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Abstract

Cross-modal alignment is a promising yet challenging task
in multimodal learning. Existing methods typically assess
it by measuring the cross-modal semantic similarity from
both global and local perspectives. However, these methods
often neglect their potential interdependence. Specifically,
global matching methods suffer from the over-compression
of local features, while local matching methods rarely con-
sider the inherent spatial topology of image patches. To ad-
dress these limitations, we propose MG-Net, a unified frame-
work with two collaborative modules: Multi-View Differen-
tial Mixer (MDM) and Graph-Guided Structural Region Se-
lector (GSRS). The MDM is designed to capture discrimi-
native global representations. It generates a series of views
by decomposing feature vectors through multi-order differ-
ential operations, and adaptively fuses them via a lightweight
Mixture-of-Experts (MoE) network. Meanwhile, the GSRS
organizes image patches as a spatial graph and employs text-
guided contextual reasoning to select spatially coherent and
semantically complete structural regions. Extensive experi-
ments on the Flickr30K and MS-COCO benchmarks demon-
strate that the proposed MG-Net outperforms state-of-the-art
methods in most cases.

Code — https://github.com/tiantian176/MG-Net.

Introduction
Cross-modal alignment is dedicated to bridging the semantic
gap between different modalities, such as visual and textual
modalities. (Zhang et al. 2022; Li et al. 2019; Zhang and
Lu 2018). As a key technology in the field of cross-modal
understanding and generation, cross-modal alignment plays
a pivotal role in various downstream tasks, such as cross-
modal retrieval (Jing et al. 2020), visual grounding (Xu et al.
2009), and visual question answering (Guo et al. 2024).

Existing cross-modal alignment methods can be roughly
grouped into two categories: global alignment methods and
local alignment methods. The former aims to map the entire
content from different modalities into a shared embedding
space with independent encoders, scoring cross-modal se-
mantic similarity by comparing the global embedding vec-
tors (Pan, Wu, and Zhang 2023; Huang et al. 2024; Diao
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Figure 1: The Impact of Global Aggregation Strategy on
Model Performance.

et al. 2021; Ji and Liu 2025). Local alignment methods fo-
cus on learning fine-grained correspondences between local
units of different modalities (e.g., visual regions in an image
and word fragments in a text), thereby enabling the capture
of more complex and subtle semantic associations (Fu et al.
2024; Liu et al. 2025, 2022; Zhu et al. 2022; Xu et al. 2018).

To improve the performance of cross-modal alignment,
current methods tend to score the global- and local-level
alignments, and then combine them to measure the semantic
similarity between different modalities. However, existing
methods mostly learn the global representation by aggregat-
ing the local features extracted by pre-trained encoders, like
BERT (Devlin et al. 2019) and CLIP (Radford et al. 2021).
But, we argue that these methods exaggerate the designs of
aggregation. As shown in Fig. 1, we evaluate average pool-
ing, max pooling and two alignment methods (LAPS (Fu
et al. 2024) and AVSE (Liu et al. 2025)), on the image-
text and text-image retrieval tasks, and list their performance
w.r.t Recall@1 and Recall@5. From the observation, differ-
ent simple pooling strategies exhibit vast performance dis-
parities: the widely used average pooling leads to suboptimal
performance when mapping image patches and text words
to a shared space. In contrast, max pooling achieves sur-
prisingly strong performance, with results even surpassing
some more complex state-of-the-art methods in two metrics
(Fu et al. 2024; Liu et al. 2025). The reason might be that
the most discriminative signal in each modality conveys the
representative features. Nevertheless, such a simple strategy
is hard to apply in most scenarios, since the rich contextual
information from all other local regions could be discarded.
Therefore, how to measure the representativeness of each
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local feature in global representation learning and aggregate
them is the first challenge we are facing.

