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Abstract

Deep hashing offers efficient storage and fast retrieval ca-
pabilities. As a result, it has been extensively applied to
large-scale retrieval tasks. To alleviate the dependence on
high-quality annotated data, recent research has focused on
unsupervised domain adaptive hashing methods, which aim
to transfer knowledge from a label-rich source domain to a
label-scarce target domain. However, in open-world scenar-
ios, source domain labels are often inevitably noisy, which
tends to undermine the quality of learned hash codes and in-
duce considerable performance deterioration. To this end, we
introduce a novel Robust Domain Adaptive Hashing (RDAH)
method to jointly mitigate the adverse effects of label noise
and domain discrepancy. Specifically, we first model the loss
distribution of training samples using a two-component Gaus-
sian mixture model to estimate each sample’s confidence,
based on which the data is partitioned. Subsequently, we in-
troduce a neighbor consistency-guided correction strategy,
which leverages the semantic structure of high-confidence
neighbors to perform weighted correction on noisy samples.
Moreover, we design a dual-level cross-domain alignment
mechanism that jointly mitigates domain shift from two com-
plementary perspectives. Extensive experimental results vali-
date the effectiveness and robustness of RDAH across multi-
ple benchmark datasets.

Introduction

With the explosive growth of large-scale multimedia data,
how to achieve efficient and accurate similarity retrieval
from massive samples has become a core challenge.
Hashing-based retrieval methods have been widely adopted
for approximate nearest neighbor (ANN) search tasks across
modalities such as images and texts due to their low storage
overhead and high computational efficiency. For example,
multimodal medical hashing retrieval (Zhang et al. 2025),
large language models (Chen et al. 2024), recommendation
systems (Wu et al. 2025), and retrieval-augmented genera-
tion (Luo et al. 2025a; Zhao et al. 2024). Hashing methods
accelerate the retrieval process significantly by compressing
original features into compact binary codes while preserving
semantic similarity. In deep hashing learning, existing meth-
ods can be broadly divided into supervised and unsupervised
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Figure 1: The retrieval performance of the CPH method (Cui
et al. 2024) deteriorates substantially as the noise ratio in-
creases, highlighting its vulnerability to label noise and the
lack of robustness in noisy environments.

approaches. Supervised hashing methods leverage label in-
formation to guide the learning of discriminative hash codes,
typically achieving superior retrieval performance. In con-
trast, unsupervised methods lack semantic supervision, lead-
ing to poor discriminative hash codes, thereby limiting their
effectiveness in open-world scenarios.

In real-world applications, retrieval systems frequently
encounter cross-domain challenges, where query samples
and database samples originate from different data distri-
butions. Traditional hashing methods often fail to maintain
hash code consistency in such settings, as they lack the abil-
ity to model distribution shifts across domains, leading to
notable performance degradation. As a result, unsupervised
cross-domain hashing retrieval (UCDHR) (Cui et al. 2024;
Wang et al. 2023b,c) has attracted increasing attention. It
aims to construct a shared semantic space across domains,
where semantically similar samples from different distribu-
tions are projected into similar hash codes. Although exist-
ing cross-domain hashing methods alleviate domain shift to
a certain extent, they typically rely on the strong assump-
tion that training data is clean and accurately labeled, which
rarely holds in the real world. Due to the limitations in data
collection and annotation costs, along with the prevalence
of weakly supervised methods, source domain data in real-



world applications often contain substantial noisy labeled
samples. The presence of these noisy labels inevitably leads
to the overfitting problem during training, thus transferring
noisy knowledge to the target domain. Specifically, the pres-
ence of noisy information misguides the model to learn in-
correct hash codes, which hinders the learning of semantic
consistency and ultimately degrades the performance of un-
supervised hash retrieval. As illustrated in Figure 1, state-
of-the-art cross-domain hashing methods suffer a significant
drop in mAP retrieval performance when confronted with
varying levels of label noise. Particularly under high noise
rates, the model’s performance fluctuates drastically, reveal-
ing poor robustness and inadequate cross-domain general-
ization. These observations highlight the urgent need to ad-
dress label noise in the context of robust domain adaptive
hash retrieval.

