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Abstract

Noisy correspondence in cross-modal retrieval introduces
significant challenges due to its inherent difficulty in iden-
tification and correction. Although existing methods attempt
to minimize the influence of noisy samples by the weighting
mechanism, these methods still struggle with performance
degradation under increasing noise levels. Specifically, the
clean samples are assigned the same weight of 1, which ig-
nores the sample hardness. In addition, the weights for noisy
samples are approaching 0, leading to the overlook of sam-
ple diversity. To address these issues, we propose a Hard-
ness and Noise-aware (HaNa) robust cross-modal retrieval
method. HaNa introduces a momentum-based reweighting
mechanism to adaptively balance learning difficulty across
clean samples, avoiding overfitting risk and accumulative par-
titioning bias. Moreover, HaNa addresses the limitation that
weights for noisy data are approaching O from a new per-
spective to fully employ the diversity of samples to further
improve its generalization. It employs an Asymmetric Noise-
aware Regularization Loss (ANRL) to treat identified noisy
data as negative samples for optimization. Extensive experi-
ments demonstrate that HaNa achieves superior matching ac-
curacy and stability, especially in high-noise scenarios, out-
performing state-of-the-art methods.

Introduction

Recently, image-text matching (Anderson et al. 2018; Li
et al. 2019; Sun et al. 2024) aiming to establish semantic
connections between images and texts for cross-modal re-
trieval, has gained much attention due to the widespread
existence of multimodal data. Different from traditional
image-text matching that assumes all training data are cor-
rectly matched, which is expensive in practice, recent re-
searches have drawn considerable interests in the cross-
modal retrieval with noisy correspondence, i.e., training data
contains wrongly matched image-text pairs. It poses a criti-
cal yet challenging problem in robust cross-modal retrieval.

Numerous efforts have been devoted to tackling such is-
sue (Huang et al. 2021; Yang et al. 2023; Qin et al. 2022;
Zha et al. 2025a; Liu et al. 2024; Pu et al. 2025). While most
of them share a common goal, i.e., distinguishing noisy data
from clean data and then devising robust loss functions to
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Figure 1: Observations from existing methods.

effectively learn from noisy data, thereby enhancing model
performance and generalization in complex scenarios. For
example, NCR (Huang et al. 2021) is a pioneer work in
exploring cross-modal retrieval with noisy correspondence
by adopting a collaborative teaching scheme. NCR divides
samples into clean and noisy subsets based on the memoriza-
tion effect of neural networks and proposes a novel triplet
loss by recasting the rectified labels as the soft margin. Sim-
ilarly, BiCro (Yang et al. 2023) leverages the assumption
that similar images should have similar textual descriptions.
Most of the existing methods adopt the similar triplet loss
with soft margin as in NCR to prevent deep neural networks
from overfitting to noisy data. However, the soft margin acts
symmetrically on both positive and negative pairs. Such in-
discriminate penalization of both noisy positive and negative
samples undermines the learning process, ultimately degrad-
ing model performance.

Subsequent research has focused on loss reweighting for
noisy pairs to mitigate their influence during optimization.
For instance, NPC (Zhang, Li, and Ye 2024) proposes a
negative pre-aware learning paradigm, which adaptively as-
sesses the potential negative impact of each sample before
model learning and assigns lower confidence weights to
samples with high negative impact. In (Liu et al. 2024), a
novel self-drop and dual-weight (SDD) approach is intro-
duced, which adopts a dual-weight strategy to ensure that
the model focuses more on significant samples while appro-
priately leveraging vague samples. Despite the success of
these methods, they still struggle with performance degra-
dation under increasing noise levels. Specifically, the uni-
form weighting of clean positive samples (fixed weight = 1)
disregards intrinsic variations in learning difficulty, i.e., the
hardness varies across different positive samples as shown in
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Figure 2: Illustration of the training pipeline of HaNa. S is the similarity matrix computed via visual embeddings and textual
embeddings. Based on S, a reweighting mechanism including momentum update is proposed for weighted contrastive learning
(WCL). Noisy samples collaborated negative pairs also contribute positively to model optimization by an Asymmetric Noise-

aware Regularization Loss (ANRL).

