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Abstract

Recently, cross-modal hashing (CMH) has gar-
nered significant attention due to its low stor-
age costs and high retrieval efficiency. Most
existing CMH methods implicitly assume the
availability of high-quality annotations, which
is often violated in real-world scenarios as la-
bel noise inevitably arises from human errors
or non-expert annotations. To cope with noisy
supervision, current noise-robust CMH methods
mainly follow two paradigms, i.e., noise sep-
aration and label smoothing. They often dis-
card the predicted noisy instances or smooth
discriminative signals to mitigate the impact of
noisy labels. However, aggressive separation
leads to reduced data utilization, while smooth-
ing weakens the discriminative capability regard-
ing the true distribution of clean instances. To
address these limitations, we propose a novel
Robust Fuzzy Cross-modal Hashing framework
(RFCMH) that introduces fuzzy set theory to en-
dow the labels with admissibility, thereby obtain-
ing reliable discriminative supervision from noisy
labels. Specifically, we first leverage possibil-
ity and necessity measures to model the noisy
labels. Subsequently, we propose Fuzzy Admis-
sibility Refinement (FAR) to dynamically cali-
brate supervision signals, thereby preventing the
model from being misled by false positives. Fur-
thermore, we introduce Dual-Granularity Struc-
tural Alignment (DGSA) to enforce both cross-
modal alignment and instance-level uniformity,
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ensuring stable and diverse representations. Ex-
tensive experiments on multiple benchmarks
demonstrate that RFCMH achieves state-of-the-
art retrieval performance. Code is available at
https://github.com/XinchengSun/RFCMH.

1. Introduction

With the exponential growth of multimedia data, Cross-
Modal Retrieval (CMR) (Qian et al., 2022; Zhou et al.,
2023) has attracted significant attention for its ability to
bridge the semantic gap between heterogeneous modalities.
However, traditional CMR methods (Ge et al., 2023; Liet al.,
2024; 2025a; Feng et al., 2025; 2026b;a) typically rely on
high-dimensional real-valued representations, which incur
prohibitive storage costs and search latencies in large-scale
scenarios (Wen et al., 2023; Liu et al., 2025). To this end,
Cross-Modal Hashing (CMH) has emerged as a promising
solution (Su et al., 2025; Pu et al., 2025b; Su et al., 2026a;
Li et al., 2026). By mapping high-dimensional data into
compact binary codes, CMH could significantly reduce stor-
age overhead and accelerate retrieval speed through bitwise
XOR operations in the common Hamming space (Lan et al.,
2025; Li et al., 2026).

Although existing CMH methods have obtained pleasing
results, most of them rely on the implicit assumption that
training data are perfectly annotated. In practice, label noise
is ubiquitous due to non-expert or automated annotation
processes (Kuznetsova et al., 2020; Song et al., 2022; Yin
et al., 2025). They unconsciously overlook the impact of
noisy labels. Such wrong supervision signals could mis-
lead the model in CMH (Wang et al., 2024; 2026), thereby
corrupting the semantics between heterogeneous modalities
and resulting in the overfitting problem.

To resist the adverse impact of noisy labels, some robust
CMH methods have been proposed, which can be roughly
divided into two paradigms, i.e., noise separation and label
smoothing. The former primarily focuses on distinguishing
between clean and noisy instances, subsequently discarding
or calibrating mislabeled instances to ensure reliable super-
vision. However, they heavily rely on the early prediction
confidence of the model. As shown in Fig. 1 (a), in high
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Figure 1. (a) Noise separation paradigm, where a classifier f(0)
assigns a heuristic reliability score to each training instance (e.g.,
based on prediction confidence) and then hard-partitions the data
into clean and noisy subsets. When label noise is high and in-
stance semantics are ambiguous, the reliability scores of clean and
noisy pairs become less separable and heavily overlap, leading
to inevitable misclassification. (b) Label smoothing paradigm,
where hard annotations are relaxed into soft distributions to mit-
igate noise interference. Although this soft supervision avoids
aggressive sample removal, it weakens discriminative signals by
associating instances with multiple categories, resulting in blurred
decision boundaries and weakened class separability.

noise rate scenarios, due to the presence of instances with
complex semantics, this makes the reliability determination
difficult, which causes the losses or confidence distributions
of clean and noisy instances to overlap indistinguishably.
Consequently, the model often falls into a vicious cycle of
clean instance scarcity and error accumulation during opti-
mization. Moreover, overly aggressive separation strategies
could lead to a sharp reduction in training data, resulting in
a significant loss of available supervisory information. To
alleviate the brittleness of hard noise separation, the label
smoothing paradigm attempts to mitigate noise interference
by relaxing hard targets into soft distributions, as depicted in
Fig. 1 (b). In low-noise or nearly clean scenarios, this intro-
duced uncertainty inhibits high-confidence predictions for
correct labels, resulting in blurred decision boundaries. This
inevitably weakens the model’s discriminative capability
regarding the true distribution of clean instances.

To address the aforementioned problems, we propose a
novel Robust Fuzzy Cross-Modal Hashing (RFCMH) frame-
work, which introduces fuzzy set theory to learn with ad-
missibility from noisy labels, thereby obtaining reliable dis-
criminative supervision. As shown in Fig. 2, our RFCMH
consists of two stages, i.e., warm-up and fine-tuning. Specif-
ically, during the warm-up stage, we model the membership
of samples belonging to specific categories based on possi-
bility and necessity measures. This process yields fuzzy
admissibility measures aligned with category semantics.

Meanwhile, to reduce heterogeneous distribution discrepan-
cies across modalities, we adopt an intra-instance contrast
module to maximize the mutual information between rep-
resentations of the same instance across modalities. In the
fine-tuning stage, to prevent incorrect labels from degrading
the accuracy of the admissibility measures, we propose a
Fuzzy Admissibility Refinement (FAR) module. FAR alle-
viates the influence of unreliable labels by applying label
smoothing to the admissibility distribution, effectively sup-
pressing semantic shifts caused by noisy categories. After
obtaining reliable category membership estimates during
the warm-up stage, we further aim to enhance inter-class
separability in the hash space. To this end, we propose a
Dual-Granularity Structural Alignment (DGSA) strategy.
DGSA enforces explicit inter-class structural constraints at
the instance level, which enlarges the discriminative margins
between samples from different categories while preserv-
ing multimodal semantic consistency. Overall, the main
contributions of this paper are summarized as follows:

 This paper proposes a novel RFCMH framework to
introduce fuzzy set theory into the field of cross-modal
hashing. By assigning admissibility to noisy labels,
our RFCMH could obtain reliable discriminative super-
vision signals to effectively overcome the performance
degradation problem under noise interference.

* By integrating the measures of possibility and neces-
sity, we propose FAR to explicitly suppress interfer-
ence from error categories, thereby refining a more
reliable soft supervision signal.

» Extensive experiments conducted on three widely used
benchmark datasets validate the efficacy of our ap-
proach. Compared with 12 state-of-the-art baselines,
RFCMH exhibits consistently superior robustness in
the presence of label noise.

