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Abstract—Large-scale image-text data has advanced cross-
modal retrieval but inevitably contains noisy correspondences.
Most robust training methods rely on the small-loss principle
for sample selection, which often discards hard positives se-
mantically matched pairs with large losses caused by semantic
complexity. In addition, existing label rectification approaches
mainly depend on the model’s own predictions, making them
vulnerable to error accumulation due to confirmation bias. To
mitigate these issues, we propose a Consistency-Aware Noisy
Correspondence Rectification (CA-NCR) framework. First, we
introduce consistency under perturbations as a second criterion
and construct a 2D-Gaussian Mixture Model 2D-GMM) in the
loss-consistency space, which effectively separates hard positives
from true noise. Second, we design an anchor-guided rectification
scheme that utilizes a high-precision clean set as an external
semantic anchor to reconstruct robust soft labels through bi-
directional geometric consistency, thereby breaking the self-
confirmation loop. Extensive experiments on Flickr30K, MS-
COCO, and CC152K demonstrate that CA-NCR significantly
outperforms state-of-the-art methods under both varying noise
ratios and real world noise scenarios.

Index Terms—Cross-Modal Retrieval,
Noisy Labels, Multimodal Learning

Mismatched Pairs,

I. INTRODUCTION

Cross-modal matching (image-text matching) is a core
task that connects vision and language, supporting a wide
range of applications such as cross-modal retrieval [1]-[4],
visual question answering [5], and image captioning [6]. As
deep learning increasingly relies on large-scale data, web-
crawled image-text pairs have become a major source for
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training. However, such low-cost data inevitably contains noisy
correspondences, i.e., semantically mismatched pairs. Prior
studies show that deep neural networks exhibit a memorization
effect [7] and tend to overfit to noise in later training stages,
which degrades generalization. Therefore, learning robustly
under noisy supervision remains a key challenge.

Recent methods for noisy correspondence learning, includ-
ing NCR [8] and CTPR [9], exploit the observation that DNNs
learn simple patterns first [10]. They select samples based
on the “small-loss” principle or fit Gaussian Mixture Models
(GMM) over losses [11], [12] to partition the training set into
clean and noisy subsets. Despite their effectiveness, two issues
persist. First, using loss as the sole selection criterion is often
too coarse: hard positives—genuinely aligned pairs with com-
plex visual content or semantically challenging descriptions—
can incur high losses similar to true noise and are thus mis-
takenly discarded, which hinders the learning of fine-grained
semantics. Second, many label-correction approaches [8], [13]
rely on the model’s own predicted probabilities as soft labels.
This self-relabeling is susceptible to confirmation bias: once
early predictions are biased by noise, subsequent training may
reinforce these errors and lead to error accumulation.

To address these limitations, we propose a Consistency-
Aware Noisy Correspondence Rectification (CA-NCR) frame-
work. For sample selection, we introduce perturbation-based
semantic consistency as a second dimension. Motivated by the
fact that true semantic alignment tends to be stable under mild
perturbations [14], [15], we construct a 2D-GMM in the loss-
consistency space, which effectively separates high-loss hard
positives (high consistency) from true noise (low consistency),
enabling more reliable sample partitioning. For soft-label cor-
rection, we move beyond conventional self-prediction. Inspired
by [16], we design an anchor-guided rectification mechanism



that utilizes a high-precision clean set as external semantic
anchors. By comparing each noisy sample to the anchor set in
the embedding space (in both image-to-text and text-to-image
directions), this design breaks the self-confirmation loop and
better leverages informative signals from noisy pairs.