To this end, we propose a robust cross-domain hashing re-
trieval method that aims to mitigate the interference of noisy
labels by leveraging data structure information and seman-
tic alignment mechanisms, thereby achieving more stable
and accurate retrieval performance across domains. More
specifically, we propose a novel noise modeling and correc-
tion learning framework, named Robust Domain Adaptive
Hashing (RDAH) as shown in Figure 2. First, we introduce
an innovative structural noise modeling approach that fits
the sample-wise loss distribution using a Gaussian mixture
model (GMM), uncovering the underlying noise distribution
characteristics. Subsequently, the confidence of each sample
is adaptively modeled based on the posterior probability, and
the source data is dynamically divided into clean and noisy
sample sets. For noisy samples, we further design a neigh-
bor consistency correction strategy that leverages the se-
mantic information of their corresponding high-confidence
clean neighbors for correction in the feature space, thereby
enhancing both discriminability and semantic consistency.
Finally, to further mitigate the adverse effects of noisy la-
bels on hash code learning, we propose a dual-level align-
ment module to align cross-domain semantic structures from
both the global category-level and domain-level perspec-
tives, thereby effectively improving the robustness and trans-
ferability of the learned hash representations.

Our contributions can be summarized as follows:

* We reveal and summarize the negative impact of noisy la-
bels in the source domain on unsupervised domain adap-
tive hash retrieval. To address this issue, we propose a
robust domain adaptive hash retrieval method to learn
domain-invariant hash representations. To the best of our
knowledge, this work is the first to investigate label noise
in domain adaptive hash retrieval.

To mitigate the impact of noisy labels in the source do-
main, we propose a dynamic structural noise modeling
and correction mechanism that reliably distinguishes and
corrects noisy samples instead of discarding them arbi-
trarily, further reducing the risk of overfitting caused by
limited training data in the source domain.

To better alleviate the semantic misalignment problem
caused by domain shift and noisy labels, we align cross-
domain semantic structures at both the class-level and
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domain-level perspectives, effectively improving the ro-
bustness and generalization of hash representations.

» Extensive experimental results show that our method,
RDAH, consistently outperforms state-of-the-art unsu-
pervised domain adaptive hashing approaches under var-
ious levels of label noise, achieving significant gains in
key metrics such as mAP.

Related Work
Learning to Hash

In recent years, hash learning has received increasing atten-
tion in the field of image retrieval because it can better bal-
ance computational efficiency and retrieval accuracy. Cur-
rent hashing techniques can be generally divided into two
categories: unsupervised and supervised hashing methods.
Unsupervised hashing methods mainly consist of similar-
ity reconstruction-based methods (Tu, Mao, and Wei 2020;
Luo et al. 2020), pseudo-label-based methods (Zhang et al.
2020; Yuan et al. 2020), and self-supervised learning-based
methods (Jang and Cho 2021; Qiu et al. 2021). These meth-
ods directly or indirectly learn the semantic information
of the hash codes. Supervised hashing approaches can be
grouped into pairwise methods (Li et al. 2017; Chen et al.
2019), ranking-based methods (Lai et al. 2015; Cakir et al.
2019), and pointwise methods (Hoe et al. 2021; Yuan et al.
2020). The primary difference among these methods lies in
the granularity of the supervision signals they exploit. Pair-
wise methods or ranking-based methods construct a similar-
ity structure that guides the hash code learning. However,
pointwise methods directly take advantage of label informa-
tion instead of similarity information. Although these meth-
ods have achieved encouraging results on standard bench-
marks, in real applications, when the training data and query
data come from different distributions, we urgently need to
focus on domain adaptive hash retrieval methods.

