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Abstract

Cross-modal hashing (CMH) is an effective tool for large-
scale retrieval due to its low storage cost and high effi-
ciency. However, real-world multi-modal datasets often con-
tain noisy annotations, which can significantly impair model
performance. Many existing methods address this issue by
using the small-loss criterion to select a likely clean subset of
data to guide model training. Nonetheless, this clean subset
is typically dominated by easy samples, and treating all sam-
ples within it equally can undermine the model’s generaliza-
tion ability. In this paper, we propose a novel meta-learning-
based framework, named Meta-Guided Sample Reweight-
ing for Cross-Modal Hashing Retrieval (MGSH), which inte-
grates meta-learning into robust cross-modal hashing. To ad-
dress the above issues, we design a Meta-Similarity Weight-
ing Network (MSWN) that dynamically assigns importance
weights to samples during training. By employing a bi-level
optimization strategy, the meta-importance weights are used
to scale the loss of training samples during the main network
update, encouraging the model to focus on more challeng-
ing examples. Additionally, to further distinguish between
noisy and clean samples, we incorporate adaptive-margin and
meta-guided center aggregation into a robust hashing loss,
both guided by the learned meta-importance weights. Exten-
sive experiments on three widely used benchmark datasets
demonstrate that MGSH consistently outperforms state-of-
the-art methods, validating its effectiveness.

Code — https://github.com/supertanziang/MGSH

Introduction
Cross-modal retrieval (CMR) aims to enable retrieval across
different modalities. Among various CMR techniques,
cross-modal hashing (CMH) has emerged as an efficient so-
lution for large-scale retrieval due to its compact representa-
tions and high retrieval efficiency (Deng et al. 2019b; Liang
et al. 2024). While existing supervised CMH methods have
advanced semantic alignment by leveraging label informa-
tion (Kang et al. 2025; Zhang, Li, and Wang 2025), they
typically assume that all collected labels are accurate, which
is unrealistic due to inevitable noisy labels from manual or
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Figure 1: (a) Existing methods typically select clean sam-
ples based on a small-loss criterion, which often overlook
clean but hard samples that lie near the decision boundaries.
(b) In contrast, by isolating noisy samples via a meta-guided
small-loss criterion, we reduce the losses of hard samples to
facilitate noise separation and dynamically adjust their im-
portance by meta-importance weights. This assigns higher
weights to hard samples, enhancing model robustness.

non-expert annotations(Kuznetsova et al. 2020). It is a chal-
lenging problem to mitigate the performance degradation
caused by noisy labels in cross-modal retrieval.

Previous approaches to noisy cross-modal hashing mainly
fall into two categories: sample selection and robust loss
function design. Sample selection methods (Yang et al.
2022; Pu et al. 2025) typically adopt a small-loss criterion to
explicitly identify clean samples from noisy labels, thereby
mitigating the adverse effects of label noise. In parallel, ro-
bust loss function methods (Wang et al. 2024; Hu et al.
2021) aim to design noise-tolerant objectives that stabilize
the training process. However, as illustrated in Figure 1, ex-
isting methods face two key challenges: (1) They treat all
training samples with equal importance, which often causes
the model to overfit to the majority of easy examples while
neglecting hard samples located near the small-loss selection
boundary within the clean subset. (2) Due to static sample
selection strategies and fixed margin constraints, the selec-
tion mechanism tends to misidentify clean samples with rel-
atively large losses as noisy ones, which ultimately degrades
the model’s performance.
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To address the above problems, we propose a novel
method named Meta-Guided Sample Reweighting Hash-
ing (MGSH), as illustrated in Figure 2. MGSH is a meta-
learning framework with a dual-network architecture that
leverages a Meta-Similarity Weighting Network (MSWN) to
dynamically assign meta-importance weights to each train-
ing pairs based on their cross-modal feature representations.
This sample reweighting strategy encourages the model to
focus on hard instances while suppressing the influence of
noisy ones. To overcome the limitations of fixed sample
selection and rigid margin constraints, we further integrate
adaptive margin and dynamic center aggregation mecha-
nisms, both drived by the learned meta-importance weights.
These components jointly enhance model robustness at both
the instance and category levels. Overall, MGSH performs
consistently well on three benchmark datasets and leads to
noticeable improvements in cross-modal retrieval accuracy
under noisy label conditions.