In summary, the main contributions of this work are as
follows:

« We propose a novel consistency-aware data partitioning
module that constructs a 2D-Gaussian Mixture Model
(2D-GMM) by jointly modeling loss values and pertur-
bation invariance. This approach effectively distinguishes
hard positives from true noise in the geometric space,
addressing the limitations of coarse, single-dimensional
loss-based selection.

o We design an anchor-guided bi-directional rectification
mechanism to correct noisy labels. By leveraging high-
purity clean samples as external semantic anchors, this
mechanism generates robust soft labels based on geo-
metric consistency, fundamentally avoiding the error ac-
cumulation caused by confirmation bias in self-prediction
methods.

o Extensive experiments on three benchmark datasets
(Flickr30K, MS-COCO and CC152K) demonstrate that
our proposed CA-NCR significantly outperforms state-
of-the-art methods, showing superior robustness and ac-
curacy particularly in scenarios with high noise ratios and
real-world noise.

II. RELATED WORK

A. Image-Text Matching

The goal of image-text matching is to learn a shared
embedding space where semantic similarity across modalities
can be measured, enabling downstream tasks such as cross-
modal retrieval. Early studies [17], [18] typically adopted
convolutional neural networks (CNNSs) for visual feature ex-
traction and recurrent encoders (e.g., RNN/GRU) for text
representation. With the advancement of deep learning, fine-
grained interaction between image regions and textual tokens
has become a dominant paradigm. For instance, VSRN [19]
leverages a graph convolutional network (GCN) to model
semantic relations among image regions, while Transformer-
based language encoders such as BERT [20] provide contextu-
alized representations that strengthen cross-modal alignment.

In terms of learning objectives, metric learning with
ranking-based losses is widely used. The triplet ranking loss
remains a standard choice, and VSE++ [21] further improves
discriminability with online hard-negative mining, emphasiz-
ing challenging negatives during training. To alleviate sensitiv-
ity to a fixed margin, several works explore adaptive-margin
formulations and geometric constraints [22]. However, most
image—text matching methods implicitly assume that training
pairs are correctly matched; their performance can degrade
significantly when noisy correspondences exist in web-crawled
data.

B. Learning with Noisy Correspondence

Learning with noisy supervision has been extensively
studied in image classification, with representative strate-
gies including loss re-weighting, label correction, and Co-
teaching [13]. Different from noisy class labels, noisy cor-
respondence in cross-modal matching arises from incorrectly
paired image—text samples, which makes the noise structure
more implicit and harder to identify.

Existing solutions for noisy correspondence learning gen-
erally follow two directions: denoising/partitioning and label
rectification. NCR [8] models the distribution of training
losses with a Gaussian Mixture Model (GMM) to split data
into clean and noisy subsets, and then performs rectification
using model predictions. Building upon this line, DECL [23]
introduces evidential learning to estimate uncertainty for more
reliable noise handling, while CTPR [9] proposes a tri-partition
scheme to better treat borderline samples close to the decision
boundary. BiCro [16] further exploits bidirectional cross-
modal consistency for label rectification, improving robustness
under noisy supervision. Nevertheless, two limitations remain.
First, sample selection based on one-dimensional loss statistics
is often insufficient to distinguish high-loss hard positives
from true noisy pairs, which may discard informative aligned
samples. Second, many rectification methods heavily rely
on self-predicted probabilities, making them vulnerable to
confirmation bias and error accumulation. These observations
motivate our consistency-aware selection and anchor-guided
bi-directional rectification framework.

III. METHODOLOGY

We describe CA-NCR for robust image-text matching. The
framework consists of four stages: (1) Warm-up: we first train
the model for a few epochs to obtain a reasonable cross-modal
alignment (Sec. III-A). (2) Consistency-Aware Partitioning:
we fit a 2D GMM over training loss and perturbation-based
semantic consistency to split pairs into clean, hard, and noisy
subsets (Sec. III-B). (3) Anchor-Guided Rectification: we use
a high-confidence clean set as semantic anchors to generate
soft labels for the remaining pairs via bidirectional consistency
in the embedding space (Sec. III-C). (4) Joint Optimization:
we leverage the rectified soft labels to construct an adaptive-
margin objective for robust training (Sec. III-D).

