-
all performance. These findings are in line with our ablation
results, reinforcing the importance of balancing the contri-
butions from different semantic alignment levels.

Original
Images

Region
Heatmaps

Two gardeners | Tow bicyclers : Boston Terrier . Three men :Baseball players

Figure 5: The visualization of fine-grained patch-word align-
ment with each linguistic word.

Caption: A woman with long pink hair dressed in black is laying on a tree trunk talking to a
man who is crouched down next to her .

Figure 6: The visualization of fine-grained image-text align-
ment with some key words.

Conclusion

In this paper, we address the critical challenges of fine-
grained image-text alignment by identifying two key limi-
tations in existing methods: the lack of effective intra-modal
significance modeling and the absence of fine-grained un-
certainty quantification. To this end, we propose GRM, a
novel and effective approach that introduces new perspec-
tives into cross-modal matching. By leveraging intra-modal
semantic biases and modeling region features as a mixture
of Gaussian distributions, GRM captures both salient con-
tent and region-level uncertainty in a principled manner.
This approach enhances alignment robustness, semantic fi-
delity, and interpretability without over-reliance on global
cross-modal attention. Extensive experiments across multi-
ple benchmark datasets and diverse backbone architectures
demonstrate the superior and consistent performance of our
GRM, offering a strong foundation for future advancements
in fine-grained cross-modal understanding and alignment.
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