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Abstract

Noisy correspondence, characterized by mismatches in cross-
modal data pairs, presents a significant challenge for real-
world applications. Current approaches primarily rely on di-
rect cross-modal pairwise similarity metrics, which suffer
from two critical limitations: noise sensitivity, where direct
similarity calculations are easily corrupted by noisy or am-
biguous instances, and contextual blindness, where isolated
pairwise comparisons fail to exploit the rich semantic con-
text embedded in neighboring instances. To address this issue,
we propose to improve noise correspondence discrimination
through a well-designed Dynamic Neighborhood Semantic
association verification paradigm, namely DNS. Specifically,
we hypothesize that the matching degree of current sam-
ples can be quantified through the interrelationships among
their respective semantic neighbors. For this reason, we de-
velop a novel semantic drift distance and local relation prox-
imity based on dynamic neighborhood association. Further-
more, beyond implicit approaches to semantic gap modeling
in cross-modal data, we introduce an explicit decomposition
framework that disentangles the gap into the semantic ori-
entation and scalar magnitude. Through the strategic integra-
tion of these proposed mechanisms, DNS achieves substantial
enhancement in noisy correspondence discrimination, yield-
ing remarkable performance gains. Extensive experiments on
three widely-used benchmark datasets, including Flickr30K,
MS-COCO, and Conceptual Captions, demonstrate the supe-
riority of DNS over state-of-the-art methods.

Introduction

Cross-modal retrieval, which aims to retrieve semantically
relevant content across different modalities, has garnered
significant research attention (Shen et al. 2025; Kim et al.
2023; Fu et al. 2023; Pan, Wu, and Zhang 2023; Wang, Zhao,
and Chen 2024). Most existing methods depend heavily on
high-quality annotations, yet the labor-intensive data col-
lection process and unreliable non-expert annotations often
lead to the inadvertent introduction of semantically irrele-
vant samples, termed noisy correspondence (NC). This chal-
lenge frequently results in degraded retrieval performance.
To mitigate the impact of NC, early approaches (Huang
et al. 2021; Yang et al. 2023; Han et al. 2023) leverage the
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Figure 1: Illustration of our motivation. Existing methods
rely on direct cross-modal pairwise similarity metrics, as
shown in (a), which are prone to noise sensitivity (direct sim-
ilarity calculations are easily corrupted by noise) and con-
textual blindness (isolated comparisons ignore the semantic
context in neighboring instances). Thus, we propose leverag-
ing neighboring instances to provide complementary signals
for disambiguating noisy pairs, as shown in (b).

memory effect (Han et al. 2018), wherein deep neural net-
works (DNN5s) tend to prioritize learning simple, low-level
patterns during the initial training phase. By utilizing this
characteristic, they estimate soft correspondence scores to
quantify the degree of mismatch between cross-modal sam-
ples. This enables adaptive instance weighting during train-
ing, down-weighting noisy pairs while emphasizing cleaner
local correspondences, thereby guiding the model to focus
on robust feature alignment. Some studies (Pan, Wu, and
Zhang 2023; Feng et al. 2023; Ma et al. 2024) have fur-
ther proposed fine-grained partitioning schemes to actively
exclude noisy pairs. To further mitigate the adverse im-
pact of mismatches, some works (Han et al. 2024; Duan
et al. 2024) have leveraged pseudo samples of these mis-
matches to uncover meaningful correspondences. Addition-
ally, recent works (Zha et al. 2025; Zhao et al. 2024) have
also explored the intrinsic structure and relationships among
data. However, these methods determine text-image align-
ment through direct similarity computation between paired
features, suffering from two critical limitations: 1) noise sen-
sitivity, where noisy or ambiguous instances easily corrupt
similarity calculations, and 2) contextual blindness, where
isolated pairwise comparisons overlook the rich semantic
context embedded in neighboring instances.



In this paper, we argue that the matching degree of current
pairs can be quantified through the interrelationships among
their respective semantic neighbors. To this end, we propose
to improve noise correspondence discrimination through a
novel Dynamic Neighborhood Semantic association verifi-
cation paradigm, namely DNS. In this paradigm, the se-
mantic neighbors of samples are expected to provide com-
plementary signals for disambiguating noisy pairs. Specif-
ically, leveraging the neighbors of data from each modal-
ity, we introduce two novel mechanisms: a semantic drift
distance to quantify cross-modal semantic gap, and a local
relation proximity to capture structure similarity. The core
strength of neighborhood-based association verification lies
in its capacity to leverage local contextual information for
robust cross-modal alignment verification. Besides, to bet-
ter measure noisy correspondence between pairs, we further
propose a novel local relation proximity strategy to evalu-
ate the semantic distance of different modalities by explic-
itly disentangling the gap into the semantic orientation and
scalar magnitude.