Our main contributions are summarized as follows:

• We propose a novel framework named Meta-Guided
Sample Reweighting Hashing (MGSH) that leverages
meta-importance weights to focus informative hard sam-
ples in clean subset, enhancing training robustness.

• We propose a robust loss that incorporates the adap-
tive margin and dynamic center aggregation mechanism
guided by meta-importance weights. This design en-
hances the model’s ability to distinguish noisy and clean
samples, improving robustness and generalization.

• Extensive experiments on three public datasets demon-
strate that MGSH consistently outperforms state-of-the-
art baselines, achieving 2–5% gains in MAP under dif-
ferent noise levels.

Related Work
Meta Learning
Meta-learning aims to enable models to rapidly adapt to
new tasks with limited supervision. Existing methods fall
into three main categories: metric-based approaches (Snell,
Swersky, and Zemel 2017; Allen, Xie, and Xu 2019), which
learn similarity metrics over support sets; optimization-
based approaches (Finn, Abbeel, and Levine 2017; Raghu
et al. 2020; Mu et al. 2025), which learn initialization for
fast adaptation; model-based approaches (Lee et al. 2019;
Rusu et al. 2016), which employ task-specific adaptation
modules. Recent efforts extend this paradigm via amor-
tized inference (Ravi, Larochelle, and Finn 2023), bench-
mark standardization (Triantafillou et al. 2020), and unsu-
pervised meta-updates (Zhang et al. 2021). Nonetheless,
current methods remain constrained by sensitivity to hyper-
parameters, limited robustness to ambiguous tasks, and high
computational cost. These limitations motivate the develop-
ment of scalable and generalizable meta-learning strategies.

Cross-modal Retrieval
Cross-modal retrieval aims to learn semantically aligned
representations across different modalities. Existing meth-
ods can be broadly categorized into supervised (Kang et al.

2025; Li, Long, and Yang 2025) and unsupervised ap-
proaches (Hu et al. 2022; Zhen and et al. 2019; Zhu and
et al. 2019). Supervised methods leverage label information
to learn more discriminative common representations. For
instance, EGATH (Jin et al. 2024) employs a Transformer-
based graph to integrate CLIP features with semantic pri-
ors, while InvGC (Jian and Wang 2023) enhances instance
discrimination through inverse graph convolution. However,
the performance of these methods heavily relies on the qual-
ity of annotations. In contrast, unsupervised methods (Deng
et al. 2019a; Yang et al. 2019, 2018) rely solely on data dis-
tribution or cross-modal co-occurrence to learn shared rep-
resentations without requiring explicit semantic labels. For
example, UDAH (Zhu and et al. 2019) adopts adversarial
training to align feature distributions across modalities. Nev-
ertheless, the absence of reliable supervision often leads to
semantic ambiguity and suboptimal retrieval performance.

Learning with Noisy Labels
Learning with noisy labels aims to prevent deep networks
from overfitting corrupted labels while maintaining general-
izable representations. Existing approaches can be broadly
categorized into two types: (1) sample selection, which iden-
tifies clean samples or refines corrupted labels, and (2) ro-
bust optimization, which regularizes the training objective to
alleviate memorization. Sample selection methods include
small-loss filtering (Han et al. 2018; Li et al. 2022) and la-
bel correction through semi-supervised learning (Li, Socher,
and Hoi 2020; Zhang et al. 2020). Robust optimization ap-
proaches introduce explicit regularization, where ELR (Liu
et al. 2020) employs early-stage regularization to delay over-
fitting, and L2B (Zhou et al. 2024) leverages bootstrap con-
sistency to improve robustness. More recent efforts incorpo-
rate contrastive learning (Yang et al. 2021) or early stopping
strategies (Bai et al. 2021) to mitigate overfitting to noisy la-
bels and improve the robustness of learned representations.
In addition, unsupervised regularization has also proven ef-
fective for training under label noise (Sun et al. 2024a; Li,
Xiong, and Hoi 2021).