2. Related Work

Cross-modal hashing (CMH) aims to map heterogeneous
modalities into a shared Hamming space, enabling efficient
large-scale cross-modal retrieval with compact binary codes
(Hu et al., 2022; Chen et al., 2026; Zhang et al., 2026).
Existing CMH methods can be broadly categorized into
unsupervised methods (Zhang et al., 2018; Su et al., 2019;
Yu et al., 2021; Hu et al., 2022; Zhu et al., 2022; Cui et al.,
2024) and supervised methods. Unsupervised methods pri-
marily exploit cross-modal structural consistency or self-
supervised cues to learn hash representations, circumventing
the need for manual annotations. Nonetheless, the absence
of explicit semantic supervision inevitably restricts the dis-
criminability of the learned Hamming space, often resulting
in performance bottlenecks for precise retrieval tasks. To
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Figure 2. Tllustration of RECMH. Modality-specific hashing networks f'(-) and f7(-) encode paired image/text inputs into shared
representations. A fuzzy semantic head produces category-wise membership scores, which are converted into admissibility via the
possibility—necessity duality 7 (-, -) and optimized by Lrar to provide reliable supervision under noisy labels. Training follows a
progressive strategy: after the warm-up establishes coarse semantics, FAR further refines admissibility to suppress noisy categories, while
DGSA constrains inter-instance relationships through intra-instance alignment Lintra and inter-instance separation Linter. The resulting
representations yield noise-robust hash codes for cross-modal retrieval.

surpass these inherent limitations and bridge the semantic
gap, the research focus has increasingly shifted toward su-
pervised CMH (Tan et al., 2022; Sun et al., 2023; Zhang
et al., 2022b;a; Huo et al., 2024; Liu et al., 2024; Sun et al.,
2024a;b). By leveraging explicit labels, supervised methods
can construct more discriminative hash codes that better
reflect semantic similarities. However, the robustness of
these methods in real-world scenarios is frequently under-
mined by imperfect supervision. In particular, label noise
can severely corrupt the construction of similarity structures
and exacerbate the quantization-related mismatch between
continuous features and discrete codes.

To address this challenge, a series of noise-robust CMH
methods have been developed (Wang et al., 2021; Yang et al.,
2022; Wang et al., 2024; Pu et al., 2025c; Shu et al., 2024,
Su et al., 2026b), often informed by broader research into
noisy cross-modal learning beyond the hashing paradigm
(Yang et al., 2025; Gan et al., 2024). Many of these ap-
proaches, however, hinge on hard sample separation (e.g.,
partitioning samples into clean versus noisy) or heuristic
supervision reconstruction. In the early stages of training
when representations have not yet converged, such hard de-
cisions are easily perturbed and may become confounded,
potentially propagating and accumulating errors during iter-
ative optimization. Motivated by this, label smoothing has

been introduced to relax hard one-hot labels into real-valued
targets, but inevitably weakens the original discriminative
information (Xu et al., 2022; Huang et al., 2024).

However, both paradigms fail to explicitly assess whether
noisy labels provide reliable support or exclusion for a given
category during representation learning. How to extract reli-
able discriminative supervision from noisy labels remains
underexplored, motivating us to revisit noise-robust cross-
modal hashing through the lens of fuzzy set theory.

3. Method

3.1. Problem Formulation

To enhance clarity, we first introduce the fundamental def-
initions and notations for cross-modal hashing with noisy

labels. Let D = {({xf‘}%:l,yi)}il denote a multi-
modal dataset containing /V instances from M modalities.
Specifically, x[* represents the feature vector of the m-
th modality for the i-th instance. In a bi-modal scenario,
m = 1 and m = 2 correspond to image and text modalities,
respectively. The associated label matrix is denoted as Y =
[y1,-..,yn] | € RVXK where K is the number of cate-
gories. Eachy; € {0, 1} is a potentially noisy label vector:
yi, = 1 if instance 7 belongs to category k, and 0 otherwise.
For notational convenience, let ¢; = arg max;c(1,... 3 ¥Yij
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denote the index of the annotated category for instance %.
Cross-modal hashing aims to learn modality-specific hash
functions H™(-; ©™), parameterized by ©"*, which map
heterogeneous data into a shared L-bit Hamming space.
During training, since directly optimizing discrete binary
codes is NP-hard (Shen et al., 2015; Huo et al., 2024),
we adopt a continuous relaxation and compute a binary-
like representation via h!" = tanh(H™(x;©™)). We
further />-normalize h}" to obtain the shared representa-
tion z;", which is employed in subsequent objective func-
tions. At inference, the final binary code is obtained as
b = sign(H™(x[";©™)) € {—1,1}*, where L denotes
the code length.

3.2. Fuzzy Admissibility Refinement

Existing methods (Pu et al., 2025a) predominantly rely on
deterministic point estimation, which inevitably leads to
overconfident predictions on a certain class. In the presence
of noisy labels, such overconfidence drives the model to
overfit to erroneous supervision, thereby severely jeopardiz-
ing representation learning. To mitigate this, inspired by
fuzzy set theory (Zadeh, 1965), we propose the Fuzzy Ad-
missibility Refinement (FAR). FAR characterizes semantic
conflicts arising from misannotations and multi-semantic
ambiguity by leveraging the inherent capability of fuzzy
logic, thereby effectively dampening the detrimental impact
of label noise. Specifically, for a given sample x;*, we
first employ a possibility collection layer P(:) € REXK
to estimate its possibility degrees across categories. This
process can be formulated as p* = {p},p2,...,pl%} =
o(P(z™)), where o(-) is the sigmoid activation function.
Then, since a high possibility score does not necessarily
imply semantic exclusivity (Duan et al., 2025b;a), the possi-
bility measure alone is insufficient to assess supervision reli-
ability under noisy annotations. For this issue, we introduce
a label-aware necessity measure that explicitly accounts for
category exclusiveness and enhances the reliability of super-
vision. For a sample z7", its necessity measure with respect
to category k is defined as follows:
m )1 —max;zppi;, ik =1,
ik = {p% yir =0, )

where p;’; denotes the possibility degree of the sample z;"
to category j. Under this measure, the necessity for a label-
indicated category quantifies its semantic exclusivity against
all alternatives, whereas the necessity for a non-label cat-
egory reflects the dominance of the labeled category. For
the target category, we incorporate n; into the admissi-
bility modeling in a weighted manner. To prevent over-
suppression of the correct category under noisy annotations,
we aggregate the necessity signals from the top-x non-target
categories to form a robust necessity estimate for modeling
semantic interference. Thus, the admissibility score a]} is

defined as:
pikl':_mik ifyin =1,
m K
Qi = 2
Y e
- 2 - if Yik = Oa

where a7 quantifies the extent to which the semantic signal
for category k remains acceptable under semantic exclusiv-
ity constraints. Since deep models prioritize clean/simple
samples in the initial training phase (Liu et al., 2020), we
directly align the admissibility scores with annotations to
warm up the model, thereby obtaining a reliable admissibil-
ity distribution. The objective is defined as:

N
1 m 2
Lrar = > >l —vills- 3

me{1,2} i=1

After completion of the warm-up stage, a reasonably reli-
able admissibility distribution could be obtained. Entering
the fine-tuning stage, we build on this foundation to exploit
the label-induced dominance structure encoded within the
admissibility scores. This strategy regulates the supervision
signal, thereby effectively alleviating the detrimental im-
pact of noisy annotations. Specifically, for each instance ¢,
let al* = {a},...,alk} denote its category-wise admis-
sibility scores under modality m. To synthesize a unified
semantics, we first integrate the admissibility information
across modalities by computing the cross-modal average:
a; = %(a} + af). Subsequently, to evaluate the consis-
tency between the label-induced dominance structure and
the learned cross-modal semantics, we formulate a reliabil-

ity weight w; as follows:

w; = of(a;, — max d; — 8)/7), 4)

where J controls the conservativeness of reliability estima-
tion, and 7 is a temperature parameter. To explicitly deter-
mine whether a pair of instances should be pulled together
or pushed apart in the shared semantic space, we define the

thoti=t Finally,
_17 ti 7& t7 )
incorporating the reliability weights derived above, we im-
pose a reliability-weighted margin constraint to facilitate
robust representation learning:

discrimination indicator as: (;; =

Lisg = min(w;,w)) max(0, y — G;(z}) " 22), (5)
i#j

where ~y is the predefined margin.