Overall, the main contributions of our work are: (1) We
hypothesize that the matching degree of pairs can be quanti-
fied through interrelationships among their semantic neigh-
bors, and thus propose a novel Dynamic Neighborhood
Semantic association verification paradigm to enhance noise
correspondence discrimination. (2) We propose a novel se-
mantic drift distance and local relation proximity mech-
anism to leverage local contextual information for robust
cross-modal alignment. (3) Beyond implicit approaches to
semantic gap modeling in cross-modal data, we develop an
explicit decomposition framework that disentangles the gap
into the semantic orientation and scalar magnitude. (4) Our
method achieves state-of-the-art performance on three pop-
ular benchmarks, particularly under high noisy rates.

Related Work
Cross-Modal Retrieval

Cross-modal retrieval (CMR) (Shen et al. 2025; Kim et al.
2023; Fu et al. 2023; Pan, Wu, and Zhang 2023) concen-
trates on utilizing information from one modality to retrieve
the most relevant content in other modalities. The core of
CMR s to bridge semantic gaps by aligning heterogeneous
modalities within a unified semantic space. This mapping
framework enforces that semantically correlated instances
exhibit higher feature similarity, while simultaneously am-
plifying dissimilarity between unrelated pairs. The main-
stream paradigm of CMR consists of two categories: coarse-
grained representation alignment (Li et al. 2022; Chen et al.
2021) and fine-grained representation alignment (Diao et al.
2021; Fu et al. 2023; Pan, Wu, and Zhang 2023; Lee et al.
2018; Pham et al. 2024; Wang and Chen 2025). The for-
mer prioritizes computational efficiency through a holis-
tic alignment strategy that systematically correlates cross-
modal features extracted by dedicated modality-specific en-
coders. The latter focuses on fine-grained semantics through
dynamic learning-to-reason frameworks, enabling the dis-
covery of latent cross-modal fragment alignments. Unfor-
tunately, the promising performance of all these methods is
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constrained by their reliance on paired training data, which
inherently overlooks the prevalence of NC arising from
human-annotated or web-crawled datasets. Such NC inher-
ently introduces spurious cross-modal associations during
training, which compromise feature distribution alignment
and ultimately result in degraded performance.

Noisy Correspondence Learning

Noisy correspondence (NC) learning encompasses
robustness-enhancing methodologies specifically engi-
neered to suppress performance degradation caused by
mismatched cross-modal pairs. This concept is first in-
troduced in (Huang et al. 2021). To address this problem,
early attempts (Huang et al. 2021; Han et al. 2023; Yang
et al. 2023) utilize DivideMix (Li, Socher, and Hoi 2020) to
isolate clean correspondence pairs from noisy counterparts,
based on the memorization effect of DNNs. Following
these developments, subsequent studies have proposed
sophisticated criteria for refined data partitioning, including
prediction inconsistency metrics (Feng et al. 2023; Ma et al.
2024) and uncertainty quantification strategies (Zha et al.
2024). Some methods also further refine alignment through
re-pairing of mismatched instance pairs (Han et al. 2024)
and the integration of pseudo-caption (Duan et al. 2024).
In addition, some endeavors have increasingly adopted
robust loss functions that adaptively attenuate the gradient
contributions of mismatched samples through dynamic
weighting mechanisms, e.g., evidential loss (Qin et al.
2022) and complementary loss (Qin et al. 2023; Hu et al.
2023). Recent advancements leverage intrinsic geometric
constraints (Zhao et al. 2024; Yang et al. 2024) and rela-
tional invariance principles (Zha et al. 2025) to generate
probabilistic correspondence labels within data-driven
alignment frameworks.

Methodology
Preliminary

Consider a multi-modal dataset D = {V;, L;, M;}, where
each sample comprises an image-text pair {V;, L;} anno-
tated with corresponding label y; indicating whether the pair
is positively correlated (M 1) or not (M; = 0). Vi-
sual and textual inputs are first independently encoded into
a shared latent space to obtain their representations / and
@, using modality-specific encoders for images and texts.
Then, the semantic correspondence between these heteroge-
neous embeddings is quantified through a similarity metric
S(I,Q), which measures their alignment in the joint embed-
ding space. However, there exists a non-negligible portion of
mismatched pairs (i.e., NCs) in datasets, resulting in notable
performance degradation. The goal of our method is to ad-
dress the challenge of NCs.