Figure 1(a), which easily leads to the overfitting risk. More-
over, we observe that the weights assigned for the noisy sam-
ples are almost approaching zero (Figure 1(b)). As a result,
these noisy samples do not contribute effectively to the op-
timization process, leading to the overlook of sample diver-
sity, as well as the low-generalization problem. Additionally,
the selected “clean” positive samples in previous methods
cannot be guaranteed to be truly noise-free. Hence, any er-
rors in the partitioning process will cumulatively introduce
additional learning bias, which further degrades the model
performance.

To address the aforementioned issues, we propose a novel
Hardness and Noise-Aware (HaNa) method for robust cross-
modal retrieval. As illustrated in Figure 2, the framework
consists of two key components: a simple yet effective
reweighting mechanism and an asymmetric noise-aware reg-
ularization. In contrast to previous methods, HaNa fully ex-
plores the hardness of clean samples and introduces an in-
sightful theoretical analysis on the gradients of positive and
negative samples in contrastive loss. To this end, HaNa ex-
ploits the strong zero-shot discriminability of CLIP to com-
pute initial weights uniformly without partitioning clean
and noisy data. However, directly using the raw weights
computed from each batch may lead to significant fluc-
tuations during training. Therefore, we further introduce
a momentum-based updating mechanism. Our reweighting
mechanism provides a superior approximation of the true
data distribution, avoiding overfitting risk and accumulative
partitioning bias. In addition, HaNa addresses the limitation
that weights for noisy data are approaching 0 from a new
perspective to fully employ the diversity of samples to fur-
ther improve its generalization. It proposes the asymmetric
noise-aware regularization loss (ANRL) to treat identified
noisy data as negative samples for optimization. Specifically,

we employ Gaussian Mixture Model (GMM) (Huang et al.
2021) to identify potential noisy samples. ANRL aims to
push noisy samples away from positive ones in the repre-
sentation space, thereby improving the effectiveness of con-
trastive learning. Though partitioning is used in ANRL, the
ratio of noisy data is small among the negative samples.
Consequently, the impact of mispartitioned data on negative
optimization of our model is significantly less substantial
than the effect of partitioning errors on positive optimiza-
tion in traditional methods. Extensive experiments on MS-
COCO, Flickr30K, and CC120K datasets demonstrate that
our method achieves superior performance over state-of-the-
art approaches and exhibits strong robustness.
Our main contributions can be summarized as follows:

* A novel hardness and noise-aware robust cross-modal
retrieval method is proposed that for the first time inte-
grates reweighting clean samples and regularizing noisy
and negative samples.

A sample reweighting mechanism based on contrastive
loss analysis and momentum-based smoothing is intro-
duced, which explores and analyzes the hardness of pos-
itive samples, alleviating overfitting risk and cumulative
partitioning bias.

We further introduce an asymmetric noise-aware regu-
larization loss, explicitly modeling noisy samples from
the negative perspective, which takes full advantage of
the diversity of samples to improve generalization, rather
than dropping out noisy samples.

Related Works
Image-text Matching

Most of the previous image-text matching approaches can
be broadly categorized into two types: global-level matching



(Zhang et al. 2024; Li et al. 2025, 2022) methods and local-
level matching (Diao et al. 2021; Pan, Wu, and Zhang 2023;
Qu et al. 2021) methods. Global-level methods focus on cap-
turing and aligning the overall semantic representations of
images and texts. For instance, GPO (Chen et al. 2021) en-
hances extraction via adaptive pooling, and CORA (Pham
et al. 2024) improves semantic structure capture by build-
ing text-based scene graphs. On the local level, methods pri-
oritize fine-grained alignments between image regions and
textual words to achieve precise semantic correspondence.
Among these, CHAN (Pan, Wu, and Zhang 2023) utilizes
a simple but effective hard alignment mechanism, directly
associating the most relevant image regions with specific
words to enable detailed semantic matching.

In recent years, CLIP (Radford et al. 2021) has gained
widespread attention in various cross-modal matching tasks
due to its strong zero-shot learning capability. However,
when fine-tuned for downstream tasks, its performance re-
mains sensitive to noisy data, making it difficult to achieve
satisfactory results in the presence of noise.

