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Abstract

This paper studies the complex challenge of cross-domain
image retrieval under the condition of noisy labels (NCIR),
a scenario that not only includes the inherent obstacles of
traditional cross-domain image retrieval (CIR) but also re-
quires alleviating the adverse effects of label noise. To ad-
dress this challenge, this paper introduces a novel Robust Do-
main Alignment framework (RoDA), specifically designed
for the NCIR task. At the heart of RoDA is the Selective
Division and Adaptive Learning mechanism (SDAL), a key
component crafted to shield the model from overfitting the
noisy labels. SDAL effectively learns discriminative knowl-
edge by dividing the dataset into clean and noisy parts, sub-
sequently rectifying the labels for the latter based on in-
formation drawn from the clean one. This process involves
adaptively weighting the relabeled samples and leveraging
both the clean and relabeled data to bootstrap model train-
ing. Moreover, to bridge the domain gap further, we introduce
the Accumulative Class Center Alignment (ACCA), a novel
approach that fosters domain alignment through an accumu-
lative domain loss mechanism. Thanks to SDAL and ACCA,
our RoDA demonstrates its superiority in overcoming label
noise and domain discrepancies within the NCIR paradigm.
The effectiveness and robustness of our RoDA framework
are comprehensively validated through extensive experiments
across three multi-domain benchmarks.

Code — https://github.com/yznovo/RoDA

Introduction
Given a query image from one domain, cross-domain im-
age retrieval (CIR) is designed to search relevant images
across different domains by leveraging the similarities of vi-
sual features. Based on the iterative advancements of image
retrieval techniques and accumulation of massive volume
data from different domains, CIR gradually serves as a fun-
damental task across a variety of applications, including e-
commerce (Huang et al. 2015), social media (Yang, Zhang,
and Xu 2014), medical image analytics (Zheng, Li, and Liu
2023), and beyond (Li et al. 2022b). Accomplishing the CIR
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Figure 1: Visualization of cross-domain image retrieval with
noisy labels (NCIR), the upper part depicts that the clean
and the noisy knowledge are both transferred between the
query and gallery domain, and the lower part presents some
specific image samples from both domains corresponding
to the upper part. Distinct colors represent various domains,
while unique shapes denote different classes. Besides, dotted
shapes represent samples with noisy labels within each class.

task involves tackling two main challenges: learning feature
representations that are both compact and discriminative
within domains, and achieving alignment across domains
with distinct characteristics and distributions. A consider-
able volume of research, represented by (Taylor and Stone
2007; Xie et al. 2019; Huang et al. 2020; Wang et al. 2020a;
Hu, Zhang, and Lee 2023; Yin et al. 2024; Li et al. 2024;
Wang, Du, and Zhu 2024; Iijima and Stathaki 2024) has been
dedicated to solving these challenges. During these research
endeavors, supervised approaches (Taylor and Stone 2007;
Xie et al. 2019; Huang et al. 2020; Liu et al. 2024) have
emerged as the prevalent choice due to their superior per-
formance. Nevertheless, it should be noted that supervised
CIR approaches assume the correctness of label annotations,
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underscoring their substantial dependence on the quality of
data annotations. To alleviate this dependency, unsupervised
CIR methods (Wang et al. 2023b; Hu, Zhang, and Lee 2023;
Yin et al. 2024; Li et al. 2024; Wang, Du, and Zhu 2024;
Iijima and Stathaki 2024), which do not require labels, have
been developed. However, these methods often fall short in
retrieval accuracy. In reality, collecting a perfectly annotated
dataset is not only laborious but also time-consuming, espe-
cially for complex, multi-domain datasets. Yet, datasets of
lesser annotation quality, obtained through web crawling or
crowdsourcing, are far more accessible in practical settings.
It is widely acknowledged that such lower-quality labels in-
troduce a higher incidence of incorrect labels (i.e., noisy
labels), significantly reducing the efficacy of current super-
vised approaches. To explore the negative impact of noisy la-
bels in the CIR, this paper introduces a new paradigm called
cross-domain image retrieval with noisy labels (NCIR). As
illustrated in Figure 1, noisy labels (Liu and Tao 2015; Jiang
et al. 2020; Bai et al. 2021; Liu et al. 2021; Nishi et al.
2021) from unrelated categories may be erroneously inte-
grated into each category in both domains. Such noisy labels
confuse learning features within domains and hinder the ac-
quisition of domain-invariant knowledge due to the transfer
of inaccurate information between domains. This, in turn,
leads to a noticeable decline in retrieval performance.