A. Warm-up

The primary goal of learning from noisy correspondence
is to partition the training set into different subsets based on
semantic relevance. To achieve this, it is essential to first train
the Deep Neural Networks (DNNs) to acquire basic feature
discrimination capabilities. This subsection demonstrates how
the warm-up module achieves initial network convergence.

Given a dataset D = {(I;,T;)}, containing N image-
text pairs, we employ a standard dual-stream architecture for
feature extraction. Specifically, the image encoder (based on
the region feature extractor of Faster-RCNN [24]-[26]) and
the text encoder (BERT [20]) map the raw image I; and text
T; into d-dimensional feature vectors v; and t;, respectively.



Prior studies [13] indicate that relying on a single model
for data partitioning is prone to error accumulation. To avoid
this issue, we introduce a co-teaching paradigm, maintaining
two networks, A and B, with identical structures but differ-
ent initializations. The two networks parallelly compute the
cosine similarity S(I;,7T;) between image and text features to
measure the semantic relevance across modalities.

During the warm-up stage, networks A and B are trained
on the training set by minimizing the Triplet Ranking Loss:

Luarm (1) = 3 ([o = S, T) + S(1,T)]
i#i (1)
+ o= S(L,Ty) + 501,79, )

where « is the margin and [z]+ = max(z,0). After several
warm-up epochs on D, the model provides a stable starting
point for the subsequent consistency-aware partitioning.

B. Consistency-Aware Data Partitioning

Although the warm-up stage endows the model with initial
discriminative power, relying solely on the one-dimensional
distribution of warm-up loss for sample partitioning has in-
herent limitations. Specifically, hard positives—matched pairs
with complex visual content or abstract textual descriptions—
often exhibit high loss values, making them prone to be
misclassified as noise by loss-based mixture models. To over-
come this, inspired by consistency regularization [14] and
view invariance [15], we introduce perturbation invariance as a
second discriminative dimension, distinguishing hard samples
from true noise based on the assumption that genuine semantic
associations remain invariant under weak perturbations.

1) Cross-View Consistency Metric: We first construct cross-
view augmentations to measure sample stability. To prevent se-
mantic drift caused by aggressive transformations, we employ
a weak augmentation strategy. Given the i-th image-text pair
(I;,T;), we generate augmented views fi and Ti using mild
random cropping and synonym replacement, respectively. We
then compute the set of cross-similarities between original and
augmented views:

Si ={S(L,,Ty), S(I;, Ty), S(I;, Ty), S(I;, T;)}. (2

The consistency score c; is defined as the stability of the
similarity distribution within this set:

2
¢ = exp (—"i) : 3)
T
2

where o is the variance of the similarity distribution in
S;, and 7 is a temperature parameter controlling sensitivity
(set to 7 = 1 for simplicity). For hard positives, despite their
potentially low raw similarity (resulting in high loss), their
semantic structure is robust, leading to small fluctuations in
cross-view similarity and thus a high consistency score c;.
Conversely, the matching of noisy pairs is typically random
and sensitive to perturbations, resulting in low consistency.

2) 2D-Gaussian Mixture Modeling (2D-GMM): To jointly
leverage loss and consistency information for precise par-
titioning, we model the ¢-th sample as a two-dimensional
observation vector u; = [¢;, 1—c¢;|, where ¢; is the normalized
warm-up loss. Compared to traditional 1D modeling, the 2D
space utilizes geometric structure to effectively separate hard
samples (high loss, high consistency) from noisy samples
(high loss, low consistency). We employ a two-component 2D-
GMM [27] to fit the distribution of all samples. The probability
density function for the i-th sample is defined as:

K
pw) = NN (wi | e, Zi) )

k=1

where K = 2 denotes the number of Gaussian components
(corresponding to clean and noisy sets, respectively). Ax, fty,
and 3y represent the mixture coefficient, mean vector, and
covariance matrix of the k-th component, respectively. These
parameters are estimated via the Expectation-Maximization
(EM) algorithm [28]. Based on the memorization effect of
DNNs [29], clean samples exhibit faster loss decay during
warm-up [7], [30]. Using Bayes’ theorem, we compute the
posterior probability w; that the ¢-th sample belongs to the
“clean” component (the component with smaller loss mean
and higher consistency mean):

w; = pk* ) = ALk Ba) )
p(u;)

3) Data Partitioning Strategy: To distill high-confidence
pairs from the noisy dataset, we adopt the co-teaching
paradigm [9]. Specifically, for network A, we first divide the
dataset into an initial clean set S and noisy set S based on
its posterior probability wiA and a threshold f:

St ={(I1;,T;) | wi* > B},
S} ={(L,T) | wi < B}.

(6)

Similarly, for network B, we obtain S” and SP. Subse-
quently, we leverage the consensus between the two networks
to define the final shared partitions. The data partitioning is

formulated as:

SHP=84nS2,

S =D\ S, @

Where SAP and SAP represent the high-purity clean set

(shared anchors) and the rectification candidate set, respec-
tively. The obtained clean subset SA% serves as highly reliable
semantic anchors, laying a solid foundation for the subsequent
anchor-guided bidirectional rectification based on geometric
consistency.

C. Anchor-Guided Bi-Directional Rectification

To mitigate the confirmation bias introduced by self-
prediction—based rectification, we propose an anchor-guided
mechanism. Specifically, we use the high-confidence clean set
SAB obtained in the previous stage as an external anchor pool
(Semantic Anchors) and reconstruct soft labels for samples
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Fig. 1. Structure of the CA-NCR Network.

in the rectification candidate set S/A® based on bidirectional
geometric consistency.

Inspired by the observations in Yang et al. [16] and Wang
et al. [17], we leverage the principle that semantic topology
is consistent across modalities: if two images are semantically
similar in the feature space, their corresponding textual de-
scriptions should exhibit a similar semantic distance.Based on
this premise, for a candidate pair (I;,T;), we first retrieve an
anchor pair (Iune, Tanc) € SfB whose image embedding is
nearest to I;. We then quantify image-to-text consistency by
the ratio of distances:

-D (I 79 I anc)
D(Ti, Tane)’

Similarly, taking 7; as the query, we retrieve the nearest

anchor text 7., from the anchor pool and compute the reverse

anc
text-to-image consistency:

Yist =

®)

D(T,,T.,.)

S anc/ 9
yt—)l D(I,“Iénc) ( )

Where D(-) denotes a distance function in the embedding
space. The rectified soft label is given by averaging the two
directional estimates:

1
2

Because the rectification is grounded on an external anchor
pool rather than the model’s instantaneous prediction proba-
bilities, it provides a more stable supervisory signal for noisy
pairs and facilitates subsequent joint optimization.

Ui = = (Yimst + Ut—i) - (10)

D. Joint Optimization

To effectively incorporate the rectified soft labels into fea-
ture learning, we introduce an Adaptive Soft Margin mecha-
nism building upon the standard triplet ranking loss. For an
arbitrary training pair (I;,T;), the loss function is defined as:

Lot (1, Ti) = [6s — S(1, Ti) + S(1;, Th)] an

where [z]; = max(x,0), and S(-) denotes the cosine simi-
larity function in the joint embedding space. The terms (1;, T})
and (I n, T;) represent the hardest negative pairs mined within

the mini-batch, defined by Ty, = arg maxyr 7, S(I;, T') and
I, = arg maxp g, S(I', T;).

The adaptive margin &; is dynamically determined by the
refined label g;: R

di == wa, (12)
m—1

where « is the base margin parameter and m is the curvature
hyperparameter [8]. Note that ¢; unifies the partitioning results
(set to 1 for the clean set and the rectified score y; for the
candidate set), allowing the margin to smoothly decay for
noisy samples to mitigate gradient error accumulation.