3.3. Dual-Granularity Structural Alignment

The basic goal of cross-modal retrieval is to bridge the inher-
ent heterogeneity gap and effectively distinguish inter-class
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samples. To carry this out, we propose the Dual-Granularity
Structural Alignment (DGSA) module to simultaneously
enhance the consistency of multimodal representations and
augment inter-class discriminability. The DGSA module
comprises two key components: intra-instance contrast and
inter-instance contrast. Specifically, the intra-instance con-
trast component focuses on reinforcing multimodal consis-
tency. It treats paired representations of the same instance
as positives and the remaining instances as negatives (Chen
et al., 2020; He et al., 2020), aiming to maximize the mutual
information between positive pairs (Hu et al., 2021). To
implement this, we first define the matching probabilities
for the two retrieval directions as follows:

ST exp(Sii/T) pT2 exp(Sii/T) ©)
Y Yesexp(Siu/T)T T X cpexp(Sii/T)

where S;; denotes the cosine similarity between the i-th
image and the j-th text, and 7 is the temperature parameter.
However, using the standard log-loss — log p;; to optimize
near-binary hashing representations can be unstable. When
the predicted probability is small, the gradient of the log-
loss grows rapidly, leading to excessively large updates for
poorly aligned pairs. To alleviate this issue, we replace the
log-loss with a g-contrastive surrogate:

B

L= 2 0(01). ) = C=0U=D 4 ga-p), ()

where ¢ € (0, 1]. For this surrogate, as p — 0%, its gra-
dient grows strictly slower than —1/p. Consequently, op-
timization is primarily driven by moderately aligned pairs,
and extremely low-probability pairs no longer dominate the
training dynamics, leading to more stable representations.

The inter-instance contrast component is to enlarge the sep-
aration between distinct instances by emphasizing margin-
violating negatives. Specifically, for each anchor instance
(x},22), we enforce a strict constraint where the similarity
S;i is encouraged to exceed any mismatched similarity by
a margin v, i.e., Sj; > S;; + «y for all j # 4. To suppress
easy negatives that already satisfy this constraint, we de-
fine a penalized similarity cost for each retrieval direction

v € {I2T, T2I} as:

9. .
cv. =7
" {S,-j — A,

where A is a relaxation term that downweights easy nega-
tives. For the T2I direction, S;; is replaced by S;; accord-
ingly. Based on the penalized similarities, we aggregate
competing negatives via a Log-Sum-Exp (LSE) formulation
as follows:

N
‘ciunter = % Z |:_S” + 7 lOg (Z eXP(C:JJ/T)> + 'Y:| . (9)
i=1

J#i

if Si; > Sii — 7,
otherwise,

®

Algorithm 1 Optimization Procedure of RFCMH

1: Input: Training data D, batch size B, epochs N,
warm-up epoch ¢,,, hyper-parameters o, s, 6, 7, g, v, A.

2: Output: Optimized parameters ©', ©2,

3: fort =1to N, do

4:  Sample a mini-batch {(x},x7,y;)}2 ;.

5:  Compute representations z” = H™(x]"), m €
{1,2}.

6:  Compute similarities S;; = (z;) ' z7.

7. Compute possibility p;", necessity n;},, and admissi-
bility al} (i.e., Eq. (1)).

8: ift <t, then

9: Compute Lrar (i.e., Eq. (3)) and L}, (.e.,
Eq. (7)).

10: Liotal < Lrar + Zv E?ntm‘

11:  else

12: Compute reliability w; (i.e., Eq. (4)).

13: Compute LTFAR (i.e., Eq. (5)) and Lpgsa (.e.,
Eq. (10)).

14: Liotal < /JTFAR + alpgsa-

15:  endif

16:  Update ©', ©2 by minimizing L;a1.

17: end for

By emphasizing margin-violating negatives, L}, , .. explic-
itly enlarges inter-instance separation and complements the
diagonal alignment enforced by L/, The overall DGSA

intra*
objective is given by:

Locsa= Y.

ve{I2T,T21}

( fntra + ‘C?ntcr) . (10)

Notably, the intra-instance contrast item (L}, . ) is applied
throughout both the warm-up and fine-tuning stages to main-
tain fundamental cross-modal consistency. In contrast, the
inter-instance contrast (L, ..) is just applied in the fine-
tuning stage as it needs reliable discrimination boundaries.

3.4. Optimization Strategy

By integrating the aforementioned losses, the overall objec-
tive of RFCMH is formulated as:

t<tp,

L:FAR + a‘cin ras
Liotal = { : . (11)
§ )

EI%AR + alpesa,

where ¢ is the current training epoch, t,, is the warm-up
epoch, and « is a hyperparameter. Finally, the proposed
RFCMH minimizes the overall objective in Equation 11 to
optimize network parameters in a batch-by-batch manner
using gradient descent. The overall training procedure is
summarized in Algorithm 1, with implementation settings
provided in Section 4.3.
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4. Experiment
4.1. Datasets

To verify the effectiveness of RFCMH, we conduct exten-
sive experiments on three widely used datasets, i.e., XMe-
dia (Peng et al., 2015), INRIA-Websearch (Krapac et al.,
2010), and XMediaNet (Peng et al., 2018). We follow the
dataset partitioning protocol of RSHNL (Pu et al., 2025c¢)
for a fair comparison. Statistics of the three datasets are
summarized in Tab 1, and more details of these datasets are
provided in Appendix B due to space limitations.

4.2. Experimental Setup

To evaluate the performance of RFCMH and the compared
methods, we conduct two common cross-modal retrieval
tasks, i.e., image-to-text (I2T) and text-to-image (T2I). Simi-
lar to (Liu et al., 2026b;a), we adopt Mean Average Precision
(mAP) to evaluate retrieval performance, which is a widely
used evaluation metric. To comprehensively assess robust-
ness, we consider symmetric label noise with different rates
(i.e.,0.2,0.4, 0.6, and 0.8), and report results with hash code
lengths of 16, 32, 64, and 128 bits.

Table 1. Statistics of the experimental datasets.