Noisy Correspondence Learning

Different from traditional image-text matching that assumes
all training data are correctly matched, recent researches
have drawn considerable interests in the cross-modal re-
trieval with noisy correspondence, i.e., training data contains
wrongly matched image-text pairs.

Among the pioneering explorations, NCR (Huang et al.
2021) utilizes a co-teaching strategy, capitalizing on the
DNN memorization effect to identify high per-sample loss
as noises. These samples are subsequently trained with es-
timated soft labels. Similarly, BiCro (Yang et al. 2023) ad-
dresses the noisy correspondence problem by assuming that
semantically similar images should align with semantically
similar textual descriptions. Further approaches, such as
CREAM (Ma et al. 2024) and CTPR (Feng et al. 2024), em-
ploy dataset partitioning into three subsets (clean, noisy, and
hard) to better leverage image-text pairs exhibiting partial
semantic relevance. Recent work includes L2RM (Han et al.
2024), which leverages optimal transport to explore under-
lying semantic similarities among unpaired samples, repre-
senting the inaugural application of optimal transport theory
to noisy correspondence tasks. Additionally, NPC (Zhang,
Li, and Ye 2024) introduces a negative sample pre-aware and
reweighting mechanism designed to alleviate performance
instability stemming from noisy pair learning. NPC first em-
ploys the pretrained CLIP as a backbone, making a break-
through for this task. Furthermore, GSC (Zhao et al. 2024)
distinguishes noisy samples by analyzing intra-modality ge-
ometric structure consistency discrepancies.

Despite these advances, existing methods still suffer from
several limitations, such as uniform treatment of clean sam-
ples and excessive discarding of noisy samples. To overcome
these challenges, we propose a novel hardness and noise-
aware robust cross-modal retrieval (HaNa). Different from
previous methods, our HaNa not only mitigates the adverse
effects of noisy data but also takes into account the hard-
ness of positive samples and maximizes the utility of noisy
samples.

Methodology
Problem Definition

Here, we formally define the image-text matching task with
noisy correspondence and present fundamental formula-
tions with symbol interpretations. Given a dataset D =
(I;, T3, yl)i\il where N denotes the dataset size, (I;, T;) rep-
resents the i-th image-text pair, and y; € 0, 1 is the ground-
truth correspondence label. This label explicitly indicates
whether the pair exhibits positive semantic correspondence
(y; = 1) or noisy correspondence (y; = 0). The objective of
image-text matching is to project multimodal embeddings
into a shared latent space and measure their alignment, for
which cosine similarity serves as the prevalent metric as for-
mulated in Eq. (1):

(L) - g(T})
I - g(THI

where f(-) and ¢(-) denote feature extractors for image and
text modalities, respectively.

S(I;,T;) = 1

Reweighting Mechanism for Clean Samples

Mathematical Proof Firstly, following the same theoret-
ical approach as RDE (Qin et al. 2024a), we outline the
methodology for assigning adaptive weights to clean sam-
ples. We follow the settings in (Zhang, Li, and Ye 2024) that
leverages CLIP as the image-text encoders and employs a
contrastive loss function as the objective to train our model.
The initial objective can be formulated as:

1 exp(S(Li, Ty)/7)
BE ( >2 lexp(S(fi,Tn/T))’ @

Linfonce;, T;) = CE(1;, T;) + CE(T, 1;), 3)

where B refers to batch size and 7 is the temperature coeffi-
cient. As can be seen from Egs. (2) and (3), the optimization
is to increase the similarity between positive samples while
decreasing the similarity between negative samples.

However, with the noisy correspondence, the model will
be influenced to learn incorrect pairing information, de-
grading performance. To address this issue, several existing
methods mitigate the impact of noisy samples by assigning
a weighting factor to them, thereby reducing their gradient
contributions during backpropagation, which can be formu-
lated as follows:

CE(I;, T3)

RCE(, T = —L Zwl log ( exp(S(1;, T3)/7) >
Sy exp(S(1i, Ty) /7)
(C))
where w; is the optimization weight. For clean samples, w;
is set as 1, while for noisy data, w; is computed by the per-
formance change of the model after the sample (I;,T;) is
trained.