Ideally, we expect the matched pairs to have higher sim-
ilarity while mismatched pairs should have lower similar-
ity. This is typically achieved by minimizing the InfoNCE
loss (Oord, Li, and Vinyals 2018). The success of this pro-
cess relies on well-matched pairs. However, a non-negligible
portion of mismatched pairs (i.e., NCs) exist within each



training batch, which can significantly undermine the learn-
ing process of cross-modal representation alignment. Lever-
aging the memorization effect inherent to deep neural net-
works, where models first capture clean structural patterns
before overfitting to noisy instances, we mitigate the adverse
effects of NC by learning an accurate correspondence indi-
cator y'. The purified cross-modal loss can be denoted as
follows:

» exp(< I;,Q; > /)
Zjvzl exp(< I;,Q; > /1)
exp(< 1;, Qi > /7)
Sy eap(< 1, Qi > /1)’
(H

where N is the batch size and 7 represents the temperature.

Ebase (Ii7 QZ) =

Overall Framework

We present the proposed DNS framework to learn corre-
spondence %’ for noise purification, as shown in Figure 2.
DNS first extracts image and text representations through
separate pre-trained encoders. Based on the well-established
cross-modal structure in the early stage, we adopt a cross-
modal bidirectional contrastive metric as the basic corre-
spondence indicator:

1
2

[ exp(< I;, Qi > /)
Z;yzl exp(< I;,Q; > /7)
exp(< I;, Qi > /)
Z;y:l exp(< I;,Q; > /7) 7

where 7 is the temperature coefficient. This metric quanti-
fies the relative similarity between the current data pairs I;
and (); against all negative samples within the batch context.
For clean positive pairs, the numerator term, representing the
similarity between the current I; and ();, dominates the de-
nominator summation due to semantic alignment, yielding
an indicator value approaching 1. Conversely, noisy pairs ex-
hibit lower similarity across the batch, causing the value to
approach 0.

To further mitigate the adverse effects of NCs, we
propose a novel dynamic neighborhood semantic verifi-
cation framework to enhance discriminative capacity for
noisy correspondences. This framework consists of three
core components: local relation proximity (LRP), seman-
tic drift distance (SDD), and semantic gap decomposition
(SGD). Specifically, we first select the top-K semantically
most similar text samples for the current text (Q; within
a batch, denoted as Q" {Qrr, Q. .., Q% 1}
Similarly, we identify the top-K most similar neighbor-
ing images for the current image, represented as I’ =
{rpbr b, 1%} Based on these semantic neigh-
bors, we explore local relation proximity and semantic drift
distance for robust semantic con31stency, yielding the corre-
spondence indicator y; »p and & respectively. Besides,
we investigate the semantic gap between different modali-
ties by explicitly decomposing the gap into the semantic ori-
entation and scalar magnitude, yielding the correspondence

i
Yem =

@
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indicator % . Then, we get a contrastive indicator yC =
(Yo +YLrp)/2- and a gap indicator y¢; = y5pp X Ysap-
To address the challenges arising from different aspects and
accurately identify all samples with noisy correspondence,
we define the final correspondence indicator for each sam-
ple as the minimum of ¥ and yg,, i.e.,

y' = min{yc, ye}- 3)

Next, we will elaborate on the proposed three components.

Local Relation Proximity

Since the pair {I;,Q;} and their respective top-K neigh-
bors are semantically relevant, we investigate their local re-
lation proximity to prevent the impact of noisy correspon-
dences. Specifically, we establish the correlation relation-
ships between the current text and the video features cor-
responding to its semantic neighbors, as well as between
the current video and the text features corresponding to
its semantic neighbors. Taking the image feature I; as an
example, we first identify its top-K semantic neighbors
{I anr, ﬁ”, ,I7T_ |} in the feature space, and utilize their
corresponding visual features {Q7'%", Q7Y ..., Q1% |} as
proxies to calculate the similarity with [;, getting their sim-
ilarity scores S!. Similarly, we can get similarity scores SiQ
that describe the local semantic relation for texts. In this
manner, S/ and SiQ leverage broader semantic context em-
bedded in neighboring instances to reflect structured seman-
tic cues, which are more robust in expressing themselves.
Last, we measure the affinity between normalized S} and