IV. EXPERIMENTS
A. Datasets and Evaluation Metrics

To verify the effectiveness of the proposed method, we
evaluate our model on three publicly available datasets: MS-
COCO [30], Flickr30K [31], and CC152K [32].

e MS-COCO contains 123,287 images, each accompanied
by five corresponding textual descriptions. Following the
split in [21], we use 113,287 images for training, 5,000
for validation, and 5,000 for testing.

o Flickr30K consists of 31,783 images collected from
Flickr, with each image associated with five captions.
Following the data partition in [21], we use 1,000 images
for validation, 1,000 for testing, and the remaining 29,000
for training.

o CCI152K is a subset curated by NCR from the Conceptual
Captions dataset [32], containing approximately 150,000
training pairs. Unlike the two manually annotated datasets
mentioned above, CC152K is harvested from the web
and inherently contains about 3% to 20% real-world
noisy correspondences, making it more representative of
practical application scenarios.

Noise Simulation. To comprehensively evaluate the model’s
robustness under varying noise intensities, we simulate syn-
thetic noise on the training sets of Flickr30K and MS-COCO.
Specifically, we randomly shuffle the correspondence between
images and texts for a certain proportion of the data to
construct training sets containing incorrect labels.

Evaluation Metrics. Image-text retrieval performance is
typically evaluated using the Recall@K (K = 1, 5, 10) metric,



TABLE I
COMPARISON OF EXPERIMENTAL RESULTS ON THE FLICKR30K AND MS-COCO DATASET

Flickr30K MS-COCO

Noise | Methods Image— Text Text—Image Image— Text Text—Image
R@] R@5 R@10 R@l R@5 R@10 rSum |[R@]l R@5 R@10 R@l R@5 R@10 rSum
SCAN | 585 810 908 355 650 752 406.0| 622 90.0 96.1 462 80.8 892 4645
VSRN | 334 595 713 250 47.6 586 2954|618 873 929 500 803 883 460.6
IMRAM | 22.7 540 67.8 16.6 41.8 541 2570|699 936 974 559 844 89.6 4908
20% BiCro | 78.1 944 975 604 844 899 5047|788 96.1 986 637 903 957 5232
RCL 759 945 973 579 82.6 88.6 4968|789 96.0 984 628 899 954 5214
L2RM | 779 952 97.8 598 83.6 895 5038|802 963 985 642 90.1 954 5247
GSC-SGR | 783 946 978 60.1 845 90.5 5058|795 964 989 644 90.6 959 5257
CA-NCR | 785 95.6 98.0 62.0 850 910 510.1|802 96.6 982 650 912 96.0 5273
SCAN | 260 574 718 17.8 405 514 2649|429 746 851 242 526 63.8 3432
VSRN 26 103 148 30 93 150 550298 621 76,6 17.1 46.1 603 292.0
IMRAM | 53 254 376 50 135 196 1064|51.8 824 909 384 703 789 4127
40% BiCro | 746 927 962 555 81.1 874 4875|77.0 959 983 61.8 892 949 517.1
RCL 727 9277 96.1 548 80.0 87.1 4834|770 955 983 612 885 948 5153
L2RM | 758 932 969 563 81.0 873 4905|775 958 984 620 89.1 949 517.7
GSC-SGR | 76.5 941 97.6 575 827 889 4973|782 959 982 625 89.7 954 5199
CA-NCR | 775 942 970 62.0 835 895 503.7|794 962 98.1 643 902 957 5239
SCAN | 13.6 365 503 48 136 198 1386|299 609 748 09 24 41 1730
VSRN 0.8 25 53 12 42 69 209|116 340 475 46 164 259 140.0
IMRAM | 15 89 174 19 50 7.8 425|182 516 68.0 179 436 546 2539
60% BiCro | 67.6 90.8 944 512 77.6 847 4663|739 944 978 583 872 939 5055
RCL 67.7 89.1 936 48.0 749 833 4566|740 943 975 576 864 935 5033
L2RM | 70.0 90.8 954 513 764 837 4676|754 947 979 592 874 938 5084
GSC-SGR | 70.8 91.1 959 53.6 798 86.8 4780|756 951 98.0 60.0 883 94.6 511.7
CA-NCR | 72.0 910 950 550 795 866 479.1|77.0 955 975 61.0 87.0 940 512.0