Feature
4,096-d CNN

Datasets Modality Instances (Train / Val / Test)

4,000/ 500 / 500

XMedia Image

Text 400075007300 3,000-d Bow
. Image 9,000/ 1,33274,366 4,096-d CNN
INRIA-Websearch 8 9000/ 1,332 / 4366 1,000-d BoW
- Tmage 32,000/4,000/ 4,000 4,096-d CNN
XMediaNet Text 32,000/ 4,000/4,000  300-d Doc2Vec

4.3. Implementation Details

All experiments are implemented in PyTorch and are con-
ducted on a single NVIDIA GeForce RTX 4090 GPU.
During training, we optimize the networks using Adam
(Kingma, 2014) with 8, = 0.9, B> = 0.999, and a weight
decay of 1 x 10~*. The random seed is fixed at 10 for
all experiments. Unless otherwise specified, we train the
model for a maximum of 150 epochs with a mini-batch size
of 64 and set the learning rate to 1 x 10~%. Specifically,
the modality-specific encoders (ImgNN and TextNN) both
adopt a 3-layer Multi-Layer Perceptron (MLP) architec-
ture with two hidden layers of 4096 units and an output
dimension of L bits. For the proposed DGSA module, the
temperature parameter is set to 7 = 0.7 and the robustness
parameter in the g-contrastive objective is set to ¢ = 0.01.
The margin hyper-parameter + is fixed at 0.2, and the re-
laxation term A for easy-negative downweighting is set to
1.0. For the reliability weight w;, the conservative threshold
d is set to 0.05. We adopt a progressive optimization strat-
egy with the warmup switch epoch ¢, = 3. All baselines
are implemented using their released source code and are
evaluated under the same retrieval protocol.

4.4. Compared Methods

For a comprehensive comparison, we adopt the following
baselines. (1) General baselines include HMAH (Tan et al.,
2022), MIAN (Zhang et al., 2022b), WASH (Zhang et al.,
2022a), HCCH (Sun et al., 2023), and DECH (Li et al.,
2025b). (2) Noise-robust baselines include CMMQ (Yang
et al., 2022), DHRL (Shu et al., 2024), DHaPH (Huo et al.,
2024), NRCH (Wang et al., 2024), NACD (Su et al., 2026b),
RSHNL (Pu et al., 2025¢), and SCBCH (Peng et al., 2025).

4.5. Comparison with State-of-the-Art Methods

The mAP results are reported in Tables 2 to 4. Besides,
we plot precision-recall curves with 16 and 128 bits on the
INRIA-Websearch dataset in Fig 3. From these results, the
following key observations can be drawn:

* In low-noise scenarios, many methods exhibit strong
performance. In this regime, we believe that the ob-
served performance differences are mainly attributed
to the quality of structural alignment, since the su-
pervision is largely reliable and can sufficiently guide
discriminative learning.

* As noise rates escalate, the performance of most exist-
ing methods deteriorates precipitously. In contrast, our
proposed RFCMH achieves stable performance. This
is because the FAR module effectively suppresses inter-
ference arising from erroneous categories by integrat-
ing both possibility and necessity measures, thereby
enabling the extraction of reliable supervisory seman-
tics even in highly noisy environments.

* Sample selection strategies often falter under condi-
tions of high semantic complexity, falling behind even
general baselines on datasets with a large number of
categories (e.g., XMediaNet with 200 classes, as evi-
denced by the performance gap between NRCH and
DECH). This phenomenon may stem from the fact that
hard separation becomes brittle when semantic bound-
aries are ambiguous; the distinction between clean and
noisy supervision blurs, and filtering risks discarding
informative yet uncertain samples.

* As shown in the precision-recall curves, our proposed
RFCMH consistently achieves superior precision at the
same recall levels compared to SOTA methods, further
indicating the effectiveness of RFCMH.

e In general, benefiting from the synergistic integra-
tion of the Fuzzy Admissibility Refinement (FAR)
and Dual-Granularity Structural Alignment (DGSA),
RFCMH effectively extracts reliable supervisory sig-
nals from noisy annotations while ensuring sta-
ble heterogeneous data alignment. Consequently,
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Table 2. The mAP scores with different bit lengths on the Xmedia dataset under different noise rates. The best results are highlighted in

boldface and the second-best are underlined.

Noise 0.4 0.8
Task | Method Ref. 16 32 64 128 | 16 2 64 128 | 16 32 64 128 | 16 32 64 128
HMAH TMM22 | 787 844 867 882 | 550 651 714 746 | 223 298 335 376 | 87 96 107 107
WASH | TKDE23 | 807 859 871 877 | 756 794 813 821 | 448 538 574 596 | 139 163 172 192
MIAN TKDE23 | 181 296 345 354 | 124 162 177 162 | 107 99 115 111 | 76 77 71 80
HCCH TMM24 | 71.1 819 821 844 | 7.6 768 782 806 | 603 615 615 725 | 263 412 411 485
DECH AAAI'25 69 764 811 816 | 78 560 600 683 | 65 272 313 387 | 63 84 116 197
pr | CMMQ | CVPR22 | 866 879 874 866 | 748 774 745 720 | 515 438 389 387 | 183 185 137 126
DHRL TBD 24 1.0 393 867 905 | 99 660 842 866 | 94 377 696 744 | 66 89 376 438
DHaPH | TKDE?24 | 793 849 869 886 | 69.6 782 826 846 | 523 660 728 798 | 427 483  60.6 702
NRCH MM™24 838 851 831 842 | 807 822 8.1 860 | 769 815 818 842 | 765 793 803 822
NACD | NewlPS'25 | 81.8 853 87.6 872 | 784 853 869 863 | 786 845 851 846 | 751 827 834 843
RSHNL | AAAI'25 | 895 90.0 909 908 | 897 902 91.1 898 | 83.0 877 889 884 | 817 88.1 87.6 84.7
SCBCH | AAAI'26 | 346 744 805 855 | 334 669 812 848 | 386 751 818 83.1 | 297 677 719 834
RECMH Ours 895 914 922 913 | 898 907 914 907 | 893 901 905 912 | 881 897 899 902
HMAH TMM22 | 774 840 859 880 | 532 650 710 739 | 231 305 341 389 | 89 100 115 114
WASH | TKDE23 | 816 860 869 883 | 750 787 813 821 | 446 536 567 594 | 143 167 173 194
MIAN TKDE23 | 155 221 285 290 | 11.0 143 162 150 | 86 96 109 107 | 70 73 70 77
HCCH TMM24 | 69.5 807 80.0 840 | 700 757 767 800 | 581 602 585 726 | 262 408 412 482
DECH AAAI'25 81 736 799 807 | 81 557 57.8 657 | 93 285 344 370 | 61 84 115 236
p | CMMQ | CVPR22 | 851 834 820 782 | 708 744 676 644 | 452 360 332 435 | 144 140 132 102
DHRL TBD 24 106 381 8.5 910 | 100 655 835 865 | 107 393 686 721 | 82 83 399 455
DHaPH | TKDE?24 | 789 849 882 898 | 695 779 839 860 | SIS 649 729 807 | 423 492 600 709
NRCH MM™24 839 844 835 824 | 811 826 8.8 851 | 772 8L1 816 832 | 779 797 7198 822
NACD | NewlPS'25 | 814 855 885 886 | 80.1 840 874 870 | 77.9 849 860 861 | 756 820 842 852
RSHNL | AAAI25 | 865 894 910 90.6 | 874 902 903 903 | 82.6 874 889 888 | 797 868 867 853
SCBCH | AAAI'26 | 361 756 851 865 | 334 669 858 863 | 384 758 840 848 | 324 719 807 85.1
RECMH Ours 876 893 911 911 | 878 895 905 914 | 877 888 898 910 | 861 891 889 896

our RFCMH achieves superior retrieval performance
across varying noise rates. To further support the gen-
erality of RFCMH, we additionally provide supplemen-
tary results under the clean setting in Appendix C.