Domain Adaptive Hashing

Domain adaptive hashing learning has received widespread
attention in recent years. Its core goal is to effectively trans-
fer rich source domain knowledge to the label-poor target
domain, thereby improving image retrieval performance in
cross-domain scenarios. Traditional methods (Gong et al.
2012; Huang, Zhang, and Gao 2021; Huang et al. 2020; Liu
and Zhang 2019) use machine learning principles to align
the feature distributions or structures of the source and tar-
get domains, and learn hash representations that are domain-
invariant and discriminative. Thanks to the widespread ap-
plication of deep learning in domain adaptation, a series
of deep hashing-based domain adaptation methods have
emerged in recent years. PEACE (Wang et al. 2023a)
progressively minimizes the uncertainty of pseudo-labels
through alternative optimization under the guidance of the
domain discrepancy, and removes domain discrepancy in
the Hamming space from two views. ROSE (Yang et al.
2024) proposes relational and prototypical structure learning
to handle the universal domain adaptive problem. CPH (Cui
et al. 2024) proposes learning a domain-shared unit hyper-
sphere space through prototype contrastive learning, while



preserving inter-sample similarity relationships within both
domains. COUPLE (Luo et al. 2025b) proposes graph diffu-
sion to achieve a stable target domain adaptation process.

Learning with Noisy Labels

As noisy labels severely degrade the generalization perfor-
mance of deep neural networks, various methods have been
proposed to improve robustness against noisy labels. Exist-
ing methods can be roughly divided into three categories: 1)
Model-based methods (Li et al. 2022; Yao et al. 2020) intro-
duce specialized structural modules or parameterized mod-
eling mechanisms to simulate the transition matrices from
clean labels to noisy ones, enabling the network to adapt
to label corruption during training. 2) Loss-based methods
(Zhang and Sabuncu 2018; Ren et al. 2018; Jiang et al. 2018)
attempt to design robust loss functions or reweight samples,
which employ automatic learning to assign weights to train-
ing samples. 3) Sample-based methods (Li et al. 2020; Wang
et al. 2018; Jiang et al. 2020) attempt to separate clean sam-
ples from corrupted samples, and train the model on clean
samples. Although these methods perform well on single-
domain learning, they cannot be directly applied to domain
adaptive hash learning under noisy labels.

Methodology
Problem Definition

To ensure clarity and facilitate understanding, let D, =
{3,y f;l represent the source domain data with noisy
labels, where N, is the sample number. D; {at} N,
represents the target domain data, where z! represents the
i-th sample from the target domain, and N; is the sam-
ple number. Cross-domain hashing retrieval employs knowl-
edge transfer to learn similarity-preserving hash codes B! =
[bh, ..., b1 € {—1,1}"*!, where b} denotes a compact I-
bit binary code. In single-domain retrieval, both the queries
and the database originate from D;, whereas cross-domain
retrieval requires matching the queries from D, with sam-
ples from Dj. Noisy labels in the source domain not only
destroy the similarity-preserving hash codes but also com-
bine with domain discrepancy to exacerbate domain shift.
Our goal is to learn a noise-invariant robust hashing method.

Warm-up Training on Noisy Source Data

Recent research (Arpit et al. 2017) has shown that after a
short warm-up period, deep neural networks (DNNs) are
more likely to produce accurate predictions for simple sam-
ples that are close to the ground-truth labels, while consis-
tently yielding incorrect predictions for more noisy samples.
To alleviate the overfitting problem of cross-entropy (CE),
inspired by (Zhang and Sabuncu 2018), we adopt the robust
generalized cross entropy (GCE) loss to mitigate the impact
of noise in warm-up stage. Thus, we compute the discrimi-
native loss for each sample as follows:
1— f,s(x)?

Lgce(f(xf)7 yzs7 Q) = (f?z(l))’
where f (x?) represents the predicted probability of sam-
ple xf on the true label y7, and ¢ € (0,1]. GCE loss

ey
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degenerates to CE when ¢ approaches 0, and reduces to
the Mean Absolute Error (MAE) when ¢ = 1. For sim-
plicity, we denote the GCE loss of the ¢-th source sample

Lyce(f(27),y75q) as L.