Nevertheless, such a weighting mechanism still exhibits a
limitation. In particular, even within clean samples, intrin-
sic variations in learning difficulty persist, allowing them
to be stratified into easy and hard samples. More criti-
cally, enforcing uniform learning intensity across both hard



and easy samples may amplify overfitting risks, particu-
larly because hard samples frequently contain ambiguous,
boundary-related patterns. This argument can be supported
by further theoretical analysis on the gradients of positive
and negative samples in RCE loss, which are also stated as
follows,

V1, RCE =

Z exp(S(1i, Th) /7)

1
Br Z wi (Zszl exp(S(1i, Tx)/T)

=1

L) sy
oT;

Vr, RCE =

iiw_ exp(S(L:, Ty)/7)  9S(1:,Ty) 6)
Br & 'SP exp(S(I,Tw)/r) 0T

Egs. (5) and (6) delineate the gradient formulations of
the RCE loss for positive and negative text samples, respec-
tively. The gradients for image samples exhibit an analogous
structure and are omitted herein for conciseness. It is worth
noting that if the weight of clean samples is fixed at 1, their
gradient contributions, including that of their correspond-
ing negative pairs, are entirely governed by the softmax-
derived probabilities calculated in the current epoch. For
hard samples, the similarity scores between positive and
negative pairs are often nearly identical, resulting in com-
parable gradient contributions from both, which undermines
the model’s discriminative learning ability.

Therefore, it is necessary to take into account the hardness
of positive samples. Though some existing studies focus on
explicitly detecting hard samples, they suffer from the in-
creasing model complexity and computational cost. To this
end, we introduce a momentum-based weight prediction ap-
proach, which is detailed as follows.

Momentum-based Weights Update Leveraging the
strong zero-shot capability of CLIP, we propose a simple
yet effective way to compute the weights in Eq. (4), which
can be stated as follows:

exp(S(;, 1) /1)
S exp(S(I;, Ty) /7)

exp(S(1;, 1) /1)
S exp(S(I;, Ty)/7)

w; = ( )/2.
@)
As can be seen, the weights are derived from the mean of
bidirectional probabilities. This symmetric mechanism inte-
grates confidence information from both directions, effec-
tively reducing the bias inherent in unidirectional predic-
tions. Furthermore, compared with methods that partition
the sample set into clean and noisy subsets and process them
independently, our reweighting mechanism via Eq. (7) pro-
vides a superior approximation of the true data distribution.
This advantage arises because accurate subset partitioning is
often infeasible in practice, and any errors in the partitioning
process will cumulatively introduce additional learning bias.
However, directly using the raw weights computed from
each batch may lead to significant fluctuations during train-
ing. This is because of the inherent instability in data dis-
tribution and model predictions across batches. To address
this issue, we further introduce a momentum update. Specif-
ically, the weights obtained from the current batch are stored

and updated in a smoothed manner through momentum, en-
suring more stable gradient updates and reducing training in-
stability. This is particularly beneficial for achieving robust
convergence in noisy environments. The momentum-based
weights update can be formulated as,

wl@ =a- wgt_l) +(1—a)-a", (®)

where « is the parameter balancing current and historical
weight values, ¢ is the training epoch. Here, we employ a
memory bank as shown in Figure 2 to store the weights.
Furthermore, during both the weight computation and mo-
mentum update phases, we freeze the model parameters, en-
abling score generation without optimization. In doing so,
it further enhances the stability and reliability of the weight
estimation process.

Finally, with the reweighting mechanism, a new Weighted
Contrastive Learning (WCL) loss Ly ¢, similar to Eq. (4)
is introduced.

Asymmetric Noise-Aware Regularization Loss

We argue that noisy samples can also contribute positively
to model optimization when utilized appropriately. From the
previous methods, such as SDD (Liu et al. 2024), we ob-
serve that the weights assigned to noisy samples are typi-
cally very small, leading to negligible gradient contributions
and nearly vanishing backpropagation signals. It indicates
that noisy samples are almost discarded at training. This ig-
nores the essential diversity of samples. In addition, if noisy
samples are mistakenly categorized as clean samples, they
may interfere with the learning process of genuine negative
instances. Moreover, contrastive learning frameworks often
apply a uniform treatment to all negative samples regardless
of their semantic relevance or difficulty, which is a limitation
commonly referred to as the “one-size-fits-all” problem.

