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Abstract    Unsupervised  Domain  Adaptation  (UDA)  intends
to  achieve  excellent  results  by  transferring  knowledge  from
labeled  source  domains  to  unlabeled  target  domains  in  which
the data  or  label  distribution changes.  Previous UDA methods
have acquired great  success  when labels  in  the  source domain
are pure. However, even the acquisition of scare clean labels in
the source domain needs plenty of costs as well. In the presence
of  label  noise  in  the  source  domain,  the  traditional  UDA
methods will be seriously degraded as they do not deal with the
label  noise.  In  this  paper,  we  propose  an  approach  named
Robust Self-training with Label Refinement (RSLR) to address
the  above  issue.  RSLR  adopts  the  self-training  framework  by
maintaining a Labeling Network (LNet) on the source domain,
which  is  used  to  provide  confident  pseudo-labels  to  target
samples, and a Target-specific Network (TNet) trained by using
the  pseudo-labeled  samples.  To  combat  the  effect  of  label
noise,  LNet  progressively  distinguishes  and  refines  the
mislabeled  source  samples.  In  combination  with  class  re-
balancing  to  combat  the  label  distribution  shift  issue,  RSLR
achieves  effective  performance  on  extensive  benchmark
datasets.

Keywords    unsupervised  domain  adaptation, label  noise,
label distribution shift, self-training, class rebalancing

 1    Introduction
Deep neural networks (DNNs) have achieved great success in
various  tasks.  However,  training  a  deep model  often  requires
huge  precise  annotations  and  is  thus  costly.  Domain
Adaptation  (DA)  transfers  knowledge  from  one  or  more
datasets called source domain with a large number of labeled
examples  to  another  different  but  correlated  dataset  called
target domain [1,2].

As  a  particular  case  of  DA,  Unsupervised  Domain
Adaptation (UDA) merely leverages supervision in the source
domain  (i.e.,  clean  source  labeled  data)  to  train  a  model  that
generalizes well to the unlabeled target domain (i.e., unlabeled
target  data)  which saves huge labeling costs.  Since unlabeled

data  in  the  target  domain  can  be  easily  obtained,  UDA
presents great  potential  in realistic scenes.  UDA has received
great attention and achieved wide applications in fields such as
action recognition [2], medical imaging segmentation [3], and
automatic speech recognition [4].

H∆HTheoretically,  UDA  aims  to  minimize  the -
divergence  distance  measure  between  the  two  domains  [5,6].
For this purpose, various methods have been developed which
can  be  into  three  categories:  minimizing  a  measurement  of
distributional  discrepancy  like  MMD  metric  through
discrepancy-based methods [7,8] or learning domain-invariant
representations  through  adversarial-based  methods  [9–11];
generating  samples  similar  to  the  target  domain  data  through
GAN  [12–14]  or  enabling  source  feature  augmentation
towards  the  target  data  in  an  implicit  manner  [15];  and  self-
training  based  methods  which  predict  pseudo-labels  for  the
target domain [16,17].

Although  previous  UDA  methods  have  made  significant
successes,  they  present  a  harsh  requirement  that  the  labels  in
the source domain must be pollution-free which easily breaks
down in practice. Since high-quality annotations often require
high  costs,  some  low-cost  platforms  like  crowdsourcing
systems  have  emerged  [18].  However,  the  labels  obtained
from  the  low-cost  platforms  are  often  noisy,  which  brings
great  challenges  to  the  model  learning  process.  Label  noise
will ruin the performance of classification and even generate a
negative effect on the transfer process [19].

Hence,  robust  UDA  with  noisy  labels  has  attracted  much
attention.  Few  works  have  explored  this  by  filtering  out  the
noisy samples in the source domain as well as minimizing the
distribution discrepancy [19–22]. [19] presented an end-to-end
approach that  can directly  transfer  knowledge from the noisy
source  domain  to  the  unsupervised  target  domain  with  a  co-
teaching  branching  network  structure.  [20,21]  overcame  the
noisy  label  issue  by  using  a  two-step  solution,  which  first
filters the noise factors through curriculum learning, and then
transfers  the  knowledge  from  clean  source  data  to  the  target
domain  by  adversarial  training  rather  than  pseudo  labeling.
Different  from  [19–21]  that  exploited  unidirectional
relationships  from  the  source  domain  to  the  target  domain,
[22]  proposed  to  exploit  bilateral  relationships  between  the
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two  domains.  It  took  the  two  domains  as  different  inputs  to
train two models alternately. It  used a symmetrical Kullback-
Leibler  loss  to  selectively  match  the  predictions  of  the  two
models in the same domain.  This interactive learning schema
enables implicit label noise canceling and exploits correlations
between  the  source  and  target  domains.  Despite  the  great
success  achieved,  previous  robust  UDA  methods  have  two
drawbacks.  First,  they  check  out  noisy  samples  and  merely
learn  on  the  subset  of  high-quality  clean  samples,  and  the
recycling of low-quality noisy samples is not considered. Thus
they  would  fail  in  the  case  of  a  high  noise  ratio  because  the
clean samples  are  so  limited.  Second,  most  of  them focus  on
covariate shift across domains, but ignore the label distribution
shift  (LDS)  issue,  which  means  class  distribution  changes
across domains and can lead to biased learning.

Figure 1 shows  an  illustrative  example.  Here  triangle  and
circle  denote  two  different  classes.  The  green  dashed  line
represents  the  ideal  classification  boundary  which  perfectly
separates  the  triangle  and  circle  samples  for  both  domains.
Orange  and  blue  respectively  represent  the  clean  source
samples  and  the  target  samples.  In  noisy  UDA,  the  source
domain  is  corrupted  with  red  mislabeled  samples,  e.g.,  the
three  boundary  source  samples  1,  2,  3.  Besides,  the  two
domains  also  face  label  distribution  shift,  e.g.,  in  the  source
domain,  the  circle  class  is  the  majority  class,  whereas,  in  the
target  domain,  the  triangle  class  is  the  majority.  Previous
robust UDA methods alleviate the label noise by filtering out
the  mislabeled  source  samples,  which  lose  important
information about the boundary samples. Besides, they ignore
LDS. As shown in the left of Fig. 1, their label predictions for
unlabeled target  samples  tend to be dominated by and biased
towards  the  majority  circle  class  in  the  source  domain  (the
black classification boundary). However, in the target domain,
the triangle class is the majority and under-fitted.

To  mitigate  the  above  issues,  we  propose  a  novel  method
called  Robust  Self-training  with  Label  