Progressive Noisy Filtering and Correction

To successfully separate source samples into clean and noisy
labeled data, and subsequently reassign pseudo labels to the
identified noisy samples, we propose a progressive noisy fil-
tering and correction module (PNFC) in Figure 2. The PNFC
consists of two stages: GMM-based Noise Separation (GNS)
and Neighbor Consistency Correction (NCC).
GMM-based Noise Separation. Considering the memory
effect of DNNs, the loss of clean samples converges faster
than that of samples with noisy labels (Arpit et al. 2017;
Zhang et al. 2021). Therefore, we adopt a two-component
Gaussian Mixture Model (GMM) to separate the noisy
source samples into clean and noisy labeled data. Specifi-
cally, for each sample loss L; in the source domain, the prob-
ability density of the two-component GMM is calculated as
follows:
R
G(Li) = Beo(Lilr), )
r=1

where R = 2 defines the number of Gaussian components,
and 3, denotes the mixing coefficient in the convex combi-
nation. ¢(L;|r) is the probability density function. The pos-
terior probability ¢ (r | L;) indicates the possibility that the
source sample x; belongs to the set of clean samples, where

7 has a smaller mean. ¢(r | L;) is formulated as:

() (Lalr')
(L) '

Next, a threshold is applied to the posterior probability

¢ (r'|L;) to dynamically separate the source data into clean
samples and noisy labeled samples, as follows:

{ Dg O (x5, y5), w(T:|Li) >,
D? 2 (xfayf)a 1/)(7 |L1) <7,

where D{ represents the clean data set, DY denotes the noisy
label data set. Subsequently, we reassign pseudo labels to the
noisy sample set D7 to facilitate effective adaptive learning.
Neighbor Consistency Correction. To enhance semantic
alignment between the source and target domains and pre-
vent the model from overfitting to noisy labeled data, we
propose a neighbor consistency correction (NCC) module
to rectify noisy labels. Specifically, for the noise instance
x; € DY, we use the k-nearest neighbor algorithm to search
for the neighbors of k clean samples, formulated as:

N (a7, k) ={(25,97), 7 =1,....k, Va§ € D}

W(r'|L;) = 3)

“4)

(&)

Here, N'(z$, k) denotes the clean sample neighbors of the
noisy instance 3, which helps ensure the accuracy of the re-
assigned pseudo labels. Furthermore, we perform the Jensen
Shannon divergence (JSD) metric between the model pre-
dicted label distribution g of the noisy instance =7 and the
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Figure 2: The overview of RDAH. Our goal is to learn noise-tolerant domain adaptive hash codes. Specifically, we model the
noise distribution using a Gaussian mixture model and correct for noisy labels. In addition, we propose a dual-level cross-
domain alignment strategy that collaboratively mitigates the challenges of domain shift and label noise.

true label distribution y; of its k& neighbors as follow:

k k s ~s
. : 1 YTy
ZJSD(yf,yj) = Z(§KLD(Z/§ | JT)
j=1 j=1
1 I
+5KLD@G; | ==—), (6

where KLD(.) defines the Kullback-Leibler divergence func-
tion. The smaller Q(z7) Z?Zl JSD(9;,y;) is, the more
consistent the distribution between g; and y; becomes. In

addition, a threshold is set for Q(xf) < 7 to ensure re-
liable pseudo labels. For the noisy instance x7, we adopt
the weighted label correction strategy to generate credible
pseudo labels as follows:

k

g = arg maXZ(l — JSD(3;,y5)) - y5, (7
(& j:1

where ¢ = 1,2, ..., C indicates that the c-th component of

the label distribution vector has the highest value. Therefore,

if both Q(xF) < n and Eqn. (7) are satisfied, a pseudo label

y; is assigned to the noisy instance z;, denoted as (z;, ¥;).

Dual-level Cross-domain Alignment

Following the progressive noisy filtering and correction, we
employ dual-level cross-domain alignment to achieve do-
main alignment in Figure 2. To address the noisy sample is-
sue in domain alignment, we first introduce a prototype con-
trastive learning objective. The goal is to pull positive pairs
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of prototypes from the same category across the source and
target domains closer together, while pushing negative pairs
from different categories further apart, thereby boosting the
semantic compactness and discriminability of the learned
representations in the shared feature space.