For local representation learning, existing methods typ-
ically segment images into fixed-size grids of non-
overlapping patches (Fu et al. 2024; Liu et al. 2025). This
inherently disregards the image’s spatial structure and se-
mantic integrity (Li et al. 2017), treating each patch as an
independent entity that is merely a disconnected fragment
of a visual object. When performing alignment by selecting
these patches in isolation without considering their spatial
topological relationships, this often leads to selected visual
regions that are spatially scattered and semantically inco-
herent, as shown in Fig. 2, thereby harming the representa-
tion of local features. Hence, how to utilize the global spatial
structure information to guide the local representation learn-
ing is the other challenge.

To overcome the aforementioned challenges, we propose
a novel cross-modal alignment framework equipped with
two collaborative key modules: a Multi-View Differential
Mixer (MDM) and a Graph-Guided Structural Region Se-
lector (GSRS). To address the limitations of global repre-
sentations, MDM generates a series of views that reveal the
internal dynamics and structure of features by computing
multi-order differences on image patches or text features.
Subsequently, a lightweight Mixture-of-Experts (MoE) net-
work adaptively fuses these diverse views, thereby enriching
the hierarchy and discriminative power of the global repre-
sentation while preserving key information.

For local representation learning, the GSRS module con-
structs a spatial topological graph from all image patches to
explicitly model their adjacency relationships and spatial de-
pendencies (Veličković et al. 2017). Based on this graph, the
model performs contextual reasoning to adaptively identify
and select structural visual regions that is most relevant to
the text description and spatially coherent. It is able to en-
hance the semantic integrity of the selected visual evidence.
The contributions of this paper are summarized as follows:

• After probing the prior studies, we explore the influence
of global and local representation learning on each other.

• We propose MG-Net, a unified framework with two col-
laborative modules, including MDM for generating di-
verse global views via multi-order differences to enrich
global representation, and GSRS for graph-based spatial
reasoning to ensure coherent and semantically relevant
local feature selection.

• We perform extensive experiments on two public datasets
to demonstrate that our proposed model outperforms sev-
eral state-of-the-art methods in most cases.

Related Work
Global Alignment Methods
Global alignment methods primarily map image and text
features into a common embedding space, where similar-
ity is computed via cosine similarity of their embeddings.
VSE++ (Faghri et al. 2017) improves visual-semantic em-
beddings by employing online hard negative mining to pull
matched positive pairs closer while pushing negative pairs

A man doing gymnastic stunts

(a) Exist method (b) Our method

Figure 2: The effect of global structure information on local
spatial relationships.

apart. GPO (Chen et al. 2021) introduces a Generalized
Pooling Operator that adaptively learns the optimal pooling
function for different modalities. Similarly, HREM (Fu et al.
2023) aligns representations by utilizing both global average
and max pooling. However, these methods typically rely on
a single aggregation strategy, whereas our work fuses global
feature vectors from multiple perspectives.

Local Alignment Methods
To enhance cross-modal alignment precision, many works
perform fine-grained interaction between local features be-
fore deriving a final similarity score (Zhou et al. 2020;
Zhang et al. 2024; Jiang and Ye 2023). The seminal SCAN
(Lee et al. 2018) uses stacked cross-attention for mutual
image-text region alignment. Subsequent works like IM-
RAM (Chen et al. 2020) and CAAN (Zhang et al. 2020) in-
troduce more sophisticated mechanisms to further improve
this fine-grained alignment. However, these fine-grained
methods suffer from high computational complexity and nu-
merous invalid alignments. To mitigate this, LAPS (Fu et al.
2024) introduces a pruning framework that selects impor-
tant patches based on saliency. Nevertheless, these methods
still typically neglect the spatial coherence of visual patches,
often selecting a scattered collection of patches that are se-
mantically incoherent as a whole.

Methods
In this section, we elaborate on the design of our proposed
MG-Net, as illustrated in Fig. 3. In particular, we detail the
Token Feature Extraction, followed by the MDM and GSRS.