Methodology
Problem Definition
Let D = {(xm

i ,yi)}Ni=1 denote a multi-modal dataset con-
taining N instances, where xm

i denotes the i-th sample from
modality m ∈ {1, 2}, corresponding to the image and text
modalities, respectively. The label vector yi ∈ RC repre-
sents the associated multi-hot vector over K semantic cat-
egories, where each entry yik ∈ {0, 1} indicates whether
sample i belongs to category k ∈ {1, . . . ,K}. In real-world
scenarios, label noise is ubiquitous due to annotation errors
and incomplete tagging. Accordingly, we assume the train-
ing labels yi are potentially corrupted and contain noise.

The goal of cross-modal hashing is to learn compact
binary codes that map heterogeneous data from different
modalities into a shared hamming space, where semantically
similar samples are assigned nearby codes, while dissimi-
lar ones are pushed far apart. We denote the binary hash
codes for modality m as Bm = {bm

j }Nj=1, where each
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Figure 2: Overview of the MGSH framework. The framework consists of three main components: (1) Feature Extraction: A
dual-stream encoder processes training and meta samples to obtain modality-specific representations. (2) Bi-level Network
Architecture: Based on the meta-importance weights, the main model FΘ computes a robust hashing loss function, while the
meta model GΦ reweights the samples and provides the updated weights to the main model. (3) Meta Pipeline: The meta-
learning process updates the parameters of both models, enabling robust sample reweighting and adaptive margin adjustment.

bm
j ∈ {−1,+1}L represents the binary code of the j-th

sample, and L denotes the code length.
To generate hash codes, we first compute modality-

specific feature representations denoted by fm
j , which are

obtained by applying a modality-specific hash function to
the input fm

j = hm(xm
j ; θm), where hm(·; θm) denotes the

hash function for modality m, parameterized by θm. Then
the final binary hash code is derived by applying a sign acti-
vation to the feature vector fm

j :

bm
j = sign

(
fm
j

)
. (1)

We assume the model is trained on a noisy multi-modal
training set Dtrain, while a clean test set Dtest is available
for evaluation. The main network is parameterized by FΘ,
and the Meta-Similarity Weighting Network (MSWN) is pa-
rameterized by GΦ as a multilayer perceptron (Shu et al.
2019). To guide the training process, we additionally employ
a small clean meta-dataset Dmeta = {(xm

i , yi)}Mi=1, where
M ≪ N denotes the number of meta-samples.

Meta-Guided Robust Hashing Loss Function
Meta Reweighting Assignment Triplet loss (Schroff et al.
2015) is widely used in cross-modal retrieval and is typically
formulated as:

Ltriplet = max
(
0, γ + dij − dik

)
, (2)

where dij and dik denote the distances between the anchor
and its positive and negative samples, respectively, and γ is
a fixed margin. After each training epoch, we partition the
training set Dtrain into a clean subset Sc and a noisy subset
Sn based on the low-loss criterion, as defined by:

Sc = argmin
Sc:|Sc|≥R(t)|Dtrain|

Ltrain(Dtrain), (3)

which follows the approach of (Yang et al. 2022). However,
since the clean subset is usually dominated by small-loss
instances, the model tends to overlook hard samples near
the decision boundary, which may contain informative cues.
This bias prevents the model from capturing discriminative
patterns around the boundary, thereby limiting its represen-
tational capacity and degrading overall performance.

To address this issue, we propose a Meta-Similarity
Weighting Network (MSWN) that estimates the semantic
difficulty of each sample and assigns an adaptive impor-
tance weight. Specifically, we construct matched pairs shar-
ing identical semantic labels and mismatched pairs created
by randomly shuffling the second modality. Under the noisy
label settings, hard pairs near the small-loss boundary ex-
hibit higher losses than easy clean pairs yet retain seman-
tic consistency (Han et al. 2018). By learning from clean
matched and mismatched pairs in a meta set, the MSWN
captures this semantic difficulty and emphasizes hard but in-
formative samples during training, enabling difficulty-aware
weighting for robust cross-modal representation learning.