Cross-domain Prototype Alignment. Previous works
adopted the Hamming center alignment (Wang et al. 2023a)
to achieve semantic alignment, which compacts different
samples to their corresponding semantic centers in the com-
mon feature space. However, due to noisy labels in the
source, instance samples are misaligned with their corre-
sponding centers, which makes it difficult to optimize the
compactness of hash representations. To tackle these issues,
we utilize the prototype contrastive loss to optimize hash

code learning, formulated as:
e
cha:*Z—log — S—
O eap(WE) 4 X, cap(WE
®)

where 7 represents the temperature hyperparameter. p3 and
pl. are regarded as positive pairs, and prototypes of other cat-
egories are considered as negative samples. The source do-
main prototype p; is calculated by averaging the samples
with the same label. The target domain prototype p. is ob-
tained by averaging target domain samples with the same
pseudo-label. The target domain pseudo-label assignment
process is expressed as ! = argmax cos(f(x!),p?). The

T
(P2)" pL

eap( P2 )

C
prototype contrastive learning method is more suitable for



cross-domain hash representation learning under noise, as it
dilutes the negative impact of noise.

Domain Adversarial Alignment. To enforce consistency
across domain representations, we use the domain adversar-
ial alignment (DAA) loss as the global domain alignment
loss. Specifically, a discriminator network d is trained in an
adversarial manner, which attempts to distinguish whether
features arise from the source domain or the target domain,
while features attempt to confuse d. The adversarial loss for
global feature alignment is defined as follows:

N,

Laaa(DosD0) = =5 > logld((a£))
1
—x; 2 leg(L = d(f(@)- ©)

Similarity Preserving Loss. To preserve the intrinsic rela-
tionships among samples in the hash space, following (Cui
et al. 2023, 2024), we utilize a Similarity Preserving Loss
(SPL). Specifically, we first leverage the similarity matrix
from the source domain labels to guide the hash learning
process, which is formulated as follows:

L1 = 6G* — cos(H*, H") |3, (10)

where § is defined as a scaling factor, and G* denotes the
similarity matrix of source domain labels. H?® signifies the
source domain relaxed hash codes obtained through the hash
encoder H(-). To transfer the learned knowledge from the
source domain to the target domain, we enforce the features
from both domains to be close to their corresponding hash
codes, calculated as follows:

Lop2 =|| cos(Z°,Z") — cos(H*, H') Hg’ (11)

where Z*, Z* represents the source and target domain fea-
tures, H*, H' denotes the source and target domain hash
codes. Therefore, the similarity preserving loss is formulated
as follows:

Lsp = Lspl + )\Lsp27

where ) is a hyperparameter to balance the loss.
Quantization Loss. To ensure that the relaxed hash codes
closely approximate the binary hash codes, we employ quan-
tization loss for both the source and target domains. The
quantization loss is calculated as follows:

(12)

1 1
Ly=5 | B* = H 345 | B" = H' |5 (13)

Here, B*, B! represent the binary hash codes.
Finally, the overall objective loss is formulated as follows:
L = ALy, + 2Ly + A3Lg, + MLgga, (14)
where A1, A2, A3, and \4 are trade-off parameters.