Token Feature Extraction
We begin by employing a pre-trained Transformer architec-
ture (Vaswani et al. 2017) as the feature encoder for both
image and text inputs, extracting sequences of visual and
textual tokens, respectively.

Visual Patches. Given an image I , we employ a Vision
Transformer (ViT) (Dosovitskiy et al. 2020) or Swin Trans-
former (Liu et al. 2021) as the visual encoder. The image
is partitioned into N non-overlapping patches, based on its
spatial grid. Then, these patches are treated as a sequence of
visual tokens and fed into the visual encoder. After that, we
obtain a set of visual patch features V = {v1, . . . , vN} ∈
RN×d, where d is the feature dimension.
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Figure 3: The architecture of our MG-Net framework.

Text Tokens. For a given sentence S, we utilize BERT
(Devlin et al. 2019) as the text encoder. Analogously, the
sentence is tokenized into a sequence of linguistic words and
then fed into the encoder. This allows us to obtain a set of
textual word features T = {t1, . . . , tM} ∈ RM×d, where
M is the number of words in the sentence.

Multi-View Differential Mixer
With the obtained visual and textual features, existing global
matching methods typically adopt the simple global pooling
to combine them into visual and textual global representa-
tions, respectively. However, such an operation may cause
the dimensionality reduction and information compression,
leading to the loss of critical information.

To address this problem, we propose a Multi-View Differ-
ential Mixer that consists of a base global representation and
multiple differential global representations. It is able to char-
acterize image and text features with richer information, as
illustrated in Fig. 3. Toward this end, we construct the base
global representation by aggregating the information from
the most discriminative patches. In particular, we select K
patch feature vectors with the largest L1-norms, and then ag-
gregate them via a norm-weighted average to highlight the
most informative regions in the image. The base global rep-
resentation tensor is defined as follows:

V 0
glo =

∑K
j=1 ∥vj∥1 · vj∑K

j=1 ∥vj∥1
, (1)

where vj represents the features of j-th patch and V 0
glo ∈

R1×d is the base global representation. In addition, ∥ · ∥1
denotes the L1-norm. After that, we compute the differen-
tial global features, in order to capture the representative
features. We follow the fact that the representativeness of
a patch feature is directly proportional to the magnitude of

variation between adjacent data within that patch. Since dif-
ferencing is an effective tool for measuring the degree of
such changes, we apply it to calculate the differential global
features. Formally, the first-order difference (∆vi) is defined
as the difference between adjacent feature elements:

(∆1vi)j = vi,j+1 − vi,j , (2)
where j ∈ {1, . . . , d − 1} is the feature dimension index.
The c-th order differential decomposition is denoted as:

(∆cvi)j = (∆c−1vi)j+1 − (∆c−1vi)j . (3)

Since the magnitude of the c-th order difference vector
serves as an effective indicator of a patch’s feature variation
intensity under c-th order abstraction, we define its L2-norm
as a Differential Saliency Score:

si,c = ∥∆cvi∥2, (4)

where si,c denotes the score of the i-th patch with c-th order
differential decomposition. Based on this saliency score, we
then select the indices of the top-K most salient patches for
each differential order c, denoted as Ic:

Ic = arg top-K
i∈{1,...,N}

(si,c). (5)

Using the feature indices {I1, . . . , IC} obtained from the
differential energy, we retrieve the corresponding patch sub-
sets {V 1, . . . , V C} from the original set V , where each
V c = {vc1, . . . , vcK}. These subsets are then aggregated to
form higher-order views:

V c
glo =

∑K
j=1 ∥vcj∥1 · vcj∑K

j=1 ∥vcj∥1
, (6)

where V c
glo ∈ R1×d represents the global visual fea-

ture for the c-th order. This process yields a set of views
{V 0

glo, V
1
glo, . . . , V

C
glo}.
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Mixture-of-Experts. To effectively integrate the outputs
of our multi-order differential analysis, we formulate the fi-
nal fusion step as a lightweight Mixture-of-Experts (MoE)
layer. This layer dynamically predicts the contribution of
each view by generating a probability distribution over them.
Let {V c

glo}Cc=0 be the set of all view representations. The fi-
nal fused visual feature Vglo ∈ R1×d can be formulated as:

Vglo =
∑

Softmax(H1({viglo}Ci=0)) · ({viglo}Ci=0), (7)

where H1 denotes a multilayer perceptron (MLP) network.
For the text modality, we conduct the same operations on

the word features T . To handle variable sentence lengths,
we select the top-min(K,L) feature vectors, where L is the
actual number of words in the sentence. Then, we obtain the
global textual representation tensor Tglo ∈ R1×d.

With the final global visual feature Vglo and global textual
feature Tglo, we compute the cosine similarity between the
image I and sentence S as:

Sg(I, S) =
Vglo · Tglo

||Vglo|| · ||Tglo||
. (8)

Graph-Guided Structural Region Selector
To select structured regions that align with textual seman-
tics, it is crucial to learn the text-awareness visual features
for the selection. To this end, we first enhance node fea-
tures under textual guidance. Specifically, we use the global
text representation Tglo ∈ R1×d to generate a scaling factor
γi ∈ R1×d and a bias term βi ∈ R1×d for each visual patch
in the image, where i ∈ {1, . . . , N} indexes the i-th patch.
It can be formulated as:

[γ1, . . . , γN , β1, . . . , βN ] = H2(Tglo), (9)

where H2 represents an MLP. Subsequently, for the original
visual patch feature vi ∈ R1×d, we utilize the corresponding
text-generated parameters γi and βi to perform an element-
wise affine transformation. The result is then concatenated
with the text feature to obtain the text-guided visual patch
feature v′i ∈ R1×2d:

v′i = Concat(γi ⊙ vi + βi, Tglo), (10)

where ⊙ and Concat(·) denote the element-wise multiplica-
tion and concatenation operations, respectively. This yields
the final set of visual features V ′ = {v′1, . . . , v′N}.

We treat each patch v′i as a node in a graph G = (V, E).
To capture the local 2D topology of the image, we build a
spatial adjacency graph. Its edges E connect nodes that are
spatially adjacent in the original image grid. This is defined
by an adjacency matrix A ∈ {0, 1}N×N :

Aij =

{
1 if max(|ri − rj |, |ci − cj |) = 1,

0 otherwise.
(11)

We conduct a Graph Attention Network (GAT) to prop-
agate and aggregate contextual information. For a node v′i,
a similarity coefficient eij is computed for each neighbor
vj ∈ N (vi) ∪ {vi} (including itself):

eij = H3

(
Concat(Wv′i,Wv′j)

)
, (12)

where W is a learnable linear transformation matrix shared
across all nodes for extracting higher-level features, and H3

represents an MLP. The final attention weights αij are then
obtained by normalizing these coefficients across all neigh-
bors of node vi:

αij =
exp(eij)∑

vk∈N (vi)∪{vi} exp(eik)
, (13)

where αij represent attention weights quantifying the con-
tributions from the neighboring nodes v′j to the central node
v′i. Finally, we use these weights to perform a weighted ag-
gregation of the features of all neighboring nodes to obtain
the updated feature representation h′

i:

h
′

i = σ
∑

vj∈N (vi)∪{vi}

αijWv′j . (14)

After that, each patch feature effectively aggregates the
most text-relevant contextual information from its spatial
neighborhood. It is able to transform the semantic informa-
tion from an isolated feature vector into a context-rich struc-
tural representation h′

i.
To maintain gradient flow during the discrete selection

process, we employ the Gumbel-Softmax trick (Maddison,
Mnih, and Teh 2016), which is a differentiable relaxation of
the discrete categorical sampling process. For each node’s
logit li (derived from h′

i via an MLP), its corresponding se-
lection probability vector mi is calculated as:

mi = Softmax
(
li + gi

τ

)
, (15)

where gi is a noise term independently sampled from a stan-
dard Gumbel(0, 1) distribution, and τ is a temperature coef-
ficient that controls the smoothness of the distribution. The
first element of the vector mi represents the probability of
the i-th patch being selected. The selection probabilities of
all patches constitute the mask M = {mi}Ni=1.