Inspired by Asymmetric Loss (Wang et al. 2025) and
Complementary Learning (Qin et al. 2024b), we propose
a novel asymmetric loss function that treats detected noisy
samples as negatives and explicitly pushes them away from
target samples. A cosine similarity-guided weighting mech-
anism is introduced during the optimization process to adap-
tively control the influence of these noisy samples, thereby
enhancing the overall optimization effectiveness and im-
proving model robustness. First, we partition the training
set into a clean subset and a noisy subset. Following NCR,
we model the loss distribution of each sample in the train-
ing set using a two-component Gaussian Mixture Model
(GMM). The loss is computed using the original contrastive
loss function.

K
p(10) = are(ll6r), ©)
=1

where oy, denotes the mixing coefficient of the k" com-
ponent, and ¢(1|0},) represents its corresponding probability
density function. Based on Eq. (9), the k-th resulting pos-
terior probability is taken as the clean probability p; for the
i-th training sample as follows:

p(0k)p(1:]04)

10
o) (10)

pi = p(Oi|l;) =



where k = 0/1 denotes whether the data pair (I;, T}, y;) is
clean/noisy. Using the estimated clean probability for each
sample pair, the dataset is divided into a clean subset D, and
a noisy subset D, as:

DC = {(IZ,TZ) ‘ p(k‘ =0 | fz) > (S,V(I“TZ) S D}, (11)
Dy ={(L;,T3) | p(k =0 | £;) < ,¥(I;,T;) € D}, (12)

where § denotes the threshold for separating clean samples
from noisy ones. In practice, it is set to 0.5 in our experi-
ments.

After filtering via the GMM model, we design a distinct
loss function for the negative pairs associated with noisy and
clean samples, as formulated below:

1B B
LANRL = 5 Zlog 1+ Z M= My |
i=1 j=1
(13)
where A\ denotes the scaling coefficient and ~ indicates a
penalty margin. The masking matrix M € {0,1}5*5 is
used to select negative pairs, which is defined as:

1, ifi=jand ({;,T;) € D,
My =141, ifi#j Y
0, otherwise

Objective Function

Thus, the total objective function in the training process can
be denoted as:

Liotal = Lwer + - LANRL, (15)

where 1 is the trade-off parameter.

Experiments
Experimental Settings

Datasets and Evaluation Metrics. Our method is eval-
uated on three benchmark datasets, MS-COCO (Lin et al.
2014), Flickr30K (Young et al. 2014), and CC120K (Sharma
et al. 2018):

¢ MS-COCO contains 123,287 images, each annotated
with five textual descriptions. Following standard prac-
tices, we split the dataset into 113,287 training images,
5,000 validation images, and 5,000 test images.

¢ Flickr30K contains 31,783 images, each associated with
five descriptive sentences. According to established pro-
tocols, we divide the data set into 29,783 training images,
1,000 validation images, and 1,000 test images.

¢ CCI120K, derived from the Conceptual Captions dataset,
includes 120,851 noisy image-text pairs, each with one
caption. Due to real-world data collection, 3%-20% of
pairs have mismatched annotations. We use a split of
118,851 training, 1,000 validation, and 1,000 test sam-
ples to assess robustness under noisy conditions.

For evaluation, we use Recall@K (R@K) and the sum
(i.e., RSUM) to measure the percentage of ground truth
matches in the top K retrieved results (K € {1,5,10}),

with higher values indicating a stronger alignment capabil-
ity. Additionally, the variance of R@1 scores (Var(RQ1))
across different noise levels that measures the robustness to
data distribution changes is also used, with lower variance
indicating better stability in real-world settings.

Implementation Details HaNa is a robust vision-
language matching method that enhances noise resistance in
cross-modal models, using CLIP with ViT-B/32 as the base-
line visual encoder. Experiments are conducted on a single
RTX 4090 GPU, optimized with AdamW (default param-
eters) (Loshchilov and Hutter 2019), with an initial learn-
ing rate of 1 x 107° and a weight decay of 0.2. The batch
size is fixed at 256. Training epochs are set to 5 for MS-
COCO and Flickr30K, and 10 for CC120K. The hyperpa-
rameters are set as: contrastive loss temperature 7 = 0.07,
momentum update coefficient & = 0.8, penalty margin
v = 0.2, objective function scaling factor A = 64, and
the trade-off parameter 1+ = 0.01. The code is available at:
https://github.com/haiquan-yu/HaNa.