SiQ as the correspondence indicator:
“4)

where the symbol norm denotes ¢5 normalization operation.

yirp = norm(S¢) - norm((S])"),

Semantic Drift Distance

Unlike previous methods using isolated pairwise compar-
isons, here we utilize the broader semantic context embed-
ded in neighboring instances, which could provide comple-
mentary signals for disambiguating noisy pairs. Specifically,
given the current pair {I;, Q;} and their respective semantic
neighbors Q7" and I7**", we define a bidirectional seman-
tic drift distance y% ,, , as correspondence indicator for each
pair as:

K
v 1 nor
A" = 11Qi — L3 - Ve > olQi — I3,
k=1
K
v 1 n T 5
art =N - @il - = Yol - Qg ©
k=1
1,8 1 v v
Yspp = CLAMP(§((1 - df? )+ (1 - di,Tt)))v

where C LAM P denotes a truncation operation that ensures
the value of y¢},, is between 0 and 1. This distance lever-
ages neighboring samples that are semantically related to the
current pair to measure whether the given pair exhibits se-
mantic drift. When d;_,, and d,_,; are smaller, the target
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Figure 2: An Overview of DNS. DNS identifies noisy samples via a dynamic neighborhood semantic verification paradigm,
which consists of three core components: local relation proximity, semantic drift distance, and semantic gap decomposition.

pair is deemed semantically aligned. Conversely, the pair is
identified as exhibiting semantic misalignment. Besides, we
also apply contrastive loss to encourage smaller distances
between matched samples:

2NZ

Semantic Gap Decomposition

Previous methods have discriminated against noisy cor-
respondences by employing implicit strategies, such as
similarity-based metrics, to filter out erroneous alignments.
They depend heavily on prior knowledge enriched in the
pre-trained backbones. In this section, we propose to model
explicitly the semantic gap R; between different modali-
ties, where the gap is disentangled into semantic orientation
and scalar magnitude. Since visual features typically con-
tain richer information than textual features, we shift textual
features by a distance d; along the text-to-vision direction
enabling the adjusted textual features to better

i
ySDD/T
-1 exp(ySDD/T)

Q)

5dd

|1 Q H2 ’
align with visual features. Specifically, we define the seman-

tic gap R; between I; and Q; as:

I B Qz
[11; - Qill3’
di _ eprc(norm(Il)-norm(Qi ) )

R; =d; x

(N

Here, d; is a learnable scalar parameterized by the similarity
between I; and ();, which dynamically regulates the magni-
tude of the gap. fc denotes a linear transformation using the
fully-connected layer. In this way, we can get the adjusted

textual features by Qad] Q; + R;. Meanwhile, we define
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the noisy correspondence indicator y° ga as the degree of the
gap between text and image:

; |d;| —d
y;gd =1- d -

mawn ) (8)
max

where | - | is the magnitude of d;, and d,,,;,, and d,, 4, are the
minimum and maximum magnitudes in the training batch.
Notably, to prevent the learnable parameter d; from degen-
erating into trivial solutions, we impose constraints on the
adjusted features using contrastive loss:

Z ea:p < IZ,Qad] >)
2N - emp(< 1;, Qadj >)
&)

- dmzn

Esgd (Iw Qad]

Training Details
We optimize the network using the overall loss function as:

Eall = ACbase + >\1£sdd + )\2£sgda (10)

where A1 and )\ are used to balance different terms. Be-
sides, we employ the temporal ensembling strategy, as
adopted in (Liu et al. 2020; Zhao et al. 2024), to itera-
tively refine the estimated correspondence indicators y< and
yg. Specifically, both indicators are dynamically updated
through an exponential moving average mechanism, which
integrates values from the current epoch ¢ with those from
the previous epoch ¢t — 1. The detailed process is:

yo(t) = Buye(t) + (1= By (t - 1),

Yo(t) = Paya(t) + (1 = B2)ya(t — 1),
where 3, and B, are the momentum coefficient. This strat-
egy not only stabilizes the training process but also mitigates
noise in single-epoch estimates, enabling smoother conver-
gence of the correspondence indicators.