Inter- and Intra-modal Interaction
After obtaining the mask matrix, we can filter the original
visual features: V ′ = V · M , where V ′ ∈ RN×d denoteds
the masked visual features. Subsequently, we compute the
visual-text cross-attention:

Vcross = Cross-Attention(T, V ′, V ′), (16)

where Vcross ∈ RM×d represents the cross-modal visual
features enhanced by the semantic information from the text.

Next, to evaluate the importance of each local feature
within its own modality, we introduce an intra-modal con-
textual alignment mechanism. It computes the semantic con-
sistency between each local feature and the global context of
that modality, as shown in Fig. 3.

For the visual modality, we first construct a vector v̄glo
representing the global visual context by averaging all M
patch features from the cross-attention output, Vcross =
{vi}Mi=1, and then applying L2 normalization:

v̄glo =
1
M

∑M
i=1 vi∥∥∥ 1

M

∑M
i=1 vi

∥∥∥
2

. (17)
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MS-COCO 1K MS-COCO 5K
Image-to-Text Text-to-Image Image-to-Text Text-to-ImageMethod

R@1 R@5 R@10 R@1 R@5 R@10 rSum R@1 R@5 R@10 R@1 R@5 R@10 rSum

ViT-Base-224 + BERT–base, 14×14 patches

VSE++ (Faghri et al. 2017) 75.0 94.6 98.0 62.7 89.4 94.9 514.6 52.4 80.3 88.8 40.6 70.4 81.1 413.4
SCAN (Lee et al. 2018) 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
SGR (Diao et al. 2021) 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 (Pan, Wu, and Zhang 2023) 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 (Fu et al. 2024) 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
PICO (Ma et al. 2025) 78.8 95.9 98.8 66.3 91.6 96.5 527.9 57.5 84.1 91.2 44.9 74.3 83.8 435.8

Ours 80.5 96.1 98.4 66.7 90.8 95.6 528.1 60.1 85.5 91.5 45.5 73.9 83.1 439.7

Swin-Base-224 + BERT–base, 7×7 patches

VSE++ (Faghri et al. 2017) 83.3 97.5 99.3 71.0 93.0 96.7 540.9 64.0 88.2 94.2 49.9 78.0 86.6 460.9
SCAN (Lee et al. 2018) 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 (Diao et al. 2021) 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 (Pan, Wu, and Zhang 2023) 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 (Fu et al. 2024) 84.0 97.6 99.3 72.1 93.7 97.3 544.1 64.5 89.2 94.4 51.6 78.9 87.2 465.8
PICO (Ma et al. 2025) 84.2 97.9 99.5 72.1 93.8 97.4 544.9 64.6 89.7 94.8 51.7 79.2 87.5 467.5

Ours 84.4 97.9 99.5 73.1 93.3 97.2 545.4 67.9 89.8 94.9 51.8 78.7 87.0 470.1

Swin-Base-384 + BERT–base, 12×12 patches

VSE++ (Faghri et al. 2017) 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
SCAN (Lee et al. 2018) 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 (Diao et al. 2021) 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 (Pan, Wu, and Zhang 2023) 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 (Fu et al. 2024) 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
PICO (Ma et al. 2025) 84.4 97.8 99.5 72.5 94.3 97.9 546.4 67.4 89.0 94.5 53.1 79.8 88.0 471.8

Ours 84.6 98.6 99.5 73.3 94.0 97.5 546.8 66.3 89.5 95.1 53.1 80.2 88.1 472.3

Table 1: Comparison with state-of-the-art methods on MS-COCO datasets. The best results are marked in bold.