Experiments
Experimental Settings

Office-31 (Saenko et al. 2010): consists of three distinct
domains: Amazon (A), Webcam (W), and DSLR (D). The
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dataset contains a total of 4,110 images from 31 differ-
ent categories. Following previous research, we conduct six
transfer image retrieval experiments: A—W, W—A, A—D,
D—A, W=D, and D—W.
Office-Home (Venkateswara et al. 2017): consists of four
domains: Product images (Pr), Real-World images (Rw),
Artistic images (Ar), and Clip Art (Cl). It is a larger dataset
containing 15,500 images across 65 categories. Follow-
ing previous works, we conduct experiments on six cross-
domain image retrieval tasks:Pr—Rw, Rw—Pr, Rw—Ar,
Ar—Rw, Cl—Ar, Ar—Cl.
Digits: This dataset consists of two digit datasets: MNIST
(LeCun et al. 2002) and USPS (Hull 2002). Either dataset
can be selected as the source or target domain, resulting in
two transfer tasks: MNIST(M) — USPS(U) and USPS(U)
— MNIST(M).
Implementation Details. We select nine state-of-the-art do-
main adaptive hashing methods for comparison, including
ITQ (Gong et al. 2012), GTH-g (Liu and Zhang 2019),
GTH-h (Liu and Zhang 2019), DAPH (Huang, Zhang, and
Gao 2021), PWCF (Huang et al. 2020), PEACE (Wang et al.
2023a), ROSE(Yang et al. 2024), CPH (Cui et al. 2024), and
COUPLE (Luo et al. 2025b). Our method is evaluated us-
ing three common metrics: mean Average Precision (mAP),
precision-recall curve, and Top-K precision curve.
Following prior studies (Huang et al. 2020; Cui et al.
2024), each dataset consists of 10% randomly selected target
samples for testing, and the rest is used for training. This ex-
periment employs a VGG-16 as the backbone for feature ex-
traction. Specifically, our hash encoder employs a two-layer
MLP model to project the visual features into the Hamming
space. The entire network is optimized by the Adam update
rule with the learning rate 0.0001 and batch size 256. The
training epochs for all datasets are set to 500. For the hy-
perparameters in RDAH, we set A\1 = 0.1, A2 = 0.01,
A3 =0.1,M =01, \1 =1, A2 =1, A3 = 100, M = 10,
and A1 = 0.01, A2 = 0.01, A3 = 0.01, A = 0.01 on
Office-31, Office-Home and Digits, respectively. The 7 is set
to 0.5 and vy is set to 0.5. The warmup epochs for Office-31,
Office-Home, and Digits are set to 5, 5, 15. ¢ is set 0.75.

Comparison with the State-of-the-Art Methods

To quantitatively show the performance of our proposed
RDAH, we emulate noisy transfer by randomly shuffling la-
bels at specific noise ratios. We report results with noise ra-
tios of 40%, 60%, and 80% for comprehensive comparison
with current SOTA methods (e.g., CPH and COUPLE).
Table 1 details the results of Office-31 and Office-Home
at different noise ratios. We find that the SOTA methods
(i.e., CPH and COUPLE) significantly outperformed pre-
vious cross-domain hash retrieval methods. However, con-
cerningly, as the noise ratio increases, the performance of
these methods drops sharply due to their failure to model
noisy data. A significant enhancement is achieved by our
proposed RDAH on cross-domain retrieval tasks. Specifi-
cally, our proposed RDAH method achieves average perfor-
mance gains of approximately 9.77%, 15.78% and 12.73%
over CPH on the Office-Home and Office-31 datasets under



Noisel Methods Office-31 Office-Home Avg.
A— WW — AA —-DD — AW — DD — W|Pr - RwRw — PrRw — ArAr — RwCl — ArAr — CI

1TQ 22.03 2247 2520 27.12 5448 4542 | 3597 3591 28.09 27.96 1396 12.85 [29.29
GTH-g | 9.71 9.37 1070 9.90 2049 2221 | 12.64 13.59 11.04 11.70 4.92 5.40 |11.81
GTH-h | 11.74 9.64 1391 9.53 1847 1845 | 13.91 12.75 10.75 11.37 5.05 5.78 |11.78
PWCF | 10.80 11.81 15.39 10.13 18.89 20.22 | 16.00 18.77 16.98 13.97 7.75 3.93 |13.72

40% DAPH | 1299 11.51 13.13 10.81 20.56 20.28 | 15.36 16.13 14.30 12.29 6.44 6.15 [13.33
PEACE | 27.14 33.67 41.47 3837 82.65 64.55| 50.01 64.98 36.85 56.01 8.95 15.26 43.33
ROSE | 43.74 29.35 47.38 28.67 45.15 41.90 | 20.52 16.64 20.66 20.58 17.56 11.58 [28.64