To tackle the above-mentioned challenges, this paper pro-
poses a novel method called RoDA. In detail, RoDA in-
corporates the Selective Division and Adaptive Learning
(SDAL) and Accumulative Class Center Alignment (ACCA)
Mechanisms. Unlike existing noise label learning meth-
ods (Li, Socher, and Hoi 2020; Li et al. 2022a) that treat
noisy data as unlabeled or attempt to refine noisy labels
based on model predictions, our SDAL innovatively re-
assigns labels for the noisy data subset by leveraging in-
sights from the clean subset after dividing the dataset into
two subsets. This relabeling process involves the utilization
of feature prototypes extracted from the clean subset, ensur-
ing a reliable rectification of noisy labeled samples. Subse-
quently, an adaptive weighting mechanism, guided by the
re-assigned labels and model predictions, directs the assign-
ment of the weights. With relabeling and weighting, SDAL
provides an effective approach to the challenges posed by
label noise in cross-domain retrieval tasks. On the other
hand, to address the issue of domain disparity, we introduce
ACCA, a strategy designed to progressively align domains
by minimizing an accumulative domain loss. This loss cal-
culation draws upon domain class centers, which are accu-
mulatively updated throughout the training process. ACCA
utilizes not only feature insights derived from clean samples
but also adaptively incorporates knowledge from relabeled
samples, facilitating the refinement of domain class centers
for both the query and gallery domains. Attributing to the
exploitation of comprehensive reliable feature information
to construct class centers, ACCA steadily diminishes the do-
main differences.

The main contributions of this paper are summarized be-
low: (1) This paper notes the existence and adverse effects
of noisy labels in CIR, a challenge we refer to as cross-
domain image retrieval with noisy labels (NCIR). To solve

the problems in NCIR, this paper proposes RoDA to achieve
robust retrieval. As far as we know, this work could be the
initial foray into exploring this specific challenge. (2) To
mitigate the interference of noisy labels in NCIR, we intro-
duce SDAL to achieve robust and adaptive learning. SDAL
partitions the dataset into clean and noisy subsets and re-
labels the noisy data with reliable labels. Furthermore, an
adaptive weighting mechanism assigns appropriate weights
to relabeled data for effective training. (3) To bridge the gap
between domains, ACCA is proposed to learn the domain-
invariant knowledge. This is achieved by minimizing an ac-
cumulative domain loss that relies on the domain class cen-
ters, drawing upon representations gleaned from both clean
and meticulously relabeled samples. (4) The experimental
results demonstrate the effectiveness and robustness of our
RoDA across a spectrum of noise conditions within NCIR
tasks. Remarkably, RoDA consistently surpasses existing
benchmarks, achieving superior cross-domain retrieval per-
formance.

Related Work
Learning with Noisy Labels
Collecting a dataset with fully correct labels is a very time-
consuming and labor-intensive task. Researchers are begin-
ning to explore noisy label learning (NLL) (Liu and Tao
2015; Feng et al. 2023a; Zheng et al. 2020; Feng et al.
2023b; Liu et al. 2024) that accomplishes the model train-
ing with low-quality datasets (Natarajan et al. 2013) as a
direction to mitigate the heavy dependence on label annota-
tions (Xiao et al. 2015) and some effective methods are pro-
posed. Currently, there are several types of approaches (Kim
et al. 2019; Yi and Wu 2019; Nishi et al. 2021; Bai et al.
2021) to achieving robust training (Li et al. 2017) for noisy
label learning. For example, GCE (Zhang and Sabuncu
2018), combines the cross entropy (CE) and mean abso-
lute error (MAE) to form a robust loss function to train the
model that can be seen as a generalization of CE and MAE
loss. To alleviate the confirmation bias, Co-teaching (Han
et al. 2018) and JoCoR (Wei et al. 2020) propose the effec-
tive learning paradigm which utilizes two models simultane-
ously to select the clean samples, and each network teaches
the knowledge to its peer network. Due to the two networks
having different learning abilities, they can neglect differ-
ent label noise, which makes the models overfit less error
information during training. And one more effective line
for NLL is combining sample selection and semi-supervised
learning (Wang et al. 2020b; Ding et al. 2018). Typically,
the DivideMix (Li, Socher, and Hoi 2020), SSR (Feng, Tz-
imiropoulos, and Patras 2021) and NCE (Li et al. 2022a)
show great results by training the model on both labeled
and unlabeled data in a semi-supervised manner after the
sample selection. These sample selection-based approaches
mitigate susceptibility to noisy labels by filtering out sam-
ples with noisy labels. However, all current strategies have
primarily been applied in single-domain scenarios. Their ef-
fectiveness diminishes significantly when applied to cross-
domain tasks, due to differences in distribution and imbal-
ances in sample categories across domains.
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(a) Training Pipeline (b) Training Process