We assume that greater alignment between a local feature
and the context vector indicates higher semantic importance
within the modality. Therefore, we define the saliency score
map SV of local features as,

SV = v̄glo · Vcross, (18)
where SV = (Sv1

, Sv2
, . . . , SvM

) ∈ RM×d, and Svi
rep-

resents the saliency score of each local feature. We per-
form the same operations on the text modality to compute
its global context representation t̄glo and its textual salience
map ST ∈ RM×d.

Next, to produce a gating signal for modulating these
salience scores, we concatenate the input global image fea-
ture v̄glo ∈ R1×d and the global text feature t̄glo ∈ R1×d

along the feature dimension, forming a joint global feature
f̄glo ∈ R1×2d. This joint feature is passed through an MLP,
H4(·), and a Sigmoid activation function σ to compute a
gating vector g:

g = σ(H4(f̄glo)). (19)
The modulated salience scores are then computed as:

S′
V = g · SV , S′

T = (1− g) · ST . (20)
Finally, the modulated scores S′

V and S′
T are processed by

the MDM to obtain the final global representations Vm and
Tm. The final cosine similarity Sm(I, S) is computed as:

Sm(I, S) =
Vm · Tm

||Vm|| · ||Tm||
. (21)

Objective Function
To train the proposed model, we use a bidirectional triplet
loss with hard negative mining (Faghri et al. 2017).

Ltriplet =
∑
(I,S)

(
[α− S(I, S) + S(I, Ŝ)]+

+[α− S(I, S) + S(Î , S)]+

)
,

(22)

where α is the margin parameter, and Î and Ŝ represent the
hardest negative samples within the current training mini-
batch that have the highest similarity score. We apply this
triplet loss to both the similarity score from our MDM mod-
ule, Sg(I, S), and the final similarity score, Sm(I, S), to ob-
tain Lg and Lm, respectively. The final loss is defined as:

L = Lg + λLm, (23)

where λ is a hyperparameter that balances the two compo-
nents of the loss function.

Experiments
Datasets and Evaluation Metrics
Following prior works (Faghri et al. 2017; Lee et al. 2018),
we train and evaluate our model on two standard bench-
marks: Flickr30K (Young et al. 2014) and MS-COCO (Lin
et al. 2014). In these datasets, each image is associated with

22204



Method Image-to-Text Text-to-Image rSumR@1 R@5 R@10 R@1 R@5 R@10

ViT-Base-224 + BERT–base, 14×14 patches

VSE++ 71.8 92.8 96.5 59.4 84.7 90.9 496.1
SCAN 69.5 90.9 95.6 56.4 83.1 90.0 485.6
SGR 69.7 90.8 95.2 59.1 84.1 89.9 488.7
CHAN 69.2 91.8 95.0 58.4 84.9 90.6 489.9
LAPS 74.0 93.4 97.4 62.5 87.3 92.7 507.3
PICO 74.5 94.0 98.2 63.0 88.5 93.1 511.3
Ours 78.9 94.8 97.7 63.4 87.5 92.7 515.0

Swin-Base-224 + BERT–base, 7×7 patches

VSE++ 82.5 96.5 98.9 70.0 91.4 95.1 534.4
SCAN 79.0 95.9 98.2 67.7 90.6 94.9 526.3
SGR 80.4 97.0 98.7 66.9 90.2 94.5 527.6
CHAN 81.4 97.0 98.6 68.5 90.6 94.5 530.6
LAPS 82.4 97.4 99.5 70.0 91.7 95.4 536.3
PICO 82.9 97.9 99.6 70.3 92.2 95.6 538.5
Ours 87.8 98.6 99.7 72.8 92.6 95.7 547.2