(1)



Noise Flickr30K MS-COCO 1K

Ratio Methods Image to Text Text to Image Image to Text Text to Image
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
NCR (NeurIPS'21) |73.5 93.2 96.6 569 824 885 491.1/76.6 956 982 60.8 88.8 950 515.0
DECL (ACM MM’22)| 77.5 93.8 97.0 56.1 81.8 885 4947|775 959 984 61.7 89.3 954 5182
MSCN (CVPR'23) | 774 949 97.6 59.6 832 89.2 501.9|78.1 97.2 988 643 904 958 524.6
BiCro (CVPR'23) |78.1 944 97.5 604 844 89.9 504.7/78.8 96.1 98.6 63.7 90.3 957 523.2
RCL (TPAMI'23) | 759 945 973 579 826 88.6 4968|789 960 984 628 899 954 5214
CRCL (NeurIPS'23) | 789 94.8 979 58.7 83.0 89.2 502.5|77.8 96.1 985 634 90.3 959 522.0
20% | SREM (AAAI'24) |79.5 942 979 612 848 90.2 507.8|78.5 96.8 98.8 63.8 904 958 524.1
PC?2 (ACM MM'24) |78.7 949 969 59.8 839 89.6 503.8/77.8 957 98.4 628 89.7 953 519.7
L2RM (CVPR'24) [779 952 97.8 59.8 83.6 89.5 503.8/80.2 963 98.5 64.2 90.1 954 524.7
ESC (CVPR'24) 79.0 948 975 59.1 83.8 89.1 5033|792 97.0 99.1 64.8 90.7 96.0 526.8
GSC (CVPR'24) 783 946 97.8 60.1 845 90.5 505.8/79.5 964 989 644 90.6 959 525.7
ReCon (CVPR’25) |80.3 953 97.8 61.6 855 91.3 511.8/80.9 96.6 98.8 652 91.0 96.0 528.6
DNS (Ours) 814 963 97.8 62.0 86.1 91.8 5154|814 97.6 99.6 644 913 96.5 530.8
NCR (NeurIPS'21) |75.3 92.1 952 56.2 80.6 87.4 486.8/76.5 950 982 60.7 88.5 950 513.9
DECL (ACM MM'22)| 72.7 92.3 954 534 794 864 479.6/75.6 955 983 59.5 883 948 512.0
MSCN (CVPR'23) | 744 944 969 572 81.7 87.6 4922|748 949 98.0 60.3 88.5 944 510.9
BiCro (CVPR'23) |74.6 927 96.2 555 81.1 874 487.5|77.0 959 983 61.8 892 949 517.1
RCL (TPAMI'23) |72.7 927 96.1 54.8 80.0 87.1 483.4|77.0 955 983 61.2 835 948 5153
CRCL (NeurIPS23) | 74.1 92.6 96.9 555 80.9 87.6 487.6/76.6 95.6 985 623 89.7 954 518.1
40% | SREM (AAAI'24) |76.5 939 963 57.5 827 885 4954|772 96.0 985 62.1 89.3 953 5184
PCZ (ACM MM'24) | 75.8 93.5 969 57.5 819 882 493.8/77.4 958 984 62.1 894 951 5182
L2RM (CVPR'24) |75.8 93.2 969 56.3 81.0 87.3 490.5|77.5 958 984 62.0 89.1 949 517.7
ESC (CVPR’24) 76.1 93.1 964 56.0 80.8 872 489.6|78.6 96.6 99.0 63.2 90.6 959 5239
GSC (CVPR'24) 76.5 94.1 97.6 57.5 82.7 889 497.3|782 959 982 625 89.7 954 5199
ReCon (CVPR’25) | 794 943 97.6 59.9 839 90.1 5052|799 962 98.6 63.5 905 959 524.5
DNS (Ours) 80.0 949 98.1 60.3 84.7 91.2 509.2|80.2 96.6 99.1 63.9 90.7 96.1 526.6
NCR (NeurIPS'21) |68.7 89.9 955 52.0 77.6 849 468.6|72.7 940 97.6 57.9 87.0 94.1 503.3
DECL (ACM MM’22)| 65.2 884 94.0 46.8 740 822 450.6/73.0 942 979 57.0 86.6 93.8 502.5
MSCN (CVPR'23) |70.4 91.0 949 534 77.8 84.1 471.6/744 951 979 592 87.1 92.8 506.5
BiCro (CVPR'23) |67.6 90.8 944 512 77.6 847 4663|739 944 978 583 872 939 5055
RCL (TPAMI'23) | 67.7 89.1 93.6 48.0 749 833 456.6|74.0 943 97.5 57.6 864 93.5 503.3
CRCL (NeurIPS23) | 70.4 904 949 526 78.1 85.1 471.5/752 949 98.0 60.1 88.5 94.8 511.5
60% | SREM (AAAI'24) |71.0 92.1 96.1 540 80.1 87.0 480.3|74.5 945 979 58.7 875 939 506.9
PC2Z (ACM MM'24) | 70.8 90.3 944 53.1 79.0 859 4735|742 944 978 589 87.5 93.8 506.6
L2RM (CVPR’24) [70.0 90.8 954 513 764 837 467.6|754 947 979 59.2 874 938 508.4
ESC (CVPR'24) 72.6 909 94.6 530 78.6 853 4750|772 951 981 61.1 88.6 949 515.0
GSC (CVPR'24) 70.8 91.1 959 53.6 79.8 86.8 478.0/75.6 951 98.0 60.0 88.3 94.6 511.7
ReCon (CVPR'25) 743 93.6 96.6 557 81.6 88.1 4899|772 959 984 61.8 89.3 952 517.8
DNS (Ours) 76.4 948 97.7 57.6 824 89.1 4979|799 96.6 985 61.6 89.7 95.8 522.2