CPH | 50.08 50.97 57.51 49.33 88.98 77.17 | 55.04 53.28 38.06 43.02 29.76 19.07 51.02
COUPLE| 36.24 34.45 39.88 37.46 78.96 6579 | 43.99 46.51 32.81 36.74 22.18 14.08 [40.76
Ours | 60.17 59.04 66.88 56.40 93.14 80.18 | 71.42  69.09 54.98 55.69 39.18 23.62 160.79

ITQ |23.06 21.59 2487 24.08 58.53 48.07 | 34.53 36.19 28.10 28.33 13.87 11.79 [29.42
GTH-g | 6.29 685 626 6.79 10.68 1047 | 6.87 7.50 6.29 5.95 3.07 3.05 |6.67
GTH-h | 7.10 6.25 8.03 623 1057 10.41 6.99 7.76 7.68 6.29 3.30 3.49 |7.01
PWCF | 910 6.65 934 632 1220 8.53 9.14 11.26 11.34 7.04 4.79 2.35 |8.17

60% DAPH | 754 743 7.68 855 11.01 12.61 8.09 8.76 8.49 8.53 3.57 3.25 |7.96
PEACE | 11.62 19.23 10.63 20.49 70.10 45.07 | 35.20 57.10 28.57 45.49 5.89 10.75 [30.01
ROSE | 38.29 24.03 38.17 20.14 36.83 3420 | 18.92 16.44 18.26 20.93 16.21 10.42 [24.40

CPH | 37.72 40.59 43.08 37.44 7590 61.01 | 39.59 38.37 28.18 26.55 18.93  12.47 [38.32
COUPLE| 28.90 26.53 31.87 30.65 69.47 58.16 | 30.30 32.20 25.85 23.23 13.55 996 [31.72
Ours | 55.34 53.38 59.62 48.55 8698 70.17 | 66.48 61.64 51.02 43.23 32.70 20.06 54.10

ITQ 2195 21.24 2458 2671 58.89 4725 | 34.50 36.62 28.55 26.82  13.61 12.42 29.43
GTH-g | 460 440 4.68 436 5.68 642 3.13 3.24 2.97 2.69 2.17 2.16 |3.88
GTH-h | 470 457 485 490 629 6.38 3.02 3.29 2.95 2.88 2.19 226 (4.02
PWCF | 472 495 420 481 596 527 3.29 3.42 3.28 3.18 2.45 2.33 |3.99

0% DAPH | 456 429 501 464 596 6.59 3.29 3.42 3.28 3.18 2.44 2.33 14.08
PEACE | 797 11.73 554 9.03 3143 1844 | 1094 31.19 6.95 23.77 4.03 3.68 |13.73
ROSE | 23.47 18.64 2381 17.33 2794 30.72 | 11.86 13.25 12.96 11.71 11.75 7.46 |(17.58

CPH |28.39 29.54 32.35 31.77 62.73 51.64 | 2894 32.14 23.40 21.48  12.64 9.22 [30.35
COUPLE| 26.17 24.10 29.47 29.47 60.63 50.85| 27.15 29.55 23.59 19.32  11.76  9.28 [28.45
Ours | 4698 38.51 52.09 37.25 72.44 60.19 | 5045 47.20 43.07 33.84 19.01 15.96 43.08

Table 1: Cross-domain retrieval performance comparison with baselines on the Office-31 and Office-Home benchmarks with

distinct noise ratios. The best result is marked in bold, and the second-best result is underlined.

MNIST = USPS

Methods |16 35 g4 128 Ave

~CPH [38.08 39.74 6220 6366 6002
COUPLE | 2792 2957 27.56 30.13 28.79
Ours | 66.90 6232 69.69 68.01 66.73

USPS = MNIST
Methods | 16 357 " g4 128
CPH [ 3562 3986 4475 49.15
COUPLE | 2739 25.79 2630 3022
Ours | 4472 45778 49.43 50.14

Avg.
42.35
27.42
47.52

Table 2: Comparison of single-domain retrieval mAP perfor-
mance on the MNIST and USPS with 40% label noise.

varying noise levels, indicating that our RDAH method is
more stable in resisting different noise levels.

To comprehensively demonstrate the effectiveness of
RDAH in single-domain retrieval, we present the single-
domain mAP results on the Digits dataset in Table 2, where
the hash code length varies from 16 to 128 bits. It is clear
that our RDAH outperforms other methods regardless of
M—U and U—M. Moreover, we present the Top-K preci-
sion curves and precision-recall curves of COUPLE, CPH,

and our RDAH method for single-domain retrieval tasks on
the Digits dataset with 64-bit hash codes in Figure 3. The
precision-recall curve evaluates the trade-off between preci-
sion and recall at all retrieval thresholds, while the Top-K
precision reflects the model’s ability to prioritize relevant
samples. In contrast, our RDAH method achieves greater
coverage in the precision-recall curves, fully demonstrating
the superior performance of our RDAH method when en-
countering noise. Similarly, in the Top-K precision curve, as
the number of retrieved images increases, our method is able
to retrieve more correct images, which further underscores
the effectiveness and superiority of our proposed approach.

Ablation Study

To verify the effectiveness of our proposed modules, we
investigate six variants of RDAH on Office-31 benchmark
with a 0.8 noisy setting, as shown in Table 3. From the quan-
titative results, we can draw the following conclusions: 1)
When the input data lacks noise-robustness processing, the
mAP performance drops significantly by nearly 7%. After
using the structured noise partitioning and correction strat-
egy, we observe performance improvements across all re-
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v v v v v v | 3351 3092 31.69 2744 7162 57.73 |42.15
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v vV v v | 4020 3377 3868 2629 67.05 57.29 |43.88
v vV vV 43.03 3428 4159 3492 7197 5841 |47.37

Table 3: Ablation study on Office-31 dataset with 80% label corruption rate. The best results are marked in bold font.
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Figure 3: Comparison of precision-recall and Top-K preci-
sion curves of different methods on MNIST and USPS.

sults. 2) The results demonstrate that cross-domain proto-
type alignment outperforms domain adversarial alignment.
However, both have positive effects on cross-domain hash-
ing learning, primarily attributed to the fact that prototype
alignment can establish category alignment, while adversar-
ial alignment can establish global alignment to eliminate do-
main shift. 3) The semantic similarity preservation module
plays an important role in maintaining the semantic consis-
tency between features and hash codes.

Feature Distribution Analysis

Figure 4 visualizes discriminative hash codes learned by
COUPLE, CPH, and our RDAH during testing. It is con-
vincing that the hash codes learned by RDAH are more dis-
criminative, thus achieving more effective image retrieval.
The superior performance of our method can be attributed
to a key design aspect: the structural noise modeling and
correction strategy can effectively identify and correct noisy
samples, thereby learning more reliable semantic alignment
information. Figure 5 visualizes the Top-5 retrieved images
for the two methods. Our RDAH can retrieve more rele-
vant images. For example, when the query is a laptop, our
method retrieves more laptops than computers. This pro-
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Figure 4: The t-SNE visualization on the Office-31 dataset
under 40% label noise for the W—D transfer task.
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Figure 5: Comparison of Top-5 retrieved images between
CPH and our method on Office-Home. Red boxes indicate
incorrectly retrieved images.

foundly demonstrates that our method exhibits efficient and
accurate hash retrieval capabilities in the presence of noise.

Conclusion

This paper investigates the important yet under-explored
problem of domain adaptive hash retrieval under noisy con-
ditions. To address this challenge, we propose a novel robust
domain adaptive hash method named RDAH. Specifically,
we first introduce structured noise modeling and neighbor-
hood correction, which effectively alleviate the overfitting
caused by noisy labels. Second, to tackle the dual challenge
of domain shift, we enhance the semantic consistency of
hash representations across domains by integrating proto-
type alignment with adversarial alignment. Finally, exten-
sive experiments on three widely recognized domain adap-
tation benchmarks demonstrate the superior performance of
the proposed RDAH method.
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