Comparison with State of the Arts

In this section, we conduct comprehensive comparisons
with several state-of-the-art approaches on three benchmark
datasets, including NCR (Huang et al. 2021), DECL (Qin
et al. 2022), BiCro (Yang et al. 2023), ESC (Yang et al.
2024), GSC (Zhao et al. 2024), L2RM (Han et al. 2024), Re-
Con (Zha et al. 2025b), NPC (Zhang, Li, and Ye 2024), and
the fine-tuned CLIP model (Radford et al. 2021). Among
them, NPC and our HaNa are based on CLIP encoders. To
evaluate our method’s effectiveness and robustness, the ex-
periments are evaluated under three noise settings, increas-
ing the noise ratio from 0.2 to 0.6 in 0.2 increments. We
simulate the noise by randomly shuffling matched image-
text pairs from MS-COCO and Flickr30K at varying pro-
portions, creating controlled environments to analyze per-
formance under mismatched data.

Experiments on Synthetic Noise As shown in Table 1,
our proposed method demonstrates superior performance

90

Noise Level
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Figure 3: Variance analysis of several methods on the
Flickr30K dataset.



MS-COCO 1K Flickr30K
Noise | Methods Image-to-Text Text-to-Image Image-to-Text Text-to-Image
R@1 R@5 R@I10 R@l R@5 R@I10 | R@l R@5 R@10 R@1 R@5 R@I10

NCR 7777 955 98.2 62.5 89.3 95.3 73.5 932 96.6 569 824 88.5
DECL 775 959 98.4 61.7 893 95.4 77.5 938 97.0 56.1 81.8 88.5
BiCro 78.8  96.1 98.6 63.7 903 95.7 78.1 944 97.5 60.4 844 89.9
ESC 79.2 970 99.1 64.8  90.7 96.0 79.0 94.8 97.5 59.1 8338 89.1
GSC 79.5 964 98.9 64.4  90.6 95.9 783  94.6 97.8 60.1  84.5 90.5
20% L2RM 80.2 963 98.5 64.2  90.1 95.4 779 952 97.8 59.8 836 89.5
ReCon 80.9  96.6 98.8 652 910 96.0 803 953 97.8 61.6 855 91.3
CLIP 75.0  93.1 97.2 58.7  86.1 97.2 823 955 98.3 66.0 88.5 93.5
NPC 799 959 98.4 66.3  90.8 98.4 873 975 98.8 729 921 95.8
Ours 81.7  96.6 98.8 69.0 922 96.6 89.0 979 99.3 751 937 96.8
NCR 747  94.6 98.0 59.6  88.1 94.7 68.1  89.6 94.8 514 784 84.8
DECL 75.6 955 98.3 59.5 883 94.8 72.7 923 95.4 534 794 86.4
BiCro 770 959 98.3 61.8 89.2 94.9 74.6 927 96.2 555  8l.1 87.4
ESC 78.6  96.6 99.0 63.2  90.6 95.9 76.1  93.1 96.4 56.0 80.8 87.2
GSC 782 959 98.2 62.5  89.7 95.4 76.5 94.1 97.6 575 827 88.9
40% L2RM 775 958 98.4 62.0 89.1 94.9 75.8 932 96.9 56.3  81.0 87.3
ReCon 799 962 98.6 63.5 905 95.9 794 943 97.6 599 839 90.1
CLIP 70.7  91.7 96.2 547 834 96.2 76.2 933 96.5 594 850 90.9
NPC 794  95.1 98.3 65.0 90.1 98.3 85.6 975 98.4 713 913 95.3
Ours 819  96.7 98.9 68.2 91.6 96.5 88.5 983 99.3 751  93.6 96.8
NCR 0.1 0.3 0.4 0.1 0.5 1.0 139 377 50.5 11.0  30.1 41.4
DECL 73.0 942 97.9 57.0  86.6 93.8 652 884 94.0 46.8 74.0 82.2
BiCro 739 944 97.8 583 872 93.9 67.6  90.8 94.4 512 776 84.7
ESC 772 95.1 98.1 61.1 893 95.2 72.6 909 94.6 53.0 78.6 85.3
GSC 75.6  95.1 98.0 60.0 883 94.6 70.8  91.1 95.9 53.6  79.8 86.8
60% L2RM 754  94.7 97.9 592 874 93.8 70.0  90.8 95.4 513 764 83.7
ReCon 772 959 98.4 61.8 893 95.2 743 936 96.6 55.7 81.6 88.1
CLIP 67.0 88.8 95.0 49.7  79.6 95.0 66.3 873 93.0 52.1  78.8 87.4
NPC 782 944 97.7 63.1  89.0 97.7 83.0 959 98.6 68.1  89.6 94.2
Ours 80.8 96.1 98.6 67.0 911 96.1 87.1 98.0 99.4 74.6  93.2 96.4