Table 1: Retrieval performance comparison on Flickr30K and MS-COCO 1K datasets under 20%, 40% and 60% noise ratio
respectively. The best and the second best results are respectively marked by bold and underline.

Experiments
Datasets and Evaluation Protocol

Datasets. We evaluate the effectiveness of our method
on three prevalent benchmarks. Specifically, Flickr30K
(Young et al. 2014) contains 31000 Flickr-sourced images,
each annotated with five crowd-sourced captions. Follow-
ing standard protocol, we use 1000 pairs for validation,
1000 for testing, and the remainder for training. MS-COCO
(Lin et al. 2014) contains 123287 images, each annotated
with five captions. We utilize 113287 training pairs, 5000
validation pairs, and 5000 test pairs. We report results us-
ing both 5-fold cross-validation (1000 test pairs per fold)
and full evaluation on the 5000-pair test set. Conceptual
Captions (CC) (Sharma et al. 2018) is a large-scale web-
crawled corpus containing image-text pairs with inherent

noise, where approximately 3%-20% instances exhibit mis-
matched or weakly-aligned semantics. We employ its subset
named CC152K, which comprises 150000 pairs for training,
1000 pairs for validation, and 1000 pairs for testing.

Evaluation Protocol. Retrieval performance is evaluated
using Recall@K (R@K), defined as the fraction of ground-
truth items retrieved in the top-K positions. Our experi-
ments include bidirectional retrieval (image-to-text and text-
to-image) and report R@1, R@5, R@10, and their sum
(rSum) for comprehensive performance assessment.

Implementation Details

For fair comparisons, all experiments are conducted using
the same backbone SGR (Diao et al. 2021). We train the
model using Adam optimizer with a batch size of 128, initi-
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Image to Text Text to Image

Methods|p@1 R@S R@10 R@1 R@5 R@10 rSum

Image to Text  Text to Image

Noise  Methodsiy 61 R@5R@10R@1R@5R@10rSum

NCR [39.5 645 735 403 64.6 732 3556
DECL [39.0 66.1 755 40.7 663 76.7 364.3
MSCN | 40.1 657 766 40.6 674 763 366.7
BiCro | 408 672 76.1 421 67.6 764 3702
RCL |41.7 66.0 73.6 41.6 664 75.1 364.4
CRCL |41.8 674 765 41.6 68.0 784 373.7
SREM |40.9 67.5 77.1 415 682 77.0 3722
PC2 (393 664 754 39.8 664 76.8 364.1
L2RM |43.0 675 757 428 68.0 772 3742
ESC | 428 673 769 448 682 759 3759
GSC |42.1 684 777 422 676 77.1 375.1
ReCon |43.1 68.7 78.1 44.9 68.3 774 380.5
DNS |437 694 789 452 688 78.1 384.1

Table 2: Comparisons on CC52K. The best and the second
best results are respectively marked by bold and underline.

ating with a learning rate of 2 x 10~%, which is reduced by a
factor of 0.2 every 15 epochs. For hyperparameter configu-
ration, we adopt the following default settings: temperature
scaling factor 7 = 0.07 controls the sharpness of distribu-
tion calibration, with neighborhood size K = 3 determining
the scope of context aggregation. Momentum coefficients (31
and 2 are both set to 0.7 to stabilize training dynamics,
while the regularization weights Ay and A5 are set to 0.05 to
balance loss components. These hyper-parameters are fur-
ther analyzed in the section of Ablation Study. We conduct
all experiments on an NVIDIA Tesla A100 GPU.