Accordingly, given each constructed feature pair (f1
i , f

2
i ),

we assign a binary label yi ∈ {0, 1}, where yi = 0 denotes
a matched (easy) pair and yi = 1 denotes a mismatched
(hard) pair. We use its one-hot encoding yi = (yi0, yi1) to
represent the ground-truth class over c ∈ {0, 1}. Given a
meta-batch of m pairs, the MSWN is then trained as a binary
classifier by minimizing the following cross-entropy loss:

Lmeta = − 1

m

m∑
i=1

1∑
c=0

yic log pΦ
(
c | f1

i , f
2
i

)
, (4)

where the class probability is obtained by applying a soft-
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max to the logits produced by the MSWN:

pΦ
(
c | f1

i , f
2
i

)
=

exp
(
GΦ(f1

i , f
2
i )c
)∑1

k=0 exp (GΦ(f1
i , f

2
i )k)

. (5)

Here, the MSWN GΦ(·) outputs a two-dimensional logit
vector corresponding to the easy and hard classes. This train-
ing objective encourages the MSWN to distinguish between
easy and hard pairs, thereby capturing the latent alignment
difficulty in the multi-modal feature space. The optimal pa-
rameters of the MSWN are obtained by minimizing this loss:

Φ∗ = argmin
Φ
Lmeta(Bmeta; Φ). (6)

Then we obtain meta-importance weight ω̂i of each sam-
ple by computing the softmax probability of the hard class:

ω̂i =
exp

(
GΦ(f1

i , f
2
i )1
)∑1

c=0 exp (GΦ(f1
i , f

2
i )c)

, (7)

which quantifies how likely the sample is considered diffi-
cult. To stabilize training and maintain consistent scaling,
we normalize ω̂i within each mini-batch:

ωi =
max (ω̂i, 0)∑m
i=1 max (ω̂i, 0)

, (8)

where ωi ∈ (0, 1). In the subsequent robust loss formula-
tion, this weight adaptively modulates each sample’s contri-
bution, allowing the model to emphasize informative hard
samples while suppressing noisy ones, thereby enhancing
robustness against label noise.

Adaptive Margin Triplet Loss In standard triplet loss, a
fixed margin is applied uniformly to both clean and noisy
samples, which often inflates the loss of clean yet hard ex-
amples. Consequently, these informative hard samples are
prone to being misidentified as noisy under the small-loss
selection, thereby degrading overall performance. To miti-
gate this issue, we propose the adaptive-margin triplet loss:

Lw = max (0, γ̂i + dij − dik) , (9)

where the adaptive margin γ̂i is computed as:

γ̂i =
γi

1 +
(

1
ωi
− 1
)−τ , (10)

with τ > 0 being a hyperparameter. Since larger meta-
importance weights ωi indicate harder samples, the self-
adaptive margin mechanism assigns them smaller margins
from the equation, reducing their triplet loss. This helps pre-
serve informative hard samples by reducing their loss, mak-
ing them less likely to be mistakenly excluded as noisy under
the small-loss criterion.

Dynamic Semantic Center Update To reduce intra-class
variations in multi-modal representations, we introduce dy-
namic semantic centers ck ∈ RL for each class k ∈
{1, . . . ,K}. These centers are updated as the weighted av-
erage of all sample representations belonging to class k.

Specifically, given a meta-importance weight ωi ∈ (0, 1)
for each sample, the center ck is computed as:

ck =

∑
i∈Ck

ωi · (f1
i + f2

i )

|Ck|
, (11)

where |Ck| denotes the set of samples assigned to class k.
The use of ωi ensures that hard samples contribute more to
the center update, thereby promoting a more robust and dis-
criminative representation.

To evaluate the semantic alignment between a sample and
its corresponding class center, we define a confidence score
vmi for each modality m ∈ {1, 2} as:

vmi =
K∑

k=1

yik
exp

(
fm⊤
i ck/t

)∑K
j=1 exp

(
fm⊤
i cj/t

) , (12)

where t is a temperature parameter that controls the sharp-
ness of the softmax distribution, and yik is the one-hot label
indicating whether sample i belongs to class k.

Inspired by the self-paced learning paradigm (Pu et al.
2025; Sun et al. 2024b), we define the center aggregation
loss using an r-generalized cross-entropy formulation:

Lc =
1

n

n∑
i=1

2∑
m=1

[
(1− r)

1− (vmi )r

r
+ r (1− vmi )

]
,

(13)
where r ∈ (0, 1] is a hyperparameter controlling the trade-
off between sensitivity and robustness.