Table 1: Image-Text Matching on MS-COCO 1K and Flickr30K.

across various noise levels compared to existing approaches.
Specifically, compared to the state-of-the-art NPC, our
framework exhibits significant advantages in both retrieval
accuracy and noise robustness. In low-noise scenarios (20%
noise ratio), our method achieves substantial improvements
in the RSUM, increasing from 487.2 to 551.8 on Flickr30K
and from 517.5 to 534.9 on MS-COCO datasets relative to
the pioneering NCR approach. Under moderate noise con-
ditions (40% noise ratio), we observe performance gains
of 12.2 points on Flickr30K and 7.3 points on MS-COCO
over the second-best NPC. Most notably, in high-noise en-
vironments (60% noise ratio), our framework consistently
outperforms the CLIP baseline across all critical metrics
(R@1, R@5, R@10), with particular emphasis on maintain-
ing stable R@1 performance, the most crucial indicator for
text-image retrieval tasks. As for the stability, our method
achieves significantly lower variance compared to the base-
line approaches shown in Figure 3, demonstrating improved
consistency and reliability under varying noise conditions.

Experiments on Real-World Noise Table 2 shows the ex-
perimental results on the realistic noisy dataset CC120K.
As can be seen, our method achieves more competitive re-
trieval performance compared to baseline methods under
real-world noise conditions. Specifically, compared to the

Image-to-Text Text-to-Image
Methods | @) "@s5 @10 @1 @5 @10 R5UM
CLIP |68.8 87.0 929 67.8 864 909 4938
NPC |71.1 920 96.2 73.0 90.5 948 517.6
Ours |744 922 958 725 92.0 946 521.5

Table 2: Comparison with baselines on CC120K.

baseline CLIP model, our method achieves performance
gains of 5.6 (R@1), 5.2 (R@5), and 2.9 (R@10) in image-
to-text retrieval, and gains of 4.7 (R@1), 5.6 (R@5), and 3.7
(R@10) in text-to-image retrieval. Compared to the current
state-of-the-art NPC model, the RSUM increases from 517.6
to 521.5. These results further demonstrate the effectiveness
of our reweighting mechanism and asymmetric noise-aware
regularization, which completely differ from NPC.

Experiments on ViT-B/32 Backbone Methods Since the
CLIP-based ViT-B/32 backbone (Devlin et al. 2019; Doso-
vitskiy et al. 2021) inherently offers superior performance,
to ensure a fair comparison, we also present experimental
results from other methods that adopt the same ViT-B/32 ar-
chitecture on MS-COCO for 1K and 5K evaluation proto-
cols, respectively. The methods includes VSEco (Chen et al.
2021), PCME (Chun et al. 2021), PCME++ (Chun 2023),



Noise | Methods | IKR@1 5KR@1 1K RSUM
VSEoo 72.0 514 520.2
PCME 69.9 48.1 519.3
20% PCME++ | 70.8 49.5 522.4
PAU 71.4 51.7 521.5
CLIP 66.8 47.2 507.2
NPC 73.1 53.8 529.8
Ours 75.4 57.4 536.7
VSEoo 38.5 18.4 390.5
PCME 65.8 43.0 505.7
50% PCME++ | 65.7 44.0 503.9
PAU 69.3 49.6 5134
CLIP 60.9 414 486.0
NPC 71.3 51.9 523.4
Ours 74.8 56.4 533.0

Table 3: Comparison of methods with ViT-B/32 backbone
on MS-COCO 5K.