Figure 2: The framework of our RoDA. (a) The workflow of our method. RoDA involves two peer models A and B. First, we
warm up models through all training data using the Lwarmup to achieve initialization. Next, RoDA accomplishes the division
and relabeling to obtain the relabeled data, then adaptively assigns weights for these relabeled samples. Finally, with clean and
relabeled data, RoDA implements the main training phase. (b) The main training process of RoDA. After the warmup phase,
each model obtains the clean and noisy subset of query and gallery domains by selective division. Initially, RoDA utilizes
the information of clean data to calculate the feature prototypes. With these prototypes, RoDA relabels the noisy data and
assigns weights through the adaptive weighting mechanism after relabeling. Eventually, RoDA calculates the Lsdal with clean
and weighted relabeled samples in both domains. Meanwhile, the features of clean and relabeled samples after weighting are
utilized to update the domain class centers and obtain the Lacca.

Cross-domain Image Retrieval

Cross-domain Image retrieval (CIR) (Li et al. 2013) is based
on image retrieval (Zheng 2015), which aims to retrieve
the images in the gallery domain matching the category of
given image from query domain (Xie et al. 2019; Lin et al.
2016). Compared to traditional image retrieval, CIR consid-
ers the complexities of cross-domain requirements. Several
effective supervised methods (Gajic and Baldrich 2018; Guo
et al. 2017; Wang et al. 2019; Chen et al. 2019; Xie et al.
2019; Wang et al. 2020a; Li et al. 2022b; Wang et al. 2023a)
have been introduced to bridge the domain gap, address-
ing the challenges inherent in this issue. For example, Bo-
jana et.al (Gajic and Baldrich 2018) propose a three-stream
Siamese architecture and use the triplet loss for training.
Guo et.al (Guo et al. 2017) utilize the generative adversar-
ial network to generate the imaginary images combining the
characteristics of query and gallery domains. However, these
methods are heavily dependent on the accuracy of sample
labeling. Moreover, some methods even need to match sam-
ples belonging to the same categories from query and gallery
domains to form training sample pairs (Taylor and Stone
2007). Beyond the supervised approaches mentioned above,
there also exist some unsupervised cross-domain image re-
trieval (UCIR) methods as well (Taigman, Polyak, and Wolf
2016; Huang et al. 2020; Hu, Zhang, and Lee 2023; Wang
et al. 2023b). Unsupervised methods are free from depen-
dence on labels, but the corresponding results are not satis-
factory. In this paper, we propose an untouched but challeng-
ing problem, i.e., cross-domain image retrieval with noisy

labels (NCIR). It necessitates feature learning and inter-
domain alignment in the face of noisy label interference.
Unlike supervised CIR, which demands accurate labels and
even matching pairs, and unsupervised CIR, limited by ig-
noring labels, NCIR emerges as a more practical task. It
strikes a balance between the need for high-quality labels
and the pursuit of superior performance.

Problem Formulation
For clarity and ease of understanding, we start by provid-
ing the symbols used in this paper along with the defini-
tions. We use D = {DQ,DG} to denote the cross-domain

datasets. Here, DQ = {XQ,Y Q} = {xQ
i , ỹ

Q
i }

NQ

i=1 and
DG = {XG,Y G} = {xG

i , ỹ
G
i }

NG

i=1, represent the sam-
ples of query domain and gallery domain with noisy la-
bels respectively, where N denotes the number of sam-
ples in domains, xd

i represents the i-th sample in domain
d (d ∈ {Q,G}), ỹdi ∈ {1, · · · , c} represents its correspond-
ing class label which may be different from its ground truth
label and c indicates the total number of categories.