Overall Optimization To further regularize the learning
process and minimize quantization error during hash code
generation, we introduce a quantization loss over the contin-
uous hash representations fm

j,k ∈ R:

Lq =
1

L

L∑
k=1

(∣∣fm
j,k

∣∣− 1
)2

, (14)

where L is the hash code length. This term encourages each
hash value to approach binary states (±1), ensuring more
stable and discriminative code generation.Thus, the final ro-
bust training loss that is used to guide the separation of noisy
and clean samples is formulated as:

Ltrain = Lw + λ1Lc + λ2Lq, (15)

where λ1 and λ2 are loss weighting hyperparameters.
Through joint optimization, the model achieves a better bal-
ance between robustness and category semantic alignment.

Bi-level Optimization Process Solving the bi-level opti-
mization problem in our MGSH framework is computation-
ally expensive. To reduce complexity, we approximate the
inner-level update by performing a single-step gradient de-
scent on the main network parameters Θ, followed by an
alternating update of the MSWN parameters Φ within each
training iteration. The overall training process is summa-
rized in Algorithm 1.

To simulate the impact of sample weights on the model’s
generalization capability, we first perform a temporary gra-
dient update to obtain temporarily updated parameters Θ′ :

Θ′ = Θ− α∇ΘLtrain(Btrain; Θ), (16)
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where α is the learning rate of the main network. Based on
the temporarily updated main network, we then compute the
hash presentation (f1

i , f
2
i ) and update the parameters of the

meta-network as follows:

Φ′ = Φ− η∇ΦLmeta, (17)

where η is the learning rate of the meta network. Finally, the
main network is updated by minimizing the meta-weighted
overall training loss, where each sample loss is scaled by its
corresponding meta-importance weight ωi:

Θt+1 = Θt − α∇Θ

(
n∑

i=1

ωiLtrain(Btrain; Θ)

)
. (18)

Algorithm 1: Meta-Guided Sample Reweighting for Robust
Cross-Modal Hashing Retrieval

Require: Training data Dtrain, meta data Dmeta, initial pa-
rameters Θ0, Φ0, initial margin γ, hyperparameters λ1,
λ2, r, τ , maximal epoch number T .

1: Initialize network FΘ and GΦ; set Θ← Θ0, Φ← Φ0.
2: Warm up the network on all training data using Ltrain.
3: for epoch t = 0 to T − 1 do
4: Compute per-sample loss via Eq. 15.
5: Separate noisy and clean samples via Eq. 3.
6: Partition Dtrain into clean/noisy sets (Sc, Sn).
7: for j = 1 to num steps do
8: Sample mini-batch Btrain ∼ Sc.
9: Sample meta-batch Bmeta ∼ Dmeta.

10: Update main temporary parameter via Eq. 16.
11: Update meta network parameter Φ via Eq. 6.
12: Compute meta-importance weight ω̂i by Eq. 7.
13: Normalized meta-importance weight ωi by Eq. 8.
14: Compute adaptive margin γ̂ via Eq. 10.
15: Update final main network parameters via Eq. 18.
16: end for
17: end for
Ensure: Final parameters ΘT , ΦT .

Experiments
Datasets
To validate the effectiveness of MGSH, we conduct exten-
sive experiments on three widely used benchmark datasets:
MS-COCO (Lin et al. 2014), NUS-WIDE (Chua et al. 2009),
and MIRFlickr-25K (Huiskes and Lew 2008). The detail of
these datasets is described in Supplementary Material.

Experimental Settings
To evaluate the performance of MGSH, we conduct experi-
ments on two standard cross-modal retrieval tasks: I2T (re-
trieving texts from image queries) and T2I (retrieving im-
ages from text queries). Following previous works, we use
Mean Average Precision (MAP) as the evaluation metric,
which is widely used in cross-modal retrieval.

To comprehensively examine the robustness of our
method, we introduce symmetric label noise at different
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Figure 3: MAP scores versus epochs on MIRFlickr-25K
dataset with 128-bit hash codes under 0.5 noise rate.

noise rates, specifically 0.2, 0.5, and 0.8. The hash code
lengths are set to 16, 32, 64, and 128 bits. All experiments
are conducted on a single NVIDIA GeForce RTX A6000
GPU with 48GB of memory. Additional implementation de-
tails are provided in the sup due to space limitations.