Image-to-Text Text-to-Image
R@]1 R@5 R@I0|R@] R@5 R@10
HaNa 88.5 983 993 | 751 93.6 96.8
w/o WCL | 76.0 927 963 |575 812 &7.1
w/o Mo 87.6 97.6 99.2 | 74.1 93.0 96.6
w/o WCS | 86.5 97.6 99.2 | 735 928 964
w/o ANRL |87.3 979 99.0 |743 933 964

Configuration

Table 4: Ablation studies on Flickr30K with 40% noise ratio.

PAU (Li et al. 2023), and our baseline model NPC. The com-
parison results for these models are all taken from the orig-
inal NPC paper. As shown in Table 3, our method achieves
performance improvements to varying degrees under both
20% and 50% noise ratios. Compared to existing methods
based on CLIP ViT-B/32, our approach significantly reduces
the sensitivity to noisy data during training, demonstrating
enhanced robustness and practicality, which further high-
lights the value of our work.

Ablation Study

To comprehensively validate the contribution of different
components in our framework, we conduct detailed abla-
tion studies on the Flickr30K dataset with 40% noise rate,
as shown in Table 4. The experiment includes four variants
of HaNa. HaNa w/o weighted contrastive loss (w/o WCL),
which replaces the weighted contrastive loss with standard
contrastive loss. HaNa w/o momentum update (w/o Mo),
which directly uses weights obtained from Eq. (7) with-
out the momentum update mechanism. HaNa w/o weighted
clean simples (w/o WCS), which means a weight of 1 is as-
signed to the clean samples identified by GMM. HaNa w/o
ANRL, which excludes the asymmetric noise-aware regular-
ization loss.

Compared with HaNa w/o WCL, the proposed weighted
contrastive loss demonstrates significant performance im-
provement in cross-modal retrieval tasks, empirically vali-
dating its effectiveness in handling noisy annotations. The
momentum update mechanism enables smoother weight
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Figure 4: Analysis of hyper-parameters « and - on
Flickr30K with 40% noise.

transitions across batches, as evidenced by the performance
degradation in HaNa w/o Mo. This smoothing strategy
proves particularly beneficial for noise correlation tasks,
where abrupt weight changes might amplify error propa-
gation. The results of HaNa w/o WCS validate the impor-
tance of assigning different weights to clean samples, as
demonstrated by improved performance metrics and align-
ment with the dynamic weighting mechanism described in
our framework. While HaNa w/o ANRL shows comparable
results, the consistent improvements across all six evaluation
metrics when incorporating ANRL confirm its validity.

Hyperparameter Analysis

The selection of parameters « and y plays a crucial role in
the performance of HaNa: a represents the weight contribu-
tion from the memory bank during momentum update, while
~ determines the threshold for applying strong penalties in
the ANRL loss. Therefore, we conduct a systematic analy-
sis of these two key hyperparameters. As shown in Figure 4,
HaNa can achieve the optimal performance (RSUM) when
a = 0.8 and v = 0.2. It can be clearly seen that our model
accepts different values of o and v, and can always find the
optimals, suggesting that it can be conveniently trained and
the results are highly reproducible.

Discussion

Although the reweighting mechanism is effective in han-
dling the hardness of clean samples, it is still limited without
partitioning and correcting noisy data. This is precisely one
of the reasons that constrain the performance improvement
of our HaNa. It motivates our future work to focus on classi-
fying and correcting noisy data through novel methods such
as the prompts from LLMs and the Mixup scheme.

Conclusion

This paper proposes HaNa, a novel robust cross-modal re-
trieval method designed to mitigate the negative impact of
noisy correspondences. Different from previous methods,
HaNa introduces a reweighting mechanism for clean sam-
ples and addresses the problem of noisy weights approach-
ing 0 from a negative perspective. The experimental results
have validated the effectiveness of HaNa in alleviating over-
fitting risk and improving generalization.
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