Comparison with the State-of-the-Arts

We performed a comprehensive evaluation of our proposed
DNS against twelve state-of-the-art methods across three
benchmark datasets, demonstrating its superior effective-
ness. These baselines include NCR (Huang et al. 2021),
DECL (Qin et al. 2022), MSCN (Han et al. 2023), BiCro
(Yang et al. 2023), RCL (Hu et al. 2023), CRCL (Qin et al.
2023), SREM (Dang et al. 2024), PC? (Duan et al. 2024),
L2RM (Han et al. 2024), ESC (Yang et al. 2024), GSC (Zhao
et al. 2024) and ReCon (Zha et al. 2025). To evaluate model
robustness, we simulated noisy correspondences at three dif-
ferent noise levels (20%, 40%, and 60%) by randomly per-
muting captions in Flickr30K and MS-COCO, as in (Huang
et al. 2021). To validate the applicability of our approach
in real-world noisy scenarios, we perform a comprehensive
evaluation on the CC152K benchmark. Besides, we compare
it with large-scale pre-trained vision-language models.
Results on Simulated NC. To assess the robustness of
various methods under different noise intensities, we sys-
tematically introduce simulated noise at rates of 20%, 40%,
and 60% on carefully curated benchmark datasets, as pre-
vious methods (Huang et al. 2021). This controlled experi-
mentation enables quantitative evaluation of algorithm per-
formance across a spectrum of noise conditions. We summa-
rize the experimental results in Table 1, which demonstrate
that our proposed DNS consistently outperforms other state-

CLIP-32|58.4 81.5 88.1 37.8 62.4 72.2 400.4

0% |CLIP-14{50.2 74.6 83.6 30.4 56.0 66.8 361.6
Zero-shot| ReCon |61.6 86.7 92.7 44.4 73.1 83.1 441.6
DNS [62.1 87.4 93.3 44.8 73.7 83.9 445.2

CLIP-32|21.4 49.6 63.3 14.8 37.6 49.6 236.3

20% |CLIP-14{36.1 61.3 72.5 22.6 43.2 53.7 2894
Finetune | ReCon [61.1 85.7 92.2 43.5 72.4 82.7 437.6
DNS [61.7 86.5 92.6 43.9 73.0 83.4 441.1

CLIP-32/10.9 27.8 383 7.8 19.5 26.8 131.1
ReCon |58.1 85.1 91.9 41.5 70.7 81.0 428.3
DNS |59.0 86.3 92.6 42.4 71.9 82.1 434.3

50%
Finetune

Table 3: Comparisons with CLIP on MS-COCO 5K. The
best results are marked in bold.

of-the-art baselines across the majority of evaluation met-
rics. Notably, our DNS achieves greater performance gains
under higher levels of noise, such as 4.4 absolute points for
the rSum compared with ReCon. This suggests that DNS can
effectively handle NCs. We observe that the performance
gain becomes more pronounced as noise levels increase.
Specifically, under high-noise conditions, DNS achieves a
substantial absolute improvement of 4.4 points in the rfSum
metric compared to the ReCon baseline. This observation
highlights DNS’s capability in effectively addressing NCs.

Results on Real-World NC. To further validate the effec-
tiveness of DNS in addressing noisy correspondence within
practical real-world scenarios, we present comprehensive
quantitative results evaluated on the CC152K benchmark.
The experimental results are summarized in Table 2. We
observe that the proposed DNS achieves a substantial per-
formance advantage over baseline methods, demonstrating
a notable absolute improvement of 3.6 points in the overall
score compared to the second-best performer, ReCon (380.5
vs. 384.1). The superiority is consistently observed across
different sub-metrics, indicating in handling complex corre-
spondence patterns in real-world applications.