Overview of Method
To address the challenges of the NCIR task, we propose Ro-
bust Domain Alignment for Cross-domain Retrieval against
Label Noise (RoDA), as shown in Figure 2. RoDA contains
two training steps: the warmup phase and the main training
phase.

During the warmup phase, we use the original labels of
the samples for supervision and employ cross entropy as the
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defined training objective, which is expressed as follows:

Lwarmup = − 1

N

N∑
i=1

ỹi log (g (f (xi))) , (1)

where N is the number of all training samples, f and g rep-
resent the feature extractor and classifier respectively. After
warmup, we can obtain the initialized models with fairly re-
liable parameters thanks to the memory effect of the deep
neural network (Arpit et al. 2017).

In the main training phase, our RoDA incorporates three
parts: selective division (SD), adaptive learning (AL), and
accumulative alignment. Specifically, the Selective Division
and Adaptively Learning Mechanism (SDAL) first divides
the whole dataset into clean and noisy subsets through sam-
ple selection. After that, SDAL utilizes information from
the clean subset to relabel the noisy subset. This process
rectifies mislabeled samples, further reducing label noise
and increasing the amount of reliable training data. Further,
SDAL assigns weights to these relabeled samples using an
adaptive weighting mechanism. Additionally, Accumulative
Class Center Alignment (ACCA) is employed to eliminate
the domain gap by minimizing the domain loss based on
class centers. By learning knowledge within and across do-
mains together, we effectively achieve the cross-domain im-
age retrieval task with the interference of label noise. The
overall training objective function for RoDA is formulated
as follows:

Lroda = Lsdal + λLacca, (2)

where Lsdal and Lacca respectively define the loss terms uti-
lized by SDAL and ACCA. λ is the trade-off parameter. In
the following section, we will describe RoDA in more detail.

Selective Division and Adaptive Learning
To alleviate the erroneous information brought by label
noise in cross-domain image retrieval with the noisy labels
(NCIR), we propose SDAL, inspired by the methods based
on sample selection (Li, Socher, and Hoi 2020; Li et al.
2022a). It splits samples into two distinct groups for pro-
cessing, aimed at diminishing the impact of noisy labels.
However, different from these methods, SDAL enhances
this approach by rectifying the labels of all samples identi-
fied as noisy, utilizing feature prototypes derived from clean
samples. Additionally, SDAL applies an adaptive weighting
mechanism to these relabeled samples, further optimizing
the process.

Selective Division
Considering the confirmation bias, we utilize the neighbor-
hood information of given samples to detect noisy labels.
Specifically, it takes the inconsistency between the label of
given samples and their k nearest neighbors in the feature
space to identify the probably corrupted labels. Given a sam-
ple xd

i , we first get its k nearest neighborsN d
k (i) through the

cosine similarity in the feature space:

N d
k (i)← KNN(xd

i , k), (3)

where KNN is a function which returns k nearest neigh-
bors of the given sample xd

i from the d domain. Then, the

corresponding label inconsistency LI can be calculated as
follows:

LIdi =
1

k

 ∑
x∈Nd

k (i)

JS
(
ỹdi , softmax (g (f (x)))

) ,

(4)

where ỹdi is the original label of given sample xd
i in d do-

main, JS is the Jensen-Shannon divergence. Based on LI ,
we can achieve the division by the hyperparameter θ, which
serves as a threshold:{

xd
i ∈Dd

cln, LIdi < θ

xd
i ∈Dd

noi, LIdi ≥ θ
, (5)

where the Dd
cln and Dd

noi are the clean subset and noisy sub-
set. After the division of each epoch, we can obtain probably
clean samples and take their original labels ỹi as correct su-
pervisions to apply the cross entropy loss for training. The
equation is as follows:

Lcln = − 1

Ncln

Ncln∑
i=1

ỹi log (g (f (xi))) , (6)

where the Ncln indicates the number of all samples of clean
data.