Swin-Base-384 + BERT–base, 12×12 patches

VSE++ 83.3 97.5 99.2 71.1 93.2 96.2 540.6
SCAN 81.9 96.9 98.9 70.0 92.7 95.8 536.1
SGR 80.7 96.8 99.0 69.9 91.7 95.3 533.4
CHAN 81.2 96.7 98.8 70.3 92.2 95.9 535.0
LAPS 85.1 97.7 99.2 74.0 93.0 96.3 545.3
PICO 85.8 98.1 99.4 74.5 93.5 96.9 548.2
Ours 89.1 99.5 100.0 76.4 94.4 97.0 556.4

Table 2: Comparison with state-of-the-art methods on the
Flickr30K datasets. The best results are marked in bold.

five corresponding text captions. The evaluation metrics are
Recall at K (R@K, for K=1, 5, 10), which measures the
percentage of ground-truth items retrieved in the top-K list,
and rSum, which is the sum of all six R@K scores for both
image-to-text and text-to-image retrieval.

Implementation Details
To ensure a fair comparison, we keep our vision-text back-
bones consistent with existing cross-modal alignment meth-
ods (Ma et al. 2025; Fu et al. 2024). For the visual encoder,
we use either a ViT with a patch size of 16×16 pixels, or a
Swin with a patch size of 32×32 pixels. For the text encoder,
we use BERT (Devlin et al. 2019). All encoders used are the
base versions and finetuned end-to-end with our heads.

Images are resized to a resolution of either 224×224 or
384×384, resulting in a sequence of 14×14 patches for ViT,
and 7×7 or 12×12 patches for Swin, respectively. And, we
use a linear layer on top of the encoders to unify the feature
dimension to d = 512. The model is trained for 30 epochs
using the AdamW optimizer (Loshchilov and Hutter 2017).

Comparison with State-of-the-Art
To demonstrate the superiority of our proposed method,
we compare its performance against recent state-of-the-art
methods on the Flickr30K and MS-COCO datasets.

The experimental results are summarized in Table 1 and
Table 2. Compared to the recent state-of-the-art methods

Method Image-to-Text Text-to-Image rSumR@1 R@5 R@10 R@1 R@5 R@10

MDM

Avg 71.3 94.2 97.3 65.2 89.0 93.3 510.2
Max 85.9 97.4 99.4 71.2 92.3 95.4 541.7
C=0 84.3 97.7 99.4 71.2 92.5 95.6 540.8
C=1 85.7 97.9 99.1 71.4 91.8 95.6 541.5
C=2 85.0 98.4 99.5 72.7 92.4 96.0 544.0
C=3 86.1 97.9 99.1 72.3 92.4 95.6 543.5

GSRS w/o G 85.0 98.4 99.5 72.7 92.4 96.0 544.0
w/o T 86.2 98.6 99.5 72.7 92.4 95.7 545.1

Full 87.8 98.6 99.7 72.8 92.6 95.7 547.2

Table 3: Ablation study comparing different modules of our
method on the Flickr30K dataset. “Avg” denotes average
pooling, “Max” max pooling; “G” the GSRS Module, and
“T” the Text-Guided component.

(Ma et al. 2025; Fu et al. 2024), our approach demon-
strates superior performance across nearly all metrics. On
Flickr30K with Swin-384, MG-Net attains an rSum of 556.4
(+8.2 over PICO’s 548.2) and a saturated 100% R@10
(image-to-text), indicating highly reliable matching quality.

Ablation Study
To verify the effectiveness of our proposed modules, we con-
duct a series of detailed ablation studies on the Flickr30K
dataset. We evaluate the individual contributions of the
MDM and the GSRS module, and their synergistic effect
when combined. The results are listed in Table 3.