Comparison to pre-trained model. To further highlight
the superiority of DNS, we perform a comparative analysis
against the popular large-scale pre-trained vision-language
model, namely CLIP (Radford et al. 2021). CLIP is a power-
ful baseline trained on 400 million web-crawled image-text
pairs with a large number of real NCs. In line with the pre-
vious studies (Huang et al. 2021; Zha et al. 2025), we adopt
three baseline models from the CLIP family—specifically
CLIP-14 and CLIP-32, and ReCon, to systematically inves-
tigate two experimental paradigms: zero-shot learning (0%
NCs) and fine-tuning (20% and 50% NCs), on the MS-
COCO 5K dataset. From the Table 3, we observe that there
exists an apparent performance decline in CLIP models for
all different noise rates. This phenomenon can be primar-
ily attributed to the model’s inherent limitations in handling
noisy image-text correspondences. Specifically, CLIP lacks
robust mechanisms to filter or mitigate the impact of mis-



Image to Text Text to Image
LRPSGD SDDlp @1 R@5R@10R@1 R@5 R@10 rSum
X X X |692 904 943 51.8 77.7 84.9 468.3
v X X |72.7 91.1 954 53.6 78.5 86.1 477.4
vV Vv X |748 922 963 55.8 79.3 87.7 486.1
vV X v |752 930 96.8 56.2 80.4 88.5 490.1
v Vv v |764 948 97.7 57.6 82.4 89.1 497.9

Table 4: Ablation studies on Flick30K with 60% noise with
different components. The best results are marked in bold.
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Figure 3: Performance under different hyper-parameters and
optimization strategies with 60% NCs.

matched image-text pairs. Such noisy correspondences in-
troduce ambiguities during cross-modal alignment, thereby
degrading the model’s ability to learn discriminative repre-
sentations. In contrast, our DNS exhibits remarkable perfor-
mance across all experimental settings. Notably, when eval-
vated under challenging conditions with 50% noisy corre-
spondences, DNS demonstrates remarkable superiority and
robustness, and its performance even surpasses CLIP’s zero-
shot results achieved under ideal noise-free conditions.

Ablation Study

Impacts of components. We conduct a component-wise ab-
lation study on the MS-COCO 1K dataset with 60% NCs to
dissect the individual contributions of each module within
the DNS framework, with quantitative results summarized
in Table 4. Empirical observations reveal that the full DNS
framework achieves optimal performance when all compo-
nents are synergistically integrated. Notably, the incremen-
tal integration of each module yields apparent performance
gains, with ablation experiments demonstrating: 1) each pro-
posed component independently enhances model capability,
and 2) their collaboration generates a compounding effect
that substantially elevates the algorithm’s robustness against
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Figure 4: Visualization of predicted mismatched pairs.

noisy correspondence challenges.

Impacts of hyper-parameters. We explore different hyper-
parameter settings and optimization strategies in this sec-
tion. The detailed results are presented in Figure 3.
Specifically, K serves as a critical hyper-parameter in
neighborhood-based verification. To determine its optimal
value, we conducted a systematic investigation on Flickr30K
and MS-COCO 1K with 60% NCs. Through empirical anal-
ysis, we observe that K = 3 yields the best performance.
This can be attributed to the fact that an excessively small K
fails to capture sufficient contextual information from neigh-
boring instances, while an overly large K introduces irrele-
vant or noisy information that degrades performance. Also,
we also explore different values of the hyper-parameters \;
and A, in Figure 3 (b), and 1 and [, in Figure 3 (c) on
Flickr30K dataset with 60% NCs.

Besides, we further investigate various optimization
strategies for the final correspondence indicator 3 in Eq.
3. Here, we systematically study three distinct aggregation
strategies: maximization, minimization, and averaging, with
results visualized in Figure 3 (d). As expected, the minimiza-
tion strategy, which mitigates challenges arising from dif-
ferent aspects, outperforms other strategies, while the maxi-
mization strategy demonstrates the weakest performance.
Visualization. Figure 4 visualizes some predicted mis-
matched pairs of our DNS and the baseline that directly uses
cosine similarity of different modalities. While the examples
demonstrate significant local correspondence, DNS exhibits
superior discriminative capability by assigning lower affin-
ity scores to true mismatches.

Conclusion

This paper introduces a dynamic neighborhood semantic
verification paradigm for noisy correspondence learning.
Existing methods, often relying on direct cross-modal pair-
wise similarity, are limited by noise sensitivity and contex-
tual blindness. We hypothesize that pairwise matching can
be quantified through semantic neighbor relationships, and
propose three core components, i.e., local relation proximity,
semantic drift distance, and semantic gap decomposition, to
enhance noisy correspondence discrimination. Experimental
results on multiple benchmarks validate its superiority.
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