denoted as R@1, R@5, and R@10. Recall@K represents
the percentage of queries for which the correct ground-truth
match is found within the top- K retrieved items; higher values
indicate better retrieval accuracy. We calculate the sum of the
three recall metrics for both image-to-text and text-to-image
retrieval tasks and combine them into an overall evaluation
metric, referred to as rSum:

rSum = (R@l + RQ@5 + R@lo)image—mext

(13)
+ (R@l + R@5 + R@lo)text%image'

B. Implementation Details

For fair comparison, we adopt the standard dual-stream
architecture consistent with previous robust learning meth-
ods [8]. All experiments are implemented using the PyTorch
framework and conducted on NVIDIA Tesla T4 GPUs. During
training, the network is optimized via the Adam optimizer
with a mini-batch size of 128. We initialize the learning rate
at 1 x 10™%, decaying it by a factor of 0.1 every 10 epochs.
Regarding hyperparameters, the partitioning threshold [ is set
to 0.5. Following the protocol in [8], the warm-up stage lasts
for 10 epochs, while the base margin « and the curvature
parameter m are fixed at 0.2 and 6, respectively.

C. Comparison Experiments

In this section, we comprehensively compare CA-NCR
with two main categories of mainstream methods to verify
its effectiveness. The baselines include general cross-modal
matching methods (e.g., SCAN [1], VSRN [19], IMRAM [2])

and robust learning methods specifically designed for noisy
correspondence (e.g., BiCro [16], RCL [33], L2RM [34],
GSC-SGR [35]).

Results on Simulated Datasets. Table I reports the re-
trieval results on Flickr30K and MS-COCO 1K datasets under
different noise ratios (20%, 40%, 60%). By analyzing the
experimental data, we can draw the following conclusions:

The performance of general methods drops precipitously
under noise interference. For instance, as the noise ratio
increases from 20% to 60%, the rSum of SCAN on Flickr30K
plummets from 406.0 to 138.6. This confirms that the forceful
fitting of noisy samples by deep models severely disrupts the
semantic structure of the feature space.

CA-NCR demonstrates superior robustness on the large-
scale MS-COCO dataset, achieving significant improvements
over existing models. Specifically, under the high noise setting
of 60%, CA-NCR achieves an rSum score of 512.0, improving
the R@1 metric for text-to-image retrieval by 4.3% compared
to the recent best method, GSC-SGR. This significant im-
provement indicates that the 2D-GMM partitioning strategy
effectively prevents the model from overfitting to massive
noise.

On the Flickr30K dataset, CA-NCR maintains a lead in the
vast majority of metrics. Notably, under the extreme condition
of 60% noise, although the rSum of CA-NCR is comparable
to that of GSC-SGR, CA-NCR outperforms GSC-SGR by
approximately 1.2% on the most critical Image-to-Text R@1
metric. Since R@1 reflects the model’s ability to identify the



TABLE 11
COMPARISON OF EXPERIMENTAL RESULTS ON CC152K.

Methods Image—Text Text—Image
R@] R@5 R@10 R@l R@5 R@10 rSum
SCAN 305 553 653 269 53.0 647 2957
VSRN 326 613 705 325 594 704 3267
IMRAM | 331 576 681 290 568 674 3120
BiCro 40.8 672 761 421 676 764 3702
RCL 417 660 736 416 664 751 3644
L2RM 43.0 675 757 428 680 772 3742
GSC-SGR | 42.1 684 777 422 676 771 3751
CA-NCR | 427 688 780 431 679 77.6 378.1

TABLE III

ABLATION STUDIES ON FLICKR30K WITH 40% NOISE.