We evaluate the effectiveness of the MDM module by
comparing it against two widely used baseline aggregation
strategies: average pooling and max pooling. We analyze the
effect of different differential orders (C) on the MDM mod-
ule. Using only the 0-th order view (C=0), i.e., our base
global representation, the performance (rSum 540.8) is al-
ready comparable to that of max pooling. However, as the
number of differential orders increases, thereby introduc-
ing higher-order views extracted from the internal dynamics
of the features, the model’s performance continuously im-
proves. When C=2, the model achieves an rSum of 544.0,
demonstrating that our proposed multi-view decomposition
and fusion strategy can effectively capture rich information
beyond a single maximum signal, thus enhancing the dis-
criminative power of the global representation.

Qualitative Analysis
To intuitively verify the effectiveness of our proposed GSRS
module in selecting visual regions, we visualize the struc-
tured regions it generates, as shown in Fig.4. From the visu-
alization results, it is evident that, unlike prior methods that
may select scattered and isolated image patches, our GSRS
module successfully selects visual regions that are seman-
tically complete and spatially coherent. For instance, when
the text describes a specific object (e.g., “young boy mow a
of flowers a toy lawn mower.”), the attention of the GSRS
module is precisely focused on the complete contour of that
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young boy mow a of flowers a toy lawn mower. an attractive young lady out in is glancing at off camera pity.

a man in an orange jacket with a blue backpack 
snowboarding down a mountain. a little boy toy microphone and pretends to play music.

Figure 4: Validation of the GSRS module’s effectiveness in selecting spatially coherent visual regions.
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Figure 5: Fine-grained Sparse Alignment Matrix. The hori-
zontal axis represents the individual words in the input text,
while the vertical axis represents the visual image patches
selected by our module.

object in the image, rather than being scattered across multi-
ple irrelevant, fragmented patches. This provides strong evi-
dence for the effectiveness of our graph-guided mechanism:
by explicitly modeling the spatial topological relationships
between image patches, the model is able to perform con-
textual reasoning to identify and integrate adjacent regions
that collectively form a complete semantic concept.

Model Interpretability
To further investigate the fine-grained correspondence be-
tween our selected visual regions and the words in the text
description, we visualize the “selected patch-word” align-
ment matrix. As shown in Fig.5, it is clear from the visual-

ization that the alignment scores are highly sparse, concen-
trating significantly on a few key semantic columns. The vast
majority of the selected image patches exhibit extremely
high alignment scores with the columns for ‘boy’ and ‘toy’,
while their alignment scores with background or functional
words (such as ‘a’, ‘with’) are generally close to zero. This
not only validates that our selected visual regions are highly
relevant but also reveals the model’s ability to deconstruct a
complex visual scene into different semantic parts and estab-
lish clear connections with specific words in the text. This,
in turn, provides strong support and high interpretability for
the model’s final matching decision.

Computational Complexity Analysis
Computing up to the C-th order differences over N patches
of dimension d in MDM yields O(CNd) complexity, com-
parable to global pooling O(Nd). Since C is small (C ≤
3), this introduces negligible overhead while enriching fea-
ture hierarchy through lightweight differencing and expert
fusion. GSRS builds a sparse 8-neighborhood grid with
|E|=O(N) and applies a single-head GAT, limiting mes-
sage passing to local neighbors instead of dense O(N2) con-
nections. Thus, the model keeps linear complexity in N and
scales well to higher resolutions. In practice, MG-Net runs
inference in 7.01 s on Flickr30K (Swin-224), over 2× faster
than LAPS (17.37 s) and faster than VSE++ (9.78 s).

Conclusion
In this paper, we tackle two key challenges in image-text
matching—the information bottleneck in global represen-
tations and the lack of spatial structure in local match-
ing—by proposing a novel framework, MG-Net. The frame-
work features an innovative Multi-View Differential Mixer,
which produces more discriminative global representations
via differential decomposition and dynamic expert fusion.
Meanwhile, a Graph-Guided Structural Region Selector el-
evates visual grounding for matching from isolated patches
to semantically coherent structural regions by modeling the
spatial topology of image patches. Extensive experiments
on two widely-used datasets demonstrate that MG-Net sur-
passes current state-of-the-art methods in most cases.
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