4.6. Ablation Study

To validate the contribution of individual components, we
conduct an ablation study under the 0.6 noise rate, reporting
the mean mAP for both I2T and T2I retrieval in Table 5. We
compare the full model against four variants: RFCMH-1
(without warmup), RFCMH-2 (without Lgar), RFCMH-
3 (without Lpgsa), and RFCMH-4 (without the necessity
component in FAR). All variants share identical training
protocols for fair comparison. The results demonstrate that
the full RFCMH achieves superior performance, confirming
the synergistic efficacy of the proposed components: (1)
The performance drop in RFCMH-1 highlights the criti-
cal role of warmup in stabilizing optimization during early
training stages, particularly when representations are uncon-
verged under heavy noise. (2) The degradation observed in
RFCMH-2 validates the necessity of Lragr for generating
reliable soft supervision signals to guide learning. (3) The
lower mAP of RFCMH-3 confirms that Lpgsa is essential
for preserving cross-modal structural alignment and enhanc-
ing inter-instance discriminability in the Hamming space.
(4) The decline in RFCMH-4 indicates that the necessity
component is vital for refining supervision quality, further
stabilizing performance under severe noise. Overall, the
ablation results confirm that the proposed components are

complementary and jointly enable stable retrieval.

4.7. Robustness Study

To study the robustness of our RFCMH, we conduct compar-
isons with three baselines (i.e., RSHNL, NRCH, and DECH)
in terms of mAP versus training epochs. As shown in Fig 4,
under the clean setting, different methods exhibit compa-
rable trends. When the noise rate increases to n = 0.6,
the gap becomes evident: DECH shows an initial improve-
ment followed by a subsequent degradation, suggesting
late-stage overfitting to noisy supervision, whereas RFCMH
and RSHNL remain substantially more stable. Meanwhile,
RFCMH attains a higher validation mAP earlier in train-
ing and continues to improve steadily thereafter, implying
that the warmup strategy together with fuzzy learning helps
establish reliable soft supervision in the early stage and
facilitates robust convergence under high-noise settings.

4.8. Parameter Analysis

To investigate the sensitivity of two hyperparameters (i.e.,
« and k), we conduct experiments with 128-bit codes on
the INRIA-Websearch dataset. Specifically, we vary one pa-
rameter with different values while keeping the other fixed
to evaluate its individual impact on retrieval performance.
(1) As shown in Fig. 5(a), RFCMH is sensitive to a: the
performance peaks at a small value (around oo = 0.1) and
drops noticeably when « increases beyond this range, sug-
gesting that overly large o over-emphasizes the structural
alignment term. (2) Fig. 5(b) shows that the mAP increases
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Table 3. The mAP scores with different bit lengths on the INRIA-Websearch dataset under different noise rates. The best results are
highlighted in boldface and the second-best are underlined.

Task | Method Noise 02 04 08
Ref. 6 32 64 128 | 16 32 64 128 | 16 32 64 128 | 16 32 64 128

HAMAH TMM22 | 264 345 398 421 | 190 283 344 384 | 103 175 241 290 | 52 83 134 182
WASH | TKDE?23 | 315 380 435 462 | 262 330 385 421 | 169 221 279 315 | 47 75 109 137
MIAN TKDE?23 | 27 27 22 28 | 27 17 28 28 | 28 24 17 17 | 28 23 18 14
HCCH TMM24 | 118 205 285 376 | 88 131 219 339 | 54 83 128 222 | 33 32 55 102
DECH AAAI25 | 252 363 388 463 | 118 176 217 286 | 19 53 70 102 | 14 21 26 30

pr | CMMQ | CVPR22 | 3L1 355 383 396 | 278 321 344 358 | 170 212 279 304 | 41 39 116 938
DHRL TBD’24 28 42 336 338 | 26 28 238 243 | 27 27 126 83 | 28 30 49 62
DHaPH | TKDE?24 | 240 328 395 443 | 223 293 370 420 | 199 281 347 398 | 195 261 336 385
NRCH MM*24 314 388 401 412 | 313 371 395 414 | 313 368 391 410 | 307 366 387 405
NACD | NewlPS'25 | 29.6 345 386 407 | 287 345 384 404 | 281 340 379 398 | 296 339 380 394
RSHNL | AAAI25 | 393 480 519 524 | 379 458 503 516 | 312 383 476 490 | 283 382 418 429
SCBCH | AAAI'26 | 67 200 286 405 | 51 114 314 386 | 58 147 350 355 | 50 223 298 361
RECMH Ours 462 519 545 552 | 459 512 534 547 | 432 497 533 549 | 412 477 506 520
HMAH TMM22 | 250 345 408 439 | 182 283 349 397 | 99 171 244 294 | 47 79 131 177
WASH | TKDE23 | 308 384 448 478 | 251 327 393 433 | 158 217 278 319 | 42 72 106 133
MIAN TKDE’23 12 12 12 12 | 12 12 12 12 | 12 12 12 12 | 12 12 12 12
HCCH TMM24 | 127 236 350 425 | 94 170 294 390 | 59 108 197 293 | 30 36 71 131
DECH AAAT25 | 267 398 464 496 | 119 186 236 291 | 19 58 87 116 | 16 21 27 30

o | CMMQ | CVPR22 | 314 366 385 390 | 273 323 345 341 | 162 206 273 304 | 43 34 107 85
DHRL TBD’24 27 42 323 337 | 27 26 235 240 | 28 26 132 77 | 27 29 48 71
DHaPH | TKDE?24 | 224 328 407 457 | 210 293 376 431 | 186 284 354 408 | 186 256 338 395

NRCH MM*24 304 398 414 432 | 308 378 406 427 | 31.0 372 404 420 | 298 372 396 419
NACD | NewlPS'25 | 283 353 396 416 | 27.6 350 392 41.1 | 268 344 386 407 | 278 341 387 404
RSHNL AAAI'25 382 479 521 533 | 362 459 503 523 | 302 377 479 498 | 307 380 420 429
SCBCH | AAAI'26 | 65 215 299 429 | 54 115 316 368 | 54 155 351 368 | 58 232 320 375
RECMH Ours 451 508 545 556 | 451 509 537 552 | 426 495 527 560 | 391 470 508 519

Table 4. The mAP scores with different bit lengths on the XMediaNet dataset under different

in boldface and the second-best are underlined.