Comparison with State-of-the-Art Methods
To demonstrate the superiority of our proposed method, we
compare MGSH with several existing cross-modal hashing
methods. Specifically, we select a representative set of base-
line methods, including classical supervised methods such
as DCMH (Jiang and Li 2017), CMHH (Cao et al. 2018),
CMMQ (Yang et al. 2022), NRCH (Wang et al. 2024), and
RSHNL (Pu et al. 2025), as well as classical unsupervised
methods such as DGCPN (Yu et al. 2021), DJSRH (Su,
Zhong, and Zhang 2019), and UCCH (Hu et al. 2022).
Among these, CMMQ, NRCH, and RSHNL are specifi-
cally designed to address cross-modal retrieval under noisy
label scenarios. We pay particular attention to comparing
MGSH with NRCH and RSHNL, which represent the best-
performing recent cross-modal hashing methods under noisy
supervision, as illustrated in Figure 3.

For fair comparison, we re-train all baseline methods un-
der the same hardware environment. The model with the
highest MAP on the validation set is selected for evalua-
tion on the test set. All methods use the same training and
testing splits and are implemented under identical hardware
settings. In the experimental tables, the highest MAP value
is highlighted in bold, while the second highest is under-
lined. In addition, we plot Precision-Recall (PR) curves for
different datasets, as shown in Figure 4.

From the experimental results, we observe the following:

• As the noise rate increases, the MAP performance of
all supervised cross-modal hashing methods degrades.
In contrast, unsupervised methods (UCCH, DJSRH,
DGCPN) remain stable because they do not depend on
noisy labels. However, their lack of label supervision also
limits their achievable retrieval performance.

• Among all baseline methods, increasing the hash code
length consistently leads to higher MAP scores. Regard-
ing noise separation, both NRCH and RSHNL achieve
comparable performance to our method, but our method
consistently outperforms them.
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Dataset Method 20% 50% 80%
16bit 32bit 64bit 128bit 16bit 32bit 64bit 128bit 16bit 32bit 64bit 128bit

MS-COCO

DJSRH (ICCV’19) 0.482 0.520 0.542 0.568 0.482 0.520 0.542 0.568 0.482 0.520 0.542 0.568
DGCPN (AAAI’21) 0.589 0.609 0.620 0.626 0.589 0.609 0.620 0.627 0.589 0.609 0.620 0.627
UCCH (TPAMI’23) 0.570 0.580 0.593 0.621 0.570 0.580 0.593 0.621 0.570 0.580 0.593 0.621
DCMH (CVPR’17) 0.545 0.579 0.583 0.597 0.480 0.470 0.474 0.460 0.396 0.387 0.358 0.353
CMHH (ECCV’18) 0.643 0.648 0.650 0.652 0.603 0.608 0.612 0.611 0.601 0.576 0.569 0.587
CMMQ (CVPR’22) 0.614 0.638 0.642 0.642 0.595 0.622 0.626 0.633 0.600 0.616 0.626 0.634

NRCH (ACMMM’24) 0.637 0.678 0.686 0.690 0.651 0.667 0.681 0.693 0.630 0.655 0.666 0.687
RSHNL (AAAI’25) 0.555 0.594 0.629 0.632 0.560 0.594 0.608 0.630 0.569 0.590 0.602 0.641

MGSH (ours) 0.678 0.708 0.714 0.724 0.666 0.689 0.714 0.721 0.661 0.673 0.700 0.702
∆ +3.5% +3.0% +2.8% +3.4% +1.5% +2.2% +3.3% +2.8% +3.1% +1.8% +3.4% +1.5%

MIRFlickr25K

DJSRH (ICCV’19) 0.613 0.621 0.631 0.639 0.613 0.621 0.631 0.639 0.613 0.621 0.631 0.639
DGCPN (AAAI’21) 0.688 0.693 0.704 0.710 0.688 0.693 0.704 0.710 0.688 0.693 0.704 0.710
UCCH (TPAMI’23) 0.689 0.711 0.712 0.716 0.689 0.711 0.712 0.716 0.689 0.711 0.712 0.716
DCMH (CVPR’17) 0.703 0.701 0.703 0.698 0.651 0.645 0.639 0.630 0.629 0.622 0.617 0.616
CMHH (ECCV’18) 0.692 0.695 0.702 0.700 0.653 0.638 0.639 0.646 0.607 0.599 0.602 0.608
CMMQ (CVPR’22) 0.726 0.730 0.736 0.738 0.698 0.718 0.720 0.724 0.694 0.712 0.716 0.720