Adaptive Learning
After the selective division (SD), we could get a highly
credible clean subset that can be used directly for training.
Nevertheless, the limited size of this subset could poten-
tially lead to insufficient representation learning (Li et al.
2019), which is more obvious when in the case of severe
label noise. Some noisy label learning (NLL) methods (Li,
Socher, and Hoi 2020; Li et al. 2022a; Feng, Tzimiropoulos,
and Patras 2021) also consider this problem and propose to
use of semi-supervised learning to utilize the noisy data as
unlabeled data or to generate pseudo labels for noisy data
based on the predictions of the model. However, the per-
formance is not satisfactory in any of the above approaches
due to the underutilization of information from noisy labeled
data. To better leverage the noisy subset, we propose tempo-
ral feature prototype refinement (TFPR). Specifically, TFPR
refines the prototypes with each epoch, incorporating both
the clean data identified in the current division and the pro-
totypes cumulated from previous divisions. The current pro-
totypes are the mean values of all corresponding features
belonging to the same categories in clean subsets. In detail,
the current prototypes V̇

d
(d ∈ Q,G) is denoted as follows:

V̇
d
= [v̇d

1, · · · , v̇
d
c ], (7)

where v̇d
t = 1

nt
(
∑nt

i=1 f(x
d
i,t)), denoting the current pro-

totype of t-th class within d domain. And xd
i,t represents

the i-th sample with label of t in the d domain. nt means
the number of samples with label of t. During the training,
the feature prototypes V d(d ∈ Q,G) are refined with every
epoch: {

vd
t = γ · vd

t + (1− γ) · v̇d
t , nt ̸= 0,

vd
t = vd

t , nt = 0,
(8)
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where vd
t represent the prototypes cumulated during the

previous training epoch and are all initialized with 0, i.e.,
vd
t = 0 at the beginning. γ is the trade-off parameter. To

handle situations where certain class samples are absent in
the current clean subset due to severe label noise, we take
this temporal accumulation way.

Once the prototypes are calculated, we can re-assign la-
bels for the noisy data by the cosine similarities between the
features of noisy labeled samples and the prototypes:

ŷi = softmax
(
f (xi) · V T

)
, (9)

where ŷi is the newly assigned label. Note that we em-
ploy soft labels rather than hard labels here since soft labels
are more robust to label noise and encapsulate richer infor-
mation compared to hard ones. Additionally, we propose a
novel adaptive weighting mechanism W , which relies on the
consistency between the model predictions and the new soft
labels:

Wi =
(1 + β)

(β + eβ·cei)
, (10)

where Wi is the adaptive weight for xi. cei is calculated as
cei = −ŷi log(g(f(xi))). And β ≥ 0 is a hyperparame-
ter that controls the sensitivity of Wi to changes in cei. To
elaborate further, W adaptively adjusts the weights of rela-
beled data based on the cross-entropy between the classifier
outputs and the reassigned labels. This measure reflects the
alignment between the new label and the true label for each
noisy labeled sample. Consequently, a smaller cross-entropy
signifies a more accurate match, prompting a corresponding
increase in the assigned weights. Based on this, the training
objective of relabeled samples is as follows:

Lrlb = −
1

Nrlb

Nrlb∑
i=1

ŷi log (g (f (xi))) ·Wi, (11)

where Nrlb is the number of relabeled samples.
Finally, the loss function Lsdal of SDAL can be summa-

rized as:

Lsdal = Lcln + ωLrlb, (12)

where ω = CurrentEpoch
MaxEpoch is a coefficient that grows linearly

with training time.

Accumulative Class Center Alignment
Our SDAL effectively tackles the challenge of learning dis-
criminative features within domains. However, the problem
of discrepancy in data distribution and style between do-
mains—referred to as the domain gap—remains. To address
the issue of the domain gap between the query domain and
the gallery domain, we introduce the Accumulative Class
Center Alignment (ACCA) strategy. ACCA employs an ac-
cumulative domain loss that minimizes the discrepancy be-
tween the query and gallery class centers, effectively bridg-
ing the domain gap and enhancing retrieval performance.
In detail, we model the class centers MQ and MG for the
query domain and gallery domain as below:

Md = [md
1, · · · ,md

c ], (d ∈ {Q,G}). (13)

ACCA models c class centers that are initialized with 0 for
both domains. In the training process, the class centers are
updated with clean and weighted relabeled features and the
concrete terms are as follows:{
md

t = α ·md
t + (1− α)f(xi), ỹi = t

∧
xi ∈ Dclean,

md
t = α ·md

t + (1− α)f(xi) ·Wi, ŷi = t
∧

xi ∈ Dnoisy,

(14)
where md

t denotes the t-th class center within d domain. ŷi
means the index of the largest item of the soft label as the
specific class and α is the hyperparameter. Wi is the weight
assigned by the mechanism defined in Eq. (10). The corre-
sponding domain loss function is defined as follows:

Lacca =
1

c
(

c∑
j=1

∣∣∣mQ
j −mG

j

∣∣∣), (15)

where c represents the number of categories. Note that the
class centers adopt a batch-by-batch update strategy rather
than the epoch-by-epoch way used in Eq. (8). The reason is
that frequent updates allow the model to be more sensitive to
capturing variations in features, contributing to the optimiza-
tion of domain class centers. Correspondingly, our domain
loss is updated with the adjustment of these centers. Since
this cumulative loss can constantly draw the class centers of
different domains closer, we can stabilize the elimination of
the domain gap.