noise rates. The best results are highlighted

Task Method Noise 0.2 0.4 0.8
Ref. 16 32 64 128 16 32 64 128 16 32 64 128 16 32 64 128
HMAH TMM’22 2.9 3.6 5.9 10.9 1.3 1.5 1.9 39 1.0 1.0 1.3 2.2 1.0 1.1 1.3 1.7
WASH TKDE’23 8.0 15.1 242 340 7.0 13.1 212 30.6 4.9 8.5 144 218 2.0 3.1 4.7 6.9
MIAN TKDE’23 0.8 1.5 1.8 2.5 0.8 1.2 1.3 1.8 0.7 0.9 1.0 1.2 0.7 0.8 0.8 0.9
HCCH TMM’24 1.6 2.0 4.8 15.0 14 1.5 34 12.1 1.3 14 2.2 5.8 0.8 0.9 1.1 1.9
DECH AAATI'25 1.2 363 432 315 1.0 7.7 237 304 0.8 3.0 23.1 30.6 0.8 2.0 229 327
CMMQ CVPR’22 / / / / / / / / / / / / / / / /
12T DHRL TBD’24 0.7 0.7 0.9 15.2 0.7 0.7 1.0 13.2 0.7 0.7 2.7 6.3 0.7 0.7 0.7 1.3
DHaPH TKDE’24 9.8 159 234 285 9.1 158 226 276 9.2 15.1 219 275 8.8 152 215 273
NRCH MM’ 24 9.5 14.2 175 203 9.1 13.7 172 203 8.9 13.2 16.7 19.7 8.5 13.2 16.4 19.5
NACD NeurIPS’25 2.0 6.9 7.9 7.8 1.9 6.7 8.0 7.7 1.6 6.7 8.4 7.6 1.0 6.6 7.7 7.6
RSHNL AAAT'25 353 435 475 486 | 355 421 47.0 458 | 332 418 462 450 | 282 39.6 449 389
SCBCH AAATI'26 3.8 11.4 163  28.0 0.7 8.3 144 250 0.7 7.5 17.8 246 0.7 10.1 15.1 26.8
RFCMH Ours 409 544 527 557 | 412 505 523 545 | 395 495 533 542 | 302 489 504 54.0
HMAH TMM’22 35 4.4 6.6 12.1 1.6 1.8 23 4.4 1.1 1.2 1.5 2.5 1.0 1.2 1.4 1.8
WASH TKDE’23 10.3 173 258 355 8.9 152 228 322 6.3 10.2 159 234 24 3.6 5.4 7.8
MIAN TKDE’23 0.8 1.2 1.2 1.8 0.7 1.0 1.0 1.3 0.7 0.8 0.8 1.0 0.7 0.7 0.7 0.8
HCCH TMM’24 1.8 1.5 2.1 9.0 1.4 1.2 1.7 12.1 1.5 1.1 1.3 1.8 0.8 0.9 1.0 1.2
DECH AAAT'25 1.6 162 23.1 34.5 1.0 8.9 247 319 0.8 3.6 239 327 0.8 2.3 235 341
CMMQ CVPR’22 / / / / / / / / / / / / / / / /
T21 DHRL TBD’24 0.7 0.8 0.9 19.8 0.8 0.9 1.0 15.1 0.7 0.8 3.1 8.7 0.8 0.8 0.8 1.5
DHaPH TKDE’24 11.0 180 263 326 10.5 173 253 31.6 10.3 168 248 312 9.6 17.1 240  30.7
NRCH MM’ 24 10.6 16.2  20.1 23.6 10.4 15.5 19.5 237 10.1 14.9 19.0 228 9.6 14.8 185 227
NACD NeurIPS’25 2.1 7.9 9.9 10.1 2.0 7.8 10.0 10.0 1.7 7.8 10.0 10.0 1.8 7.7 9.9 10.0
RSHNL AAAI'25 353 425 465 478 | 350 416 469 466 | 333 413 464 461 | 293 399 451 406
SCBCH AAATI'26 33 9.9 154 276 0.7 7.0 14.1 24.6 0.7 44 17.4 247 0.7 9.5 145  26.6
RFCMH Ours 40.6 539 532 552 | 408 505 545 552 | 389 495 537 549 | 320 492 512 541

rapidly when x moves from 0 to 1 and then remains nearly
unchanged for larger «, with the best performance achieved
around k € [3,4]. This trend supports the effectiveness of
FAR in suppressing semantic interference and constructing
robust necessity through the possibility—necessity duality.
Compared with using admissibility derived solely from pos-
sibility scores (i.e., k = 0), incorporating necessity-aware

interference suppression (i.e., = 1) produces a clear gain
by enforcing the label-induced dominance structure between
the target category and its competitors. Moreover, under
noisy supervision, increasing & strengthens the contribution
of the aggregated top-x non-target necessity in admissibil-
ity, which smooths semantic interference and alleviates the
over-suppression of the true category.
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Figure 3. Precision—recall curves with different bit lengths on the INRIA-Websearch dataset under a noise rate of 0.8.

Table 5. Ablation study under the 0.6 noise rate.

Datasets XMedia XMediaNet INRIA-Websearch
Metho Bit 16 32 64 128 Sum 16 32 64 128 Sum 16 32 64 128 Sum
RFCMH-1 87.6 88.5 898 89.8 3557 | 36.6 448 484 503 180.1 427 470 492 482 187.1
RFCMH-2 859 883 89.6 894 3532 | 285 494 529 533 184.1 38.8 433 440 419 168.0
RFCMH-3 369 414 524 647 1954 1.1 5.6 10.8 204 37.9 9.9 154 241 29.6 79.0
RFCMH-4 87.7 887 894 899 3557 | 38,5 489 525 549 1948 | 429 475 494 482 188.0
RFCMH (Ours) 885 895 90.2 911 3593 | 39.2 495 535 546 1968 | 429 496 53.0 555 201.0
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Figure 4. Mean validation mAP scores with 128-bit hash codes on
the INRIA-Websearch dataset under different noise rates 7.
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Figure 5. Parameter analysis on the INRIA-Websearch dataset
under noise rate n = 0.8.

4.9. -SNE Visualization

We employ t-SNE to visualize the feature embeddings of
the INRIA-Websearch dataset under the 0.6 noise rate, as
shown in Fig. 6. The results demonstrate: (1) Distinct se-
mantic categories occupy separate regions, indicating that
both NRCH and RFCMH successfully capture discrimina-
tive information. (2) Crucially, we visualize the separation
of samples identified as noisy versus clean. In NRCH, sam-
ples assigned to the noisy cluster suffer from clustering
collapse, aggregating into a dense, indistinguishable region.
In contrast, RFCMH exhibits no such collapse; it maintains
clear structural separation even for uncertain samples. This
phenomenon further corroborates the robustness of RFCMH

(a) NRCH

Figure 6. t-SNE visualization of training representations on INRIA-
Websearch.

(b) Ours

in learning discriminative representations under noisy super-
vision.

5. Conclusion

In this paper, we propose a novel Robust Fuzzy Cross-modal
Hashing (RFCMH) framework to address the challenge
of noisy supervision. RFCMH consists of two key mod-
ules: Fuzzy Admissibility Refinement (FAR) and Dual-
Granularity Structural Alignment (DGSA). Specifically,
FAR couples category-wise possibility estimates with label-
aware necessity to derive an admissibility distribution with
explicit semantic exclusion, enabling reliable supervision
refinement. DGSA enhances robustness by jointly enforcing
intra-instance cross-modal consistency and discriminative
separation with stabilized contrastive objectives on near-
binary representations, thereby preserving a well-structured
embedding geometry in the shared Hamming space. Ex-
periments on multiple benchmarks and code lengths under
different noise rates show RFCMH consistently outperforms
strong baselines in noisy settings, with particularly pro-
nounced gains at high noise levels.
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APPENDIX

This document provides supplementary materials, including theoretical foundations, experimental protocols, and extensive
empirical evaluations, to support the findings of the main paper. The contents are organized as follows:

* Appendix A: Theoretical Derivations and Proofs. In this section, we provide the complete mathematical foundations
for the propositions and loss functions introduced in Section 3. This includes, but is not limited to, gradient analysis
and consistency proofs for our robust alignment objectives.

* Appendix B: Experimental Details. In this section, we provide additional experimental details for the feature
extraction protocols, compared baselines, and implementation settings used in our experiments.

* Appendix C: Extended Empirical Results and Analysis. We present a broad range of supplementary experiments to
further validate our method. This includes detailed ablation studies across various components, parameter sensitivity
investigations, and qualitative visualizations of the cross-modal retrieval process.

¢ Appendix D: Limitations and Future Work. We provide a critical discussion of the current limitations of our
approach and outline potential directions for future research.