NRCH (ACMMM’24) 0.746 0.760 0.762 0.760 0.740 0.758 0.765 0.760 0.731 0.755 0.757 0.762
RSHNL (AAAI’25) 0.683 0.710 0.717 0.716 0.696 0.700 0.717 0.714 0.685 0.714 0.719 0.716

MGSH (ours) 0.758 0.775 0.790 0.795 0.754 0.774 0.784 0.790 0.752 0.776 0.780 0.784
∆ +1.2% +1.5% +2.8% +3.5% +1.4% +1.6% +1.9% +3.0% +2.1% +2.1% +2.3% +2.2%

NUS-WIDE

DJSRH (ICCV’19) 0.417 0.451 0.465 0.492 0.417 0.451 0.465 0.492 0.417 0.451 0.465 0.492
DGCPN (AAAI’21) 0.570 0.592 0.611 0.623 0.570 0.592 0.611 0.623 0.570 0.592 0.611 0.623
UCCH (TPAMI’23) 0.575 0.597 0.623 0.636 0.575 0.597 0.623 0.636 0.575 0.597 0.623 0.636
DCMH (CVPR’17) 0.494 0.496 0.494 0.479 0.451 0.448 0.443 0.431 0.408 0.402 0.397 0.393
CMHH (ECCV’18) 0.572 0.575 0.576 0.580 0.563 0.570 0.566 0.568 0.493 0.495 0.503 0.505
CMMQ (CVPR’22) 0.633 0.637 0.647 0.654 0.586 0.598 0.608 0.623 0.538 0.565 0.579 0.585

NRCH (ACMMM’24) 0.621 0.630 0.632 0.641 0.553 0.569 0.587 0.602 0.523 0.512 0.557 0.557
RSHNL (AAAI’25) 0.604 0.606 0.641 0.650 0.597 0.602 0.616 0.618 0.543 0.580 0.598 0.589

MGSH (ours) 0.683 0.692 0.700 0.705 0.625 0.658 0.682 0.676 0.582 0.614 0.625 0.639
∆ +5.0% +5.5% +5.3% +5.1% +2.8% +5.6% +6.6% +4.0% +0.7% +1.7% +0.2% +0.3%

Table 1: Average MAP scores of I2T and T2I tasks under 20%, 50%, and 80% noise rates (16/32/64/128 bit) on the MS-
COCO, MIRFlickr25K, and NUS-WIDE datasets. The highest and second-highest scores are shown in bold and underlined,
respectively. “∆” is the relative gain of MGSH over the second-highest (%) .

• For the PR curves, our method outperforms most base-
line methods across the majority of settings on all
three benchmark datasets. In terms of MAP, our MGSH
achieves performance gains of 2.7%, 3.6%, and 2.2%
in average on the respective datasets. The superior PR
curves observed in most cases further demonstrate the
effectiveness and robustness of our proposed method.

Ablation Study
To validate the effectiveness of each proposed component,
we conduct ablation studies on the MS-COCO dataset us-
ing 128-bit hash codes under different noise rates (Table 2).
Specifically, we analyze the impact of three components: (1)
warm-up phase, (2) the meta-pipeline for meta-importance
weight ωi, (3) the adaptive margin γ̂.

Meta-pipeline: Removing the meta-learning pipeline
causes the largest performance drop (e.g., I2T:
0.728→0.683, T2I: 0.720→0.698 at 20% noise), showing
that meta-weighted sample reweighting is crucial for
suppressing noise and retaining informative examples.

Warmup: Disabling the warm-up phase also de-
grades performance under low-noise settings (e.g., I2T:
0.728→0.710 at 20% noise), indicating its role in stabilizing

Configuration Image→ Text (MAP)
Warmup Meta-pipeline γ̂ 0.2 0.5 0.8

✓ ✓ 0.683 0.690 0.686
✓ ✓ 0.718 0.699 0.693

✓ ✓ 0.710 0.705 0.689
✓ ✓ ✓ 0.728 0.724 0.702

Configuration Text→ Image (MAP)
Warmup Meta-pipeline γ̂ 0.2 0.5 0.8

✓ ✓ 0.698 0.696 0.687
✓ ✓ 0.716 0.706 0.691

✓ ✓ 0.717 0.704 0.695
✓ ✓ ✓ 0.720 0.718 0.703

Table 2: Ablation study on MS-COCO dataset.