Method Image— Text Text—Image Sum

R@l R@5 R@I0 R@lI R@5 R@I0
w/o Img-Aug 75.8 93.7 96.8 60.9 82.0 86.3 495.5
w/o Txt-Aug 75.5 93.4 96.6 60.6 81.9 86.1 494.1
w/o Consistency 753 929 96.3 59.6  80.9 85.7 490.7
w/o Anchor-Guided ~ 77.3 94.0 97.0 61.6 83.2 88.1 501.2
CA-NCR 715 942 97.0 62.0 835 89.5 503.7

“most relevant” match, this result validates that the anchor-
guided rectification mechanism can accurately preserve the
most critical semantic cues even when the vast majority of
data is mismatched.

Results on Real-World Datasets. To further verify the ca-
pability of CA-NCR in handling complex real-world noise, we
conducted comparative experiments on the CC152K dataset,
as shown in Table II. It can be seen that CA-NCR achieves
impressive performance, with an overall rSum reaching 378.1.
Compared to the strong baseline BiCro and the latest GSC-
SGR, our method improves by 7.9 and 3.0 percentage points,
respectively.

This superior performance is mainly attributed to the
anchor-guided mechanism, which utilizes high-purity clean
samples as a geometric reference frame. Unlike previous
methods that rely on self-prediction, our strategy effectively
“distills” correct semantic alignment relationships from mis-
matched data, thereby avoiding error accumulation caused by
confirmation bias.

D. Ablation Study

To investigate the contribution of each core component
in the CA-NCR framework, we conducted detailed ablation
studies on the Flickr30K dataset with 40% noise. The results
are reported in Table III, and we analyze the impact of
consistency-aware partitioning and anchor-guided rectification
separately.

Effectiveness of Consistency-Aware Partitioning. To ver-
ify the contribution of perturbation invariance to noise identi-
fication, we removed image augmentation (w/o Img-Aug), text
augmentation (w/o Txt-Aug), and both augmentations (w/o
Consistency), respectively. As shown in Table III, removing
single-modality augmentation leads to a decrease in rSum
by 8.2 and 11.6 points, indicating that semantic stability in
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Fig. 2. Rsum Performance under Different Curvature Control Parameter m.

both visual and linguistic modalities is crucial for judging
sample quality. More critically, when both augmentations are
removed (degenerating to 1D-GMM), the performance drops
significantly, with rSum falling to 490.7. This result strongly
demonstrates that relying solely on loss values cannot effec-
tively distinguish hard positives from noise, whereas intro-
ducing cross-view semantic consistency captures the intrinsic
robustness of samples under perturbation, thereby significantly
improving the precision of data partitioning.

Importance of Anchor-Guided Rectification. To validate
the role of the anchor mechanism in label correction, we
replaced “Anchor-Guided Rectification” with the traditional
“Adaptive Prediction” strategy (i.e., self-prediction). The re-
sults show that the rSum of this variant drops by 2.5 points.
Although the decline is smaller than that caused by removing
the consistency module, there is still a noticeable loss in
high-precision retrieval metrics (e.g., R@1). This performance
gap confirms that the adaptive prediction strategy is prone
to confirmation bias, leading the model to reinforce early
errors. In contrast, using high-purity clean samples as external
geometric anchors provides more objective and robust super-
visory signals, effectively breaking the vicious cycle of error
accumulation.

In summary, the full model (CA-NCR) achieves the best
performance, proving that 2D-GMM partitioning and anchor-
guided rectification are complementary and indispensable,
jointly ensuring robust learning under noisy conditions.