Experiment
To evaluate the effectiveness and robustness of our RoDA in
cross-domain image retrieval with noisy labels (NCIR), we
conduct extensive experiments on three widely used bench-
mark datasets.

Experimental Setup
In the experiments, we utilize two models, both of which
consist of a feature extractor and a classifier. Specifically,
we take the ResNet-50 network pre-trained on ImageNet as
the feature extractor and a fully connected layer as the clas-
sifier. We adopt the Adam optimizer and set the learning rate
to 1e-5. For evaluation, we take the mean average preci-
sion (mAP) as the measurement metric and report the best
and last mAP@ALL results among total epochs. The exper-
iment utilized three datasets: Office-31 (Saenko et al. 2010),
Office-Home (Venkateswara et al. 2017), Adaptiope (Ring-
wald and Stiefelhagen 2021). Due to space limitations, we
have placed detailed descriptions of the datasets in the sup-
plementary materials.

During the experiments, the compared methods in-
clude Cross Entropy (Kapur and Kesavan 1992), Gen-
eralized Cross Entropy (Zhang and Sabuncu 2018),
MAE (Hashidume and Morikawa 2007), Co-teaching (Han
et al. 2018), JoCoR (Wei et al. 2020), DivideMix (Li,
Socher, and Hoi 2020), NCE (Li et al. 2022a), Lon-
gRemix (Cordeiro et al. 2023), DISC (Li et al. 2023),
Robust-DivideMix (Zhang et al. 2024) and the fully super-
vised Cross Entropy (with clean labels), denoted as CE-
C. For comprehensive evaluations, we utilize various ratios
of label noise in our experiments. Specifically, 20%, 40%,
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Method mAP Office-Home Office-31 Adaptiope

20% 40% 60% 80% 20% 40% 60% 80% 20% 40% 60% 80%

CE-C Best
Last

55.04
53.39

55.04
53.39

55.04
53.39

55.04
53.39

88.51
88.17

88.51
88.17

88.51
88.17

88.51
88.17

51.64
48.41

51.64
48.41

51.64
48.41

51.64
48.41

CE Best
Last

41.05
30.32

35.06
20.38

28.17
12.34

22.13
8.20

72.52
68.54

64.64
48.64

56.70
34.36

49.40
24.04

35.24
25.43

30.74
15.42

25.17
9.81

18.14
6.10

MAE Best
Last

45.17
44.49

37.90
36.15

26.62
21.21

20.94
8.79

84.94
83.93

73.98
67.79

63.79
49.96

51.05
24.96

45.41
45.10

38.54
37.99

24.24
22.50

14.10
6.76

GCE Best
Last

54.48
53.66

47.92
46.87

37.59
34.39

25.36
16.91

86.36
85.81

77.80
73.36

65.49
55.80

51.76
31.58

55.25
53.91

52.34
51.63

46.57
45.96

27.13
26.52

Co-teaching Best
Last

51.09
50.84

43.00
41.47

31.14
23.55

21.71
12.19

81.20
80.89

78.88
77.70

66.33
61.32

54.25
44.14

58.16
57.49

50.05
48.88

33.12
25.80

22.80
10.86

Divide-Mix Best
Last

42.25
34.59

37.82
33.54

33.86
31.30

27.05
24.34

72.99
65.16

68.45
63.82

62.27
57.84

53.37
47.56

38.73
27.52

34.61
26.34

30.86
25.60

25.89
22.64

JoCoR Best
Last

54.90
54.47

46.94
44.41

33.76
25.63

23.71
13.74

84.18
83.01

78.35
74.95

64.46
55.21

51.71
35.28

48.99
48.23

41.60
38.91

31.14
23.86

21.30
12.45

NCE Best
Last

42.73
37.06

38.59
35.06

33.81
28.72

26.63
17.38

72.73
60.38

66.67
59.05

61.32
55.51

54.03
42.29

39.73
32.84

36.80
30.33

32.54
28.08

25.14
15.00

LongRemix Best
Last

36.76
32.99

35.68
32.21

33.29
30.02

28.25
25.53

70.01
65.89

69.89
66.59

64.64
62.92

57.47
53.97

25.63
22.24

24.26
21.13

22.74
19.63

18.58
16.59

DISC Best
Last

44.22
35.83

41.29
31.56

34.06
24.86

22.50
13.43

73.78
61.43

69.64
56.29

60.65
48.55

47.66
25.44

31.68
22.99

30.57
20.19

28.25
19.19

21.00
13.56

Robust-DivideMix Best
Last

42.55
35.52

38.27
34.33

35.21
33.76

26.65
25.45

73.01
67.59

67.78
64.22

63.54
57.70

52.60
49.05

39.84
29.02

36.76
28.21

33.40
26.49

28.10
24.36

RoDA Best
Last

57.25
56.35

54.13
53.73

48.46
47.75

36.99
36.10

88.30
87.33

84.73
84.04

76.55
75.50

57.64
54.89

55.61
54.51

52.62
51.79

49.92
48.76

39.60
38.25

Table 1: The average mAP@All retrieval performance for our RoDA and other compared methods on the Office-Home, Office31
and Adaptiope datasets under different noise ratios. The best performance results among all methods are in bold.

60%, and 80% are applied to all three datasets to simulate
datasets under different corruptions. Besides, the training
batch size and max epoch are set to 16 and 50 with all meth-
ods. The hyperparameters: β, γ, θ, α and λ are set to 2, 0.5,
0.7, 0.9 and 1.0 respectively.

Comparison with the State-of-the-Art
We evaluate the effectiveness of our RoDA with all base-
lines on three datasets by conducting extensive NCIR ex-
periments using the same network architecture. In detail,
we conduct cross-domain image retrieval tasks on all do-
mains of datasets. Due to space limitations, we only present
the average results of NCIR tasks on three datasets, which
are shown in Table 1. According to the results, we could
draw the following observations: 1) The label noise that ex-
ists in the query and gallery domain could significantly im-
pair the retrieval performance. This adverse effect is propor-
tional to the noise ratio. 2) All compared methods are much
less effective in cross-domain scenarios that perform well in
traditional single-domain tasks. RoDA successfully aligns
the query and gallery domain through ACCA. As a result,
it achieves better results, surpassing even the performance
of cross entropy applied to noise-free clean data (CE-C) in
some low-noise cases. 3) Unlike the robust loss function-
based methods which perform poorly in severe noise situa-
tions, RoDA maintains stable performance with high noise
rates. The reason is that our method selectively utilizes the
samples for adaptive learning and mitigates the overfitting of
noisy label information. 4) Compared to methods based on

selection and semi-supervised framework, RoDA exhibits a
superior performance. Because our method makes better use
of the noisy data. RoDA achieves this by rectifying the noisy
labels and assigning weights to these relabeled samples for
training. 5) In the setting of 20% noise in the Adaptiope
dataset, RoDA exhibits a slight underperformance compared
to the Co-teaching. The reason is probably that category
imbalance is pronounced after division given the dataset’s
extensive category range. Nevertheless, RoDA significantly
outperforms in terms of both performance and robustness
when dealing with higher levels of noise.

Ablation Study
We study the effect of removing different components to
provide insight into what makes RoDA robust and effec-
tive for cross-domain image retrieval with noisy labels. We
conduct experiments on twelve cross-domain tasks with the
Office-Home dataset (Venkateswara et al. 2017) to evaluate
the contribution of each part within our framework. Besides,
we attach the results of training with only cross entropy for
an intuitive comparison. The results are presented in Table 2.
According to the table, we could reach the following conclu-
sions: 1) RoDA without any component leads to the degra-
dation of retrieval performance, showing the contribution of
every part to our method. 2) Without AL and ACCA, the
SD exhibits better retrieval performance than the CE-only
case, which demonstrates that SD can effectively separate
noisy label data from clean data, thus reducing the fitting of
noisy label information. 3) Combining AL and SD achieves
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Lsdal Lacca mAP A⇒C A⇒P A⇒R C⇒A C⇒P C⇒R P⇒A P⇒C P⇒R R⇒A R⇒C R⇒P
SD AL ACCA

✓ ✓ ✓
Best
Last

49.47
49.21

55.45
53.58

53.09
52.90

43.00
41.44

61.44
59.75

55.53
53.77

52.89
50.86

64.78
64.76

70.78
69.91

51.42
50.89

58.05
57.55

71.34
71.34

✓ ✓
Best
Last

47.97
46.42

53.11
51.17

51.24
50.13

42.18
40.45

59.52
59.39

54.76
53.57

52.42
51.61

63.14
63.14

69.51
69.50

50.60
49.91

56.47
56.07

69.72
69.72

✓ ✓
Best
Last

46.87
45.54

51.70
50.95

49.86
49.02

39.60
37.44

57.44
57.44

53.08
51.16

51.56
49.27

62.17
61.68

67.80
67.01

48.50
47.34

55.36
55.36

66.10
66.10

✓
Best
Last

44.39
44.00

50.77
49.35

49.60
47.84

39.47
36.97

56.84
54.83

51.58
50.83

50.28
48.97

60.22
60.22

67.03
66.23

48.33
45.92

54.21
53.01

65.43
64.43

CE only Best
Last

32.99
28.58

38.96
31.91

43.71
31.54

31.80
23.15

39.29
30.24

39.68
31.25

37.99
32.19

40.59
34.47

53.46
41.02

41.05
33.74

41.34
33.74

52.29
40.62

Table 2: Ablation studies for RoDA on the Office-Home datasets under noise ratio 20%.

better results compared to using SD only, which shows that
the adaptive learning of AL for the noisy part of the data
can successfully extract useful feature information. 4) Uti-
lizing ACCA on top of SD can improve retrieval effective-
ness compared with SD only, indicating that ACCA effec-
tively narrows the domain gap by aligning the domain class
centers. In conclusion, the ablation study illustrates the ef-
fectiveness of each part of RoDA, demonstrating the robust-
ness provided by each part in addressing NCIR.

(a) Query domain (b) Gallery domain

Figure 3: The relabel accuracy varies with the parameter β
on Office-Home dataset. (a) and (b) shows the relationship
between β and relabeled performance in the query domain
and gallery domain with three cross-domain tasks (A⇒R,
P⇒A, R⇒P) under different noise ratios (20%, 60%), re-
spectively.

Parameter Analysis
To evaluate the robustness of our RoDA to different hyper-
parameter settings, namely the β and λ, we demonstrate
the relabel accuracy and retrieval performance for param-
eter analysis on the Office-Home dataset. Considering the
generalization of analysis, we set both low (ratio=0.2) and
high (ratio=0.6) label noise level environments. The experi-
mental results are shown in Figure 3 and Figure 4. From the
figures, we can observe that our weighting mechanism W
is robust to the selection of the hyperparameter β, i.e., the
RoDA achieves optimal performance when β is from 0.2 to
2. Besides, RoDA is also robust to the λ, which maintains
retrieval stability when λ is within the range of 0.01 to 2.

(a) 20% noise (b) 60% noise

Figure 4: The mAP varies with the parameter λ on Office-
Home dataset. (a) shows the relationship between λ and re-
trieval performance in A⇒R under 20% noise. (b) depicts
corresponding performance in A⇒R under 60% noise.

To further demonstrating the effectiveness of our pro-
posed method, we conduct additional visual experiments.
Due to space constraints, the detailed results and visualiza-
tions are provided in the supplementary materials. We en-
courage readers to refer to these materials for a compre-
hensive understanding of the experimental outcomes and in-
sights.

Conclusion
This paper introduces and addresses the challenging prob-
lem of cross-domain image retrieval with noisy labels
(NCIR), a scenario where both query and gallery domains
suffer from label noise. To solve this challenge, we propose
a novel method called RoDA, which includes two key parts:
Selective Division and Adaptively Learning (SDAL) and
Accumulative Class Center Alignment (ACCA). To be ex-
act, SDAL utilizes division, relabeling, and weighting strate-
gies to alleviate the adverse effects of label noise and ensures
the robust learning of effective representation knowledge
within domains. Meanwhile, ACCA utilizes an accumula-
tive domain loss based on class centers to continuously elim-
inate the domain gap. Through extensive experiments on
Office-Home, Office-31, and Adaptiope datasets, we show
that RoDA can effectively tackle the issue of NCIR, achiev-
ing superior retrieval performance.
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