A. Theoretical Derivations and Proofs
A.1. Gradient Robustness of the Intra-instance g-Contrastive Objective

Proposition A.1. The gradient of the proposed intra-instance loss L, .. grows asymptotically slower than that of the

standard cross-entropy loss used in InfoNCE, thereby suppressing the influence of outliers.

Proof. Without loss of generality, let p denote the probability of a positive cross-modal pair being correctly identified, as
defined in Equation (7). The individual loss for a single instance is

(p) = W Lql-p),  qe (o1l (12)

The first-order derivative with respect to p is

— == (") —q
dp q (13)
=—(1-gp" "' —¢
In contrast, the cross-entropy form of the InfoNCE objective is given by ¢..(p) = — log p, whose gradient is
dl 1
dheelp) _ 1 (14)
dp p

When an instance corresponds to a hard or noisy cross-modal pair, the predicted probability p approaches 0. As p — 0,

dlce (p)
P

1. lim, o ‘T = 00, indicating that extremely small probabilities can generate disproportionately large gradients.

2. For the proposed g-loss, since ¢ € (0, 1], the gradient magnitude is governed by p?~1 = 1/p*~9, which grows strictly
slower than 1/p because 1 — ¢ < 1.

3. In the special case ¢ = 1, the gradient reduces to the constant —1, which is bounded for all p.

Therefore, the formulation in Equation (7) reduces the optimization dominance of extremely small-p outliers and suppresses
the influence of unreliable cross-modal matches, leading to more stable representation learning. O
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Table 6. The mAP scores with different bit lengths on three datasets. The best results are highlighted in boldface and the second-best are
underlined. The column Sum indicates the total score of all hash lengths.
Datasets Xmedia INRIA-Websearch XmediaNet

Ref. 16 32 64 128  Sum 16 32 64 128 Sum 16 32 64 128 Sum
WASH TKDE’23 | 88.2 874 89.8 90.0 3554 | 334 40.1 456 480 167.1 | 86 163 249 355 853
HCCH T™™M’24 | 79.1 782 520 775 286.8 | 142 21.7 31.6 307 982 | 22 33 68 186 309
HMAH TMM’22 86.0 89.2 90.0 903 3555|336 43.1 47.6 462 1705 | 7.8 13.0 185 257 650
CMMQ CVPR’22 | 81.6 86.0 90.1 903 348.0 | 32.1 324 46.0 487 1592 | 32 38 79 176 325
DHRL TBD’24 654 752 832 845 3083 | 2.7 35 378 431 87.1 1.1 20.1 260 341 813
DHaPH TKDE’24 | 88.1 904 91.8 93.2 3635|248 343 412 458 146.1 | 6.1 107 163 225 556

Task | Method

BT RSHNL AAAI'25 | 905 912 923 919 3659 | 362 452 500 519 1833|324 414 476 486 170.0
DECH AAAT25 | 855 89.7 909 91.8 3579 | 309 445 50.1 52.0 1775 ] 69 251 423 499 1242
NRCH MM’24 86.5 89.5 90.1 912 3573|306 37.0 40.7 46.1 1544 | 74 129 167 187 557
NACD | NeurIPS’25 | 852 894 909 90.7 3562 | 29.0 351 391 410 1442 | 21 75 89 123 308
SCBCH AAAT’'26 | 413 679 829 823 2744 | 58 185 319 426 988 1.1 58 136 235 440
RFCMH Ours 902 91.3 92.1 914 365.0 | 484 52.0 54.0 558 210.2 | 43.7 555 559 56.0 211.1
WASH TKDE’23 | 87.4 884 89.0 89.2 3540|325 412 476 505 171.8 | 107 18.6 268 368 929
HCCH T™MM’24 | 79.7 774 568 745 2884 | 132 249 375 267 1023 | 25 24 38 159 246
HMAH TMM’22 853 889 89.6 90.5 3543 | 333 443 49.6 482 1754 | 9.1 145 200 272 708
CMMQ CVPR’22 | 741 804 90.6 90.6 3357|309 304 486 516 1615 | 47 62 104 202 415
DHRL TBD’24 65.0 787 83.6 852 3125| 29 2.6 383 442 880 1.0 187 259 336 792
oI DHaPH | TKDE’24 | 89.5 91.6 91.8 924 3653 |23.6 345 427 472 1480 | 6.6 11.6 176 240 5938

RSHNL AAAT25 | 889 90.5 916 919 3629 | 35,6 457 51.1 535 1859 | 333 41.6 477 493 1719
DECH AAAI'25 | 82.0 88.8 905 90.8 352.1 | 300 448 520 533 180.1 | 9.6 263 428 51.1 1298
NRCH MM’24 87.7 899 90.0 902 3578 | 319 357 370 400 1446 | 63 106 151 169 489
NACD | NeurIPS’25 | 84.1 89.1 O91.1 913 3556 | 27.3 358 40.0 420 1451 | 2.1 83 102 134 340
SCBCH AAAI'26 | 333 714 865 864 2776 | 7.0 189 340 458 1057 | 1.2 62 125 233 432
RFCMH Ours 879 894 90.8 912 3593 | 459 513 542 56.8 2082 | 433 546 555 56.1 209.5

B. Experimental Details
B.1. Feature extraction

To ensure fair and reproducible comparisons, we follow the standard CMH benchmark protocol and use fixed, pre-extracted
features for all datasets. For images, we adopt 4096-dimensional CNN activations from the second fully connected layer (fc7)
of an ImageNet-pretrained backbone, which is typically based on AlexNet- or VGG-style architectures in CMH evaluations
(Krizhevsky et al., 2012; Simonyan & Zisserman, 2014). For texts, we use two commonly adopted representations depending
on the dataset release: sparse bag-of-words vectors with TF—IDF-style weighting, and dense 300-dimensional document
embeddings produced by the Paragraph Vector (Doc2Vec) model (Le & Mikolov, 2014). All features are kept frozen during
training, and all hashing methods are learned on top of the same feature inputs.

B.2. Baselines Details

For a comprehensive comparison, we adopted the following baselines:

General baselines.

WASH (Weakly-supervised enhAnced Semantic-aware Hashing) (Zhang et al., 2022a) simultaneously estimates label
noise under weak supervision and performs semantic-aware hashing to improve cross-modal retrieval.

¢ HCCH (Hierarchical Correlation Cross-Modal Hashing) (Sun et al., 2023) exploits coarse-to-fine hierarchical semantics
and learns hash codes whose Hamming distances preserve hierarchical relations for cross-modal retrieval.

« HMAH (Hierarchical Message Aggregation Hashing) (Tan et al., 2022) adopts an efficient teacher-student framework
with hierarchical message aggregation to enhance cross-modal alignment and hashing learning.

e MIAN (Modality-Invariant Asymmetric Networks) (Zhang et al., 2022b) jointly preserves asymmetric intra-modal and
inter-modal similarities and enforces modality-invariant representations for effective cross-modal hashing.
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Table 7. The mAP scores under asymmetric label noise with a noise rate of 0.4 on three benchmark datasets. The best results are
highlighted in boldface and the second-best are underlined. The column Sum indicates the total score of all hash lengths.

Task | Method Datasf:ts Xmedia INRIA-Websearch XmediaNet

Ref. 16 32 64 128  Sum 16 32 64 128 Sum 16 32 64 128  Sum

NRCH MM’ 24 85.8 874 865 828 3425|329 388 419 437 1573 ] 95 141 177 208 62.1
RSHNL AAAT25 | 79.6 795 79.0 79.7 3178 | 344 43.6 483 48.1 1744 | 343 446 50.0 51.5 1804

I2T | NACD | NeurIPS’25 | 81.5 874 89.6 89.3 347.8 |30.3 354 377 405 1439 | 15 7.1 84 123 293
SCBCH AAAI'26 | 339 795 858 86.6 2858 | 64 180 342 46.6 1052 | 1.3 87 157 285 542
RFCMH Ours 889 91.0 90.5 91.0 3614 | 47.7 521 52.7 535 2060 | 39.7 50.2 53.0 54.0 196.9
NRCH MM’24 853 869 873 83.8 3433|323 397 434 454 160.8 [ 109 158 20.1 242 71.0
RSHNL AAAT25 | 776 779 772 789 311.6 | 33.6 43.8 48.1 47.7 1732 | 342 447 504 52.1 1814

T2I NACD | NeurIPS’25 | 81.6 87.1 90.5 90.3 3495|292 355 385 415 1447 | 16 85 103 144 3438
SCBCH AAAT26 | 335 78.8 817 86.1 280.1 | 7.0 165 292 40.6 933 1.3 97 165 292 56.7
RFCMH Ours 88.0 89.7 889 903 3569 | 456 51.0 53.0 53.8 2034 | 40.6 49.8 533 544 198.1

Table 8. Additional ablation study under the clean setting.
Task Method XMedia INRIA-Websearch XMediaNet

16 32 64 128 16 32 64 128 16 32 64 128

w/o FAR 89.2 91.1 91.3 91.8 432 48.8 50.1 49.5 40.1 48.1 55.1 56.0

2T w/o DGSA 79.4 84.8 88.9 91.0 23.3 42.3 45.0 50.0 0.9 30.9 42.1 53.0

RFCMH (Ours) 90.2 91.3 92.1 91.4 48.4 52.0 54.0 55.8 43.7 55.5 55.9 56.0

w/o FAR 87.1 88.8 89.0 90.4 42.1 48.5 50.6 49.5 41.0 48.5 55.0 55.8

T21 w/o DGSA 77.0 85.3 88.6 91.2 21.7 42.0 46.3 52.0 0.9 31.9 42.5 51.3

RFCMH (Ours) 87.9 89.4 90.8 91.2 459 51.3 54.2 56.8 43.3 54.6 55.5 56.1

Noise-robust baselines.
* CMMQ (Cross-Modal Mutual Quantization) (Yang et al., 2022) combats noisy supervision by mutual quantization
across modalities and proxy-based contrastive learning to stabilize hashing optimization.

* DHRL (Deep Hashing with Ranking Learning) (Shu et al., 2024) improves robustness under noisy labels via ranking-
based learning with uncertainty-aware refinement for semantic alignment.

e DHaPH (Deep Hierarchy-aware Proxy Hashing) (Huo et al., 2024) constructs hierarchy-aware proxies and employs
self-paced learning from easy to hard, providing indirect robustness to outliers and noisy supervision through stabilized
proxy alignment.

¢ RSHNL (Robust Self-paced Hashing with Noisy Labels) (Pu et al., 2025c) incorporates self-paced learning to
progressively train cross-modal hashing models from easy to hard samples under noisy labels.

* DECH (Deep Evidential Cross-modal Hashing) (Li et al., 2025b) introduces evidential modeling to quantify retrieval
reliability while learning discriminative cross-modal hash codes.

* NRCH (Noise-Robust Cross-modal Hashing) (Wang et al., 2024) leverages a robust contrastive hashing loss with
dynamic noise separation to reduce noise overfitting during training.

* NACD (Neighbor-aware Contrastive Disambiguation) (Su et al., 2026b) addresses redundant or ambiguous annotations
by exploiting neighborhood agreement to disambiguate unreliable positives in contrastive hashing.

* SCBCH (Semantic-Consistent Bidirectional Contrastive Hashing) (Peng et al., 2025) leverages cross-modal semantic
consistency and bidirectional soft contrastive learning to construct reliable supervision under noisy multi-label
annotations.

C. Extended Empirical Results and Analysis
C.1. Extended Retrieval Results

To further evaluate the retrieval performance of RFCMH under the clean setting, we conduct experiments on three benchmark
datasets, i.e., XMedia, INRIA-Websearch, and XMediaNet. Table 6 reports the mAP results under the clean setting on both
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Figure 8. Visualization of parameter sensitivity to batch size and g on retrieval mAP.

12T and T2I tasks. The results show that RFCMH achieves stable and competitive performance across different datasets and
hash code lengths.

To further verify the applicability of our method under asymmetric noise, we additionally compare RFCMH with recent
representative baselines and report the results under the 0.4 asymmetric noise rate, as shown in Table 7. The results indicate
that REFCMH consistently outperforms most existing methods across both I2T and T2I tasks, highlighting its robustness and
broad applicability across different noise levels and datasets.

To comprehensively evaluate the retrieval characteristics of the model under severe label noise, we plot precision—recall
curves with 32-bit and 64-bit hash codes on the INRIA-Websearch, XMedia, and XMediaNet datasets under the 0.8 noise
rate. As illustrated in Fig. 9, compared with existing methods, RFCMH maintains higher precision over a wide range of
recall levels, demonstrating stronger discriminative capability and more stable retrieval performance under noisy supervision.

C.2. Additional Ablation Analysis

To more clearly identify the source of the performance gains of RFCMH under the noise-free setting, we supplemented
the ablation experiments to analyze the structural enhancement brought by DGSA and the actual contribution of FAR in
the noise-free scenario. As shown in Table 8, under the noise-free setting, RFCMH achieves the best results for most code
lengths and both retrieval tasks across the three datasets, indicating that these improvements are primarily driven by the
effectiveness of our overall design. Specifically, the performance drops more noticeably after removing DGSA, with the
most significant degradation observed on INRIA-Websearch and XMediaNet, which shows that the structural enhancement
introduced by DGSA remains the main source of performance improvement in the noise-free scenario. In contrast, although
removing FAR also leads to an overall decline in performance, the magnitude is relatively smaller, suggesting that under the
noise-free setting, FAR mainly serves to provide auxiliary regularization, rather than being the primary source of gain.
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Figure 9. Precision-recall curves with different bit lengths on the INRIA-Websearch, Xmedia, and XmediaNet datasets, where (a-d), (e-h),
and (i-1) show the curve results under 32 bits and 64 bits, respectively.

C.3. Additional hyper-parameters.

As shown in Fig. 7, we use a = 0.5 for XMedia and o« = 0.1 for XMediaNet and INRIA-Websearch. The retrieval
performance consistently improves when « increases from 0 to 1 and peaks around k € [3,4], so we set k = 4 in all
experiments.

Fig. 8 further reports the sensitivity of retrieval mAP to the batch size and the robustness parameter q. We observe
that moderate batch sizes consistently yield the best performance, whereas excessively large batches lead to noticeable
degradation. For the robustness parameter ¢, the model exhibits more stable performance in the small-q regime. Therefore,
we fix ¢ = 0.01 in all experiments to ensure stable optimization.

D. Limitations and Future Work

Although RFCMH exhibits robustness against label noise, it currently lacks explicit mechanisms to handle cross-modal
noisy correspondence. In practice, label noise and noisy correspondence often coexist, presenting complex challenges for
reliable retrieval. Consequently, jointly modeling both label and correspondence uncertainties within a unified framework
stands as a critical direction for future research.
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