Effect of the curvature control parameter m. To inves-
tigate the specific impact of the curvature parameter m in the
adaptive margin, we conducted sensitivity experiments on the
Flickr30K dataset (40% noise ratio). As shown in Fig. 2, the
model performance increases first and then decreases as m in-
creases, reaching a peak at m = 6. This phenomenon indicates
that moderately increasing m imposes stricter margin penalties
on low-confidence noisy samples, effectively enhancing noise



Image Query TOP 5 retrieved text

L:this is a guy riding a surfboard on a wave. [7]
2:A man on a surfboard riding a wave.
(1)CA-NCR | 3:a man riding on a wave on top of a surfboard. [7

4:A surfer riding up a large wave.

- 5:A surfer riding a wave on the ocean,
&jm I:this is a guy riding a surfboard on a wave. [7]

2:A man on a surfboard riding a wave.
(2)L2RM

3:a man riding on a wave on top of a surfboard.
4:A surfer riding up a large wave.

5:a man with a skate board stands next to ramps. [

Text Query

(1)GA-NCR

A group of boats that are

sitting in the water.

(2)L2RM

Fig. 3. Visualization of top-5 retrieval results on Flickr30K. Green and red
borders denote matched and mismatched results, respectively.

robustness. However, when m is too large, the non-linear rela-
tionship approaches saturation, and the computation function
tends towards a step function, causing the soft margin to lose
its smooth transition capability. Therefore, m = 6 maintains
the optimal balance between ‘“‘suppressing true noise” and
“preserving hard samples,” avoiding the failure of distance
constraints caused by excessive non-linearity.

E. Visualization

To provide intuitive insights into the robustness of CA-NCR
beyond numerical metrics, we visualize the top-5 retrieval
rankings on the Flickr30K dataset in Figure 3. The comparison
with the robust baseline L2RM reveals two key observations
regarding semantic alignment.

First, in the Image-to-Text task (top row), when querying
with an image of a surfer, CA-NCR successfully retrieves
five semantically correct captions. In contrast, while L2RM
retrieves four correct items, it fails at rank 5 by returning
a description involving a “skateboard.” This error suggests
that the baseline is easily confused by visual similarities
(surfboard vs. skateboard) when semantic discriminability is
compromised by noise. CA-NCR, however, maintains precise
alignment due to our consistency-aware partitioning.

Second, in the Text-to-Image task (bottom row), given the
query “A group of boats...”, CA-NCR retrieves four highly
relevant images depicting clusters of boats. Although the
fifth image represents a mismatch (showing a single boat), it
remains thematically consistent. Conversely, L2RM retrieves
irrelevant scenery images at ranks 4 and 5, indicating a signifi-
cant semantic drift. These results collectively demonstrate that
our anchor-guided rectification mechanism effectively filters
out noisy patterns and enforces stricter semantic consistency
than existing methods.

V. CONCLUSION

In this paper, we propose a Consistency-Aware Noisy Corre-
spondence Rectification (CA-NCR) framework to address the

prevalent challenge of noisy correspondence in cross-modal
matching. To overcome the limitations of relying solely on loss
distribution for sample selection, we introduce perturbation
invariance as a second discriminative dimension and construct
a 2D-Gaussian Mixture Model (2D-GMM). This approach
accurately distinguishes high-loss hard positives from true
noise within the geometric feature space. Furthermore, to
address the confirmation bias inherent in traditional adaptive
prediction strategies, we design an anchor-guided rectification
mechanism. By discarding the self-referential prediction man-
ner and instead leveraging filtered high-purity clean samples
as an external reference, this mechanism reconstructs objective
and robust soft labels for noisy data based on bidirectional
geometric consistency. Extensive experiments on Flickr30K,
MS-COCO, and CC152K datasets demonstrate that CA-NCR
not only significantly outperforms existing state-of-the-art
methods but also exhibits superior robustness in scenarios with
high noise ratios and complex real-world noise.
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