early training and supporting reliable meta-optimization.
Adaptive margin γ̂: Excluding the adaptive margin

leads to consistent drops across noise levels (e.g., I2T:
0.724→0.699 at 50% noise), validating its effectiveness in
preventing over-penalization of hard but clean samples.
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(a) MIRFlickr-25K (b) MS-COCO (c) NUS-WIDE

Figure 4: PR curves on three datasets with 128-bit hash codes under 50% label noise, averaged of I2T and T2I retrieval tasks.

Parameter Default Range MAP

Margin (γ) 0.5 [0.4, 0.6, 0.7] 0.788[0.786, 0.788, 0.785]
λ1 0.5 [0.3, 0.4, 0.6] 0.788[0.782, 0.784, 0.785]
λ2 0.5 [0.3, 0.4, 0.6] 0.788[0.781, 0.783, 0.786]
r 0.7 [0.5, 0.6, 0.8] 0.788[0.786, 0.785, 0.783]

Meta-Dataset Size Image −→ Text Text −→ Image

1% 0.800± 0.003 0.777± 0.003
2% 0.798± 0.002 0.776± 0.003
5% 0.800± 0.005 0.777± 0.004
10% 0.799± 0.004 0.776± 0.005

Table 3: Sensitivity analysis of key hyperparameters (top)
and effect of meta-dataset size (bottom).

Sensitivity Analysis
In this section, we conduct a sensitivity analysis of the key
hyperparameters in the proposed MGSH framework. Specif-
ically, we focus on three main hyperparameters: the initial
margin γ, the loss weighting hyperparameters λ1 and λ2, the
weight factor r in dynamic center aggregation loss. All ex-
periments in this analysis are conducted on the MIRFlickr-
25K dataset under symmetric noise with a noise rate of 0.5
and a hash code length of 128 bits.

Table 3 presents a sensitivity analysis demonstrating that
the default hyperparameter settings consistently achieve op-
timal MAP scores, highlighting the robustness of adaptive
margin mechanism(γ) and dynamic center aggregation (r)
approach. Additionally, varying the meta-dataset size be-
tween 1% and 10% results in negligible performance fluc-
tuations, underscoring the efficiency and scalability of the
proposed MGSH framework in noisy cross-modal hashing.

Analyzing Independence of MGSH
We visualize the relationship between the meta-importance
weights of our proposed MGSH framework and the classi-
fication loss, as shown in Figure 5a. It can be observed that
the meta-importance weights and the loss function are not
directly correlated, indicating that the meta-learned weights
provide an independent method for identifying hard samples
without relying on the loss value.

(a) Meta Weights vs Loss (b) Visualize hard examples

Figure 5: Visualizing hard examples under NUS-WIDE
dataset with 50% noise rate.

In Figure 5b, we further visualize the hard samples iden-
tified by the MGSH framework on the NUS-WIDE dataset
using the t-SNE method, with the ten most frequent classes
shown in the figure. The gray circles represent simple sam-
ples that are concentrated in the feature space, while the
colorful circles correspond to the hard examples selected
by MGSH. It can be clearly observed that these hard sam-
ples mostly lie at the category boundaries, forming a ring-
like structure. This demonstrates the core mechanism of
MGSH: it effectively captures samples located near the deci-
sion boundaries that contain rich discriminative information
and are inherently difficult to distinguish, thereby enhancing
the model’s discriminative ability and robustness.

Conclusion
In this paper, we propose MGSH, a meta-learning based
framework for addressing noisy labels in cross-modal hash-
ing retrieval. MGSH leverages a Meta-Similarity Weighting
Network (MSWN) to dynamically assign reliability-aware
sample weights through bi-level optimization, adaptively
controlling the contribution of each training sample. It fur-
ther incorporates an adaptive-margin mechanism and meta-
guided center aggregation into a robust loss formulation, en-
hancing the discrimination of noisy and hard samples. Ex-
tensive experiments on three benchmark datasets demon-
strate that MGSH consistently outperforms existing methods
under various noise levels in cross-modal retrieval.
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