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Abstract

Cross-modal hashing (CMH) has achieved remarkable suc-
cess in large-scale cross-modal retrieval due to its low stor-
age cost and high computational efficiency. However, most
existing CMH methods rely on accurately annotated train-
ing data, which is often impractical in real-world applications
due to the high cost and limited scalability of data annota-
tion. In practice, annotators typically assign a candidate la-
bel set rather than a single precise label to each sample pair,
resulting in partial labels with inherent ambiguity. Such am-
biguous supervision poses significant challenges to conven-
tional CMH methods that assume reliable and unambiguous
labels. In this paper, we investigate a less-touched yet mean-
ingful problem, i.e., cross-modal hashing with partial labels
(PLCMH). PLCMH faces two major challenges: label am-
biguity and modality-alignment barriers induced by mislead-
ing supervision. To address these issues, we propose a new
approach named Ambiguity-Tolerant Cross-Modal Hashing
(ATCH). Specifically, ATCH presents a Local Consensus Dis-
ambiguation (LCD) mechanism that resolves label ambiguity
by effectively inferring stable and accurate label confidence
based on local consensus within the Hamming space. More-
over, ATCH proposes a Confidence-Aware Contrastive Hash-
ing (CACH) mechanism that derives both pseudo labels and
trustworthiness scores from the label confidence vectors to
learn discriminative hash codes, leading to effective modal-
ity alignment. Extensive experiments on three multimodal
datasets demonstrate the superiority of ATCH.

Code — https://github.com/Rose-bud/ATCH

Introduction

With the rapid growth of multimedia data on the Internet (Su
et al. 2023; Chen et al. 2023; Lu et al. 2024; Liu et al.
2024; Wen et al. 2025; Luo et al. 2025; Lan et al. 2025; Yin
et al. 2025), efficient retrieval across large-scale datasets has

*Co-corresponding authors.
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Figure 1: An input sample pair annotated with three can-
didate labels {panda, raccoon, penguin}. Among these,
panda is the ground-truth, while the others are incorrect.

become increasingly important (Li et al. 2024; Feng et al.
2025; Su et al. 2025b). CMH has emerged as a key tech-
nique in this field by mapping data from different modalities
into compact hash codes in Hamming space, enabling low
storage overhead and highly efficient retrieval.

While unsupervised CMH approaches alleviate annota-
tion cost by ignoring labels, they often suffer from lim-
ited semantic discriminability due to the lack of super-
visory guidance. Consequently, most existing supervised
CMH methods have become the dominant paradigm. How-
ever, they typically rely on an idealized assumption that the
training data are annotated with precise labels. In real-world
applications, obtaining such deterministic supervision is of-
ten costly and impractical. Instead, due to the complexity of
the data or limited domain knowledge, annotators may strug-
gle to assign a single definitive label. Consequently, they of-
ten provide a set of candidate labels that contains the correct
label along with incorrect alternatives.

As illustrated in Fig. 1, the input sample pair can be
assigned three uncertain candidate labels (panda, raccoon,
penguin) if the annotators believe all of them are related
to the input but are unsure which one is the true label.
To address this issue, this paper studies a less-touched yet
meaningful problem: cross-modal hashing with partial la-



bels (PLCMH). The main challenges of PLCMH arise from
label ambiguity and modality-alignment barriers caused by
wrong labels within the candidate label set.

To address these challenges, we propose a novel
Ambiguity-Tolerant Cross-modal Hashing (ATCH) method
for PLCMH in this paper. To be specific, ATCH includes two
mechanisms, i.e., the local consensus disambiguation (LCD)
mechanism and the confidence-aware contrastive hashing
(CACH) mechanism. The LCD mechanism resolves label
ambiguity by inferring a stable and accurate label confi-
dence distribution based on local consensus in Hamming
space. Moreover, CACH explicitly models the predictive re-
liability of sample pairs via dynamic trustworthiness scores,
ensuring that the model prioritizes high-reliability pairs for
precise modality alignment while mitigating the impact of
misleading supervision from uncertain pairs. With the sup-
port of LCD, the proposed CACH reduces the modality gap
and enhances the model’s capability to learn a more precise
label distribution. Meanwhile, the representations learned
by CACH further facilitate more stable confidence estima-
tion in LCD. This mutual reinforcement between LCD and
CACH jointly boosts the overall performance of the ATCH
method. The main contributions of our ATCH are summa-
rized as follows:

* To study a less-touched yet meaningful problem: cross-
modal hashing with partial labels (PLCMH), we propose
a novel method named ATCH that addresses the inherent
ambiguity in real-world data annotation.

We present a local consensus disambiguation (LCD)
mechanism that resolves label ambiguity by effectively
inferring stable and accurate label confidence based on
local consensus within the Hamming space.

The proposed confidence-aware contrastive hashing loss
explicitly models the prediction reliability of sample
pairs by introducing trustworthiness scores, enabling pre-
cise modality alignment under ambiguous supervision.

Extensive experiments on three multimodal datasets
demonstrate the superiority of our proposed ATCH over
other state-of-the-art baselines.

Related Work
Partial Label Learning

Partial Label Learning (PLL) (Yan and Guo 2023; He et al.
2023; Si et al. 2024; Bao, Rui, and Zhang 2024; Gong, Bisht,
and Xu 2024) is a classic weakly supervised problem where
each training sample is associated with multiple candidate
labels, only one of which is correct, reflecting the ambiguity
commonly encountered in real-world annotations.

Conventional PLL methods are generally categorized
into averaging-based and identification-based streams. The
averaging-based methods (Cour, Sapp, and Taskar 2011;
Zhang and Yu 2015) are computationally efficient since
they treat all candidate labels indiscriminately, and thus
are easily overwhelmed by false-positive labels. In contrast,
the identification-based methods (Liu and Dietterich 2012;
Wang et al. 2020) regard the true label as a latent variable
and recover it iteratively.
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Benefiting from deep representation learning, recent PLL
research has evolved into diverse deep disambiguation
paradigms. Early works (Feng et al. 2020; Lv et al. 2020)
primarily focused on progressive truth identification by iter-
atively updating label confidence. Subsequent studies (Wang
et al. 2022; Xia et al. 2022, 2023) introduced contrastive
learning and prototype alignment, leveraging the discrimi-
native structure of the feature space to assist label disam-
biguation. More recently, frontier research (Tian et al. 2024)
has further explored consistency regularization and multi-
network collaborative selection mechanisms, enhancing ro-
bustness against label ambiguity through mutual correction.

However, most existing methods overlook the predictive
reliability of the disambiguation process itself. In the context
of cross-modal hashing, which is intrinsically sensitive to
misleading supervision, enforcing alignment based on unre-
liable predictions can easily mislead the model optimization,
thereby severely compromising the retrieval performance.

Cross-Modal Hashing

Cross-modal hashing (CMH) (Sun et al. 2023; Pu et al.
2025a; Su et al. 2025a; Peng et al. 2025) aims to reduce the
modality discrepancy by mapping heterogeneous data from
different modalities into a shared Hamming space for effi-
cient retrieval. Existing CMH methods are commonly clas-
sified into three categories according to the type of super-
vision they employ: unsupervised, strongly supervised, and
robust supervised CMH methods.

Unsupervised approaches (Yang et al. 2020; Yu et al.
2021; Zhu et al. 2022; Hu et al. 2022) avoid the cost of
manual annotation by exploiting intrinsic data structures,
but their retrieval performance is often limited due to the
lack of explicit semantic supervision. Strongly supervised
methods (Yang et al. 2022a; Zhang et al. 2022; Gao et al.
2023) leverage label information to effectively align differ-
ent modalities, but collecting large-scale accurate annota-
tions is time-consuming and labor-intensive in real-world
scenarios. More recently, robust hashing methods (Shu et al.
2024; Wang et al. 2024; Pu et al. 2025b) have been pro-
posed to address noisy supervision by using different noisy
label learning strategies. However, most of them are built
on simplified noise assumptions and do not reflect realistic
annotation scenarios, where the ground-truth label is hidden
among the candidate labels.

In this paper, we focus on the challenging problem of
cross-modal hashing with partial labels (PLCMH), striving
to construct a robust hashing framework that effectively tol-
erates ambiguous supervision.

Methodology
Problem Formulation

Notations. Given an image—text multimodal dataset with
K categories, the training set formally consists of N paired
samples indexed by j, where each pair {le, mf} corresponds
to the image and text modalities, respectively. Here, n de-
notes the mini-batch size. In PLCMH, each sample pair is
weakly annotated with a candidate label set y; € {0, 1}%,
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Figure 2: The framework of our proposed ATCH. LCD (£;.4) resolves label ambiguity based on the local consensus within the
Hamming space. Meanwhile, CACH (L ,.r,) enhances the model by using pseudo labels and trustworthiness scores derived
from label confidence to learn discriminative hash codes, bringing positive sample pairs closer in the Hamming space and

achieving precise modality alignment.

in which just one label represents the correct class. The ob-
jective of PLCMH is to map multimodal data into a uni-
fied Hamming space while preserving cross-modal seman-
tic consistency. To this end, modality-specific hash func-
tions f*(-) are used to produce continuous embeddings h; =
tanh(f*(z%)), where i = 1 and 7 = 2 represent the im-
age and text modality, respectively. In the retrieval pro-
cess, these continuous representations are discretized into
binary hash codes b, € {—1,1}",i € {1,2} according to
b; = sign(hj), where L denotes the length of hash codes.

Overview. In PLCMH, ambiguous annotations severely
impair semantic supervision and cross-modal alignment. To
address this, ATCH jointly incorporates label disambigua-
tion and accurate modality alignment in a unified frame-
work, with the overall objective defined as:

L= [flcd + Oé[/caclu (1)

where L;.q encourages consistent label confidence estima-
tion by exploiting local semantic consensus in the Hamming
space, while L., .p, guides reliable cross-modal alignment by
weighting sample pairs according to their prediction trust-
worthiness. The balancing parameter « controls the relative
influence of the two objectives. Details of these components
are introduced in the following subsections.
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Local Consensus Disambiguation

Recent deep partial label learning methods aim to address
ambiguous supervision by estimating soft label distributions
over the candidate label space. Such distributions reflect the
uncertainty associated with each category and provide weak
supervisory signals for model training. While this strategy
has shown promising results in unimodal settings, label dis-
ambiguation becomes more challenging in cross-modal sce-
narios due to modality heterogeneity. In particular, relying
solely on individual sample representations may result in un-
reliable confidence estimation, thereby hindering effective
cross-modal alignment.

To alleviate this issue, we introduce a local consensus
disambiguation mechanism. The underlying intuition is that
samples exhibiting consistent semantic responses under am-
biguous supervision are more likely to agree on their under-
lying labels. Leveraging such consistency allows the model
to obtain more accurate confidence estimates under ambigu-
ous supervision.

Given the hash representation h; of the j-th sample from
modality ¢, we first project it into the label space through a
linear transformation:

2

For each sample pair x;, we further incorporate locally

11; = linear(hé ).



consistent semantic information to estimate its label confi-
dence. Specifically, we aggregate label evidence from sam-
ples that exhibit similar semantic responses in the joint em-
bedding space. The resulting local consensus confidence for
the j-th sample pair is computed as:

) N )

2
Z Z(szc : yC) " Yj
cEN. i=1

where N, denotes the set of neighboring pairs indexed by ¢
that form a local consensus with the j-th pair in the Ham-
ming space. sz-c measures the semantic similarity between
sample j and sample ¢ from modality i. The normalization
operation Normalize ensures comparability across samples.
The element-wise product with y; restricts the confidence
estimation to the candidate label set associated with ;.

The obtained local consensus confidence serves as
ambiguity-aware soft supervision, encouraging ATCH to
learn stable and robust hash representations. Based on the es-
timated local consensus confidence, the disambiguation loss
is defined as:

1
r; = — Normalize (
2

n 2
Lica = — Z (rj - log Sm(v;») i), 4)

j=1i=1
where sm(-) denotes the softmax function, 7 = 1 and ¢ = 2
denote the image and text modalities, respectively.

Confidence-Aware Contrastive Hashing

Although partial labels provide weak supervision, effec-
tively aligning cross-modal representations under ambigu-
ous annotations remains challenging in practice. Such am-
biguity in supervision can introduce unreliable predictions,
which may negatively affect contrastive learning and de-
grade representation quality.

To address this challenge, we propose a confidence-aware
contrastive hashing mechanism that explicitly accounts for
the reliability of the inferred supervisory signals. By in-
corporating instance-level confidence information into con-
trastive optimization, the model can better mitigate the ad-
verse impact of ambiguous supervision. Based on the local
consensus confidence, we assign each sample pair a pseudo
label corresponding to the most probable category:

k; = arg max(r;), 5)
where the pseudo label l;j is used to provide supervision
for contrastive learning. During training, different samples
exhibit varying levels of reliability in their confidence es-
timation. Accurately assessing this reliability is essential
for adaptive contrastive learning. While previous work (He,
Yang, and Feng 2023) demonstrates that information en-
tropy can serve as a proxy for evaluating the reliability
of a sample’s confidence vector, it is often sensitive to
noise across all candidate labels and may fail to capture
the model’s relative confidence in distinguishing among the
most probable classes.

We therefore introduce a trustworthiness score that eval-
uates instance-level reliability by measuring the separability
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between the most confident label prediction and its closest

competitor. Specifically, we define:
6‘7 — r;naw 5607 (6)

where 77 and 73%¢ represent the highest and second-
highest confidence values in the local consensus confidence
of z;, respectively. Thus, the trustworthiness score for the
j-th sample pair is calculated as follows:

w; = €+ (1 — ¢€) - Normalize (4;), @)
where the hyperparameter e sets the lower bound of the trust-
worthiness score. In our experiments, € is set to 0.9. The
normalization operation Normalize(-) ensures comparabil-
ity across samples within each mini-batch. A larger trust-
worthiness score w; indicates a more decisive confidence
distribution and thus a higher degree of reliability.

We compute the similarity matrix for the image-to-text
and text-to-image modalities as follows:

Rpq = (s hg) Rpg = (i hy) ®)
where h' and h? represent the representations of image and
text modalities, respectively. The notation (-, -) denotes the
inner product operation, which is used to calculate the simi-
larity between two hash representations. The superscript 12
indicates the direction from image to text, while 21 repre-
sents the direction from text to image.

Following previous work (Hu et al. 2022), we refine the
similarity matrix to Dy :

-

D¥ = R;q’ R;p B Rz*ﬂq <1, 9)
pq R* 3
pg — M, otherwise

where * € {12,21}, n is the positive margin value and p is
used to modify the value of D*. By refining the similarity
matrix, Eq. (9) leverages the consistent similarity of iden-
tical samples across different modalities (as shown on the
diagonal) to mitigate the impact of unreliable pairs in other
parts of the similarity matrix. By considering all negative
pairs within a soft margin, this strategy effectively reduces
the negative influence of erroneous pairs.

To eliminate the modality gap and learn discriminative
hash codes in a Hamming space, we adopt a triplet loss fol-
lowing (Lai et al. 2015; Deng et al. 2018) which encourages
similar samples to be closer together and dissimilar samples
from different modalities to be further apart. Moreover, con-
sidering the differences in the reliability of disambiguation
results for different pairs, we use the trustworthiness score
from Eq. (7) as the instance-level weight. We formulate the
CACH loss as follows:

1 n n n
w3 Z Z ijq)pj (1= Dpg)-
p=1j=1q=1
max (0,7 + Dy, — Dy;)
where * € {12,21}, ®,, € {0,1} is an indicator show-
ing whether the p-th image and the g-th text have the same
pseudo label k.

The trustworthiness score is used to modulate the con-
tribution of each instance in contrastive optimization. This
design enables the model to focus on reliable supervisory
signals while reducing the influence of low-trustworthiness
pairs, leading to more stable cross-modal alignment.

* p—
cach —

(10)



Dataset Method‘ Rate ‘ 0.1 ‘ 0.3 ‘ 0.5
| Ref. | l6bit 32bit 64bit 128bit | 16bit 32bit 64bit 128bit | l6bit 32bit 64bit  128bit

DJSRH ICCV’19 15.0 17.8 19.2 20.2 150 178 192 20.2 15.0 17.8 19.2 20.2
DGCPN | AAAI'21 25,6 29.0 307 304 25,6 29.0 30.7 304 | 256 290 307 304
PIP SIGIR’21 198 231 224 22.5 198 231 224 22.5 19.8 231 224 225
CIRH TKDE’22 28.1 288 289 26.5 28.1 288 289 26.5 28.1 288 289 26.5
UCCH TPAMI'23 | 262 322 33.1 36.7 262 322 331 36.7 262 322 331 36.7

Wiki CMMQ | CVPR’22 342 365 370 365 164 176 183 19.6 11.7 11,6 11.6 11.7
MIAN TKDE’23 333 347 388 37.4 164 19.0 155 17.3 11.3 113 115 11.5
LtCMH AAAT’23 39.7 380 380 378 246 240 237 214 136 134 142 132
DHRL TBD’24 332 452 472 411 249 322 338 340 | 205 251 249 245
NRCH | ACMMM’24| 39.5 441 438 46.1 272 299 293 333 114 117 121 11.9
RSHNL | AAAI'25 53.0 537 579 60.0 | 312 368 433 464 | 200 208 366 394
ATCH Ours 61.0 641 645 653 | 53.0 561 586 584 | 442 503 545 519

DJSRH ICCV’19 5.7 7.6 7.6 6.5 5.7 7.6 7.6 6.5 5.7 7.6 7.6 6.5

DGCPN | AAATI'21 223 643 412 393 223 643 412 393 223 643 412 39.3
PIP SIGIR’21 17.8 206 238 12.3 17.8  20.6  23.8 12.3 17.8 206 23.8 12.3
CIRH TKDE’22 60.1 769 81.0 828 | 60.1 769 810 88 | 60.1 769 810 828
UCCH TPAMI'23 | 405 61.7 769 88.6 | 405 617 769 886 | 405 617 769  88.6

XMedia CMMQ | CVPR’22 395 46.1 497 51.5 8.7 9.6 10.0 10.4 5.8 6.1 7.0 7.0
MIAN TKDE’23 243 283 50.1 53.7 53 53 52 52 52 52 52 52
LtCMH AAAT23 7.4 9.6 162 21.8 6.2 6.0 7.1 8.3 6.4 5.6 6.0 6.7
DHRL TBD’24 52 498 69.8 72.7 16.1 299 423 58.3 196 230 30.1 36.9
NRCH | ACMMM’24| 89.0 89.8 924 924 | 349 619 624 66.0 53 54 54 5.7
RSHNL | AAAI'25 81.8 88.8 885 8.0 | 492 730 722 773 244 516 512 626
ATCH Ours 91.3 925 929 940 | 904 913 923 924 | 91.0 914 918 921

Table 1: Performance comparison of average MAP scores (%) for 12T and T2I tasks under various partial rates and bit lengths
on the Wikipedia (Wiki) and XMedia datasets. The highest and second highest results are shown in bold and in underline,
respectively.

Dataset  Method | R&€ | 0.01 \ 0.03 \ 0.05
| Ref. | 16bit 32bit 64bit 128bit | 16bit 32bit 64bit 128bit | 16bit 32bit 64bit  128bit
DISRH | ICCV’'19 | 27 38 51 65 | 27 38 51 65 |27 38 51 65
DGCPN | AAAI'21 | 3.1 173 309 341 | 31 173 309 341 | 3.1 173 309 341
PIP SIGIR21 | 22 53 138 19 |22 53 138 19 | 22 53 138 19

CIRH TKDE’22 18.8 27.1 329 358 18.8 27.1 329 35.8 18.8 27.1 329 35.8
UCCH TPAMI'23 15.1 229 283 32.7 151 229 283 327 151 229 283 32.7

INRIA CMMQ | CVPR’22 4.4 133  17.8 21.2 3.7 8.6 11.2 11.7 35 5.9 7.7 8.4
MIAN TKDE’23 1.1 1.1 1.3 1.3 1.1 1.3 1.3 1.3 1.2 1.2 1.2 1.2
LtCMH AAAI'23 1.2 1.2 1.2 1.3 1.2 1.2 1.2 1.3 1.2 1.2 1.2 1.3
DHRL TBD’24 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1 1.1
NRCH | ACMMM’24| 249 30.1 35.1 374 | 254 303 343 370 | 256 300 336 36.0
RSHNL | AAATI’25 282 382 444 482 | 226 316 390 434 15.1 238 29.6 352
ATCH Ours 393 484 509 533 | 415 48.6 515 53.1 40.8 478 498 50.9

Table 2: Performance comparison of average MAP scores (%) for 12T and T2I tasks under various partial rates and bit lengths
on the INRIA-Websearch (INRIA) dataset. The highest and second highest results are shown in bold and underline respectively.

Experiments details of all datasets used are as follows:
Dataset » Wikipedia contains 2,866 image-text pairs from 10 dif-
To demonstrate ATCH’s superiority, we carry out compre- ferent categories. We select 231 sample pairs as the query
hensive evaluations across three multimodal datasets. The (test) dataset, and the remaining data serve as the retrieval
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Figure 3: Precision-recall curves for different bit lengths on the Wikipedia dataset under a partial rate of 0.3.

(database) dataset. From this retrieval (database) dataset,
we further extract a training subset of 2173 sample pairs.

XMedia is a multimodal dataset comprising data col-
lected from the Web across five different modalities.
In this paper, we only select image and text data for
CMH, including 5,000 sample pairs. From these data, we
choose 500 pairs as the query (test) dataset, and the re-
maining pairs serve as the retrieval (database) dataset.
Furthermore, 4,000 pairs from the retrieval (database)
dataset are selected as the training dataset.

INRIA-Websearch is a large-scale multimodal dataset
consisting of 71,478 images and 71,478 text descriptions.
In this work, we use a subset (Wei et al. 2017) compris-
ing 14,698 image-text pairs from 100 different classes.
From this subset, we further select 1332 image-text pairs
to serve as the query (test) dataset, while the remaining
data are used as the retrieval (database) dataset. Addition-
ally, we extracted a training dataset of 4,366 image-text
pairs from the retrieval dataset.

Implementation Detail

In this paper, we use the RMSprop (Tieleman 2012) opti-
mizer with a weight decay of 1e-6. For all experiments, we
set the learning rates to le-4, le-5, and Se-4 and the maxi-
mum training epochs to 100, 50, and 50 for the Wikipedia,
XMedia, and INRIA-Websearch datasets, respectively. The
mini-batch size is set to 128 to ensure consistency. The val-
ues of 1 and p in Eq. (9) are set to 0.2 and 1. As in prior
work (Hu et al. 2021), we use the pre-trained VGG-19 (Si-
monyan and Zisserman 2014) model as the backbone to
extract image features and the pre-trained Doc2Vec (Lau
and Baldwin 2016) model for text representation on the
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Wikipedia dataset. For the XMedia dataset, we directly
adopt the official feature representations provided with
the dataset. For INRIA-Websearch, AlexNet (Krizhevsky,
Sutskever, and Hinton 2012) extracts image features and
LDA embeds the text descriptions. To learn shared repre-
sentations across modalities, we employ three hidden lay-
ers stacked on the image backbone and two hidden lay-
ers stacked on the text backbone. Each fully connected
(FC) layer, except for the final one, is followed by a Rec-
tified Linear Unit (ReLU). The hidden layers in these FC
structures consistently contain 8,192 units. The output layer
maps the features into a shared space with a dimensional-
ity of L, where L corresponds to the bit length. Addition-
ally, the input to the disambiguation loss is projected into a
K-dimensional label space through an additional fully con-
nected layer, where K represents the number of categories.
Our ATCH is implemented on the PyTorch (Paszke et al.
2019) framework and all experiments are performed on a
Nvidia V100 GPU.

Experimental Setup

In this work, we perform two retrieval tasks: the image-to-
text retrieval (I2T) task and the text-to-image retrieval (T2I)
task. These tasks aim to retrieve relevant samples from a
different modality using an image or a text as the query.
We report performance using the mean average precision
(MAP) computed across all retrieval results. The bit lengths
are configured to 16, 32, 64, and 128. Following the previ-
ous works (Wang et al. 2022; Su et al. 2025b), we preprocess
each dataset by setting distinct partial label rates: {0.1, 0.3,
0.5} for Wikipedia and XMedia, while {0.01, 0.03, 0.05}
for INRIA-Websearch.



Comparison with State-of-the-Art Methods

To demonstrate the superiority of our ATCH, we compare
the proposed ATCH with 11 state-of-the-art baselines on
three multimodal datasets. These methods include unsu-
pervised CMH methods: DJISRH (Su, Zhong, and Zhang
2019), DGCPN (Yu et al. 2021), PIP (Zhang et al. 2021),
CIRH (Zhu et al. 2022), and UCCH (Hu et al. 2022) ;
and supervised CMH methods: CMMQ (Yang et al. 2022b),
MIAN (Zhang et al. 2022), LtCMH (Gao et al. 2023),
DHRL (Shu et al. 2024), NRCH (Wang et al. 2024), and
RSHNL (Pu et al. 2025b).

We present the average MAP scores for the 12T and T2I
tasks with different settings in Table 1 and Table 2. In ad-
dition, we provide precision recall curves on the Wikipedia
dataset under the partial rate of 0.3 in Fig. 3. From the ex-
perimental results, we can draw the following observations:

* The proposed ATCH outperforms all the compared CMH
methods across all experimental settings. Thanks to both
the LCD and CACH mechanisms, the proposed ATCH
effectively reduces label ambiguity, endowing the model
with the ability to learn discriminative hash codes from
different modalities within a shared Hamming space.

As the partial label rates increase, the performance of su-
pervised methods declines rapidly because they cannot
handle label ambiguity as effectively as ATCH. In con-
trast, unsupervised methods are not affected by this issue,
as they operate without utilizing any label information.

The bit length remarkably influences the performance of
all methods. In most cases, as the length increases, the
retrieval accuracy improves significantly. This is because
longer hash codes contain richer information, enabling
the model to learn more discriminative features.

Most methods perform poorly on datasets with a
large number of categories, especially on the INRIA-
Websearch dataset, which contains 100 classes. In con-
trast, thanks to the CACH module, ATCH achieves
precise cross-modal alignment, effectively reducing the
modality gap and improving retrieval performance.

Ablation Study

To explore the contributions of each component, we con-
duct ablation studies with different bit lengths on INRIA-
Websearch. Specifically, we compare the full ATCH with
its three variants: (1) ATCH-1 represents removing the loss
Lecach; (2) ATCH-2 represents removing the loss L;.q; (3)
ATCH-3 represents removing the trustworthiness scores in
ATCH. As shown in Table 3, one can observe that the full
version of ATCH achieves the best performance while other
variants show suboptimal results. This shows that all com-
ponents of ATCH are essential for its effectiveness.

Parameter Analysis

To investigate the influence of the coefficient o in Eq. (1), we
conduct fair experiments using 64-bit hash codes under var-
ious partial rates on the Wikipedia and INRIA-Websearch
datasets, respectively. The performance of ATCH under dif-
ferent settings is shown in Fig. 4, where the model shows
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T
Method l6bit  32bit  64bit  128bit
ATCH-1 24 24 24 15
ATCH-2 308 393 359 35.0
ATCH-3 305 463 49 50.7
Full ATCH | 402 473 493 50.9
T2I

ATCH-1 23 22 15 1.9
ATCH-2 21 402 392 38
ATCH-3 406 491 528 55.2
Full ATCH | 427 499 536 55.4

Table 3: Ablation study with a partial rate of 0.03 under dif-
ferent bit lengths on INRIA-Websearch. The best results are
highlighted in bold.

stable performance within the range of « € [0.5,2]. Based
on this observation, we also investigate the impact of the
proposed CACH module, which is shown to further enhance
the retrieval performance of ATCH.
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Figure 4: The performance of our proposed ATCH under
varying « values.

Conclusion

In this paper, we study a less-touched yet meaningful prob-
lem, i.e., cross-modal hashing with partial labels (PLCMH).
To overcome this problem, we propose a novel cross-modal
hashing paradigm, termed Ambiguity-Tolerant Cross-Modal
Hashing (ATCH), which can learn discriminative hash codes
from partial labels with ambiguity. Specifically, our ATCH
presents local consensus disambiguation (LCD) to mitigate
label ambiguity by providing more stable and reliable con-
fidence estimates derived from local consensus. To over-
come modality-alignment barriers caused by ambiguous su-
pervision, we propose a confidence-aware contrastive hash-
ing (CACH) mechanism to learn discriminative hash codes,
which can bring positive sample pairs closer in the Ham-
ming space under the guidance of both pseudo labels and
trustworthiness scores. Extensive experiments on three mul-
timodal benchmarks clearly demonstrate the effectiveness of
our ATCH for cross-modal hashing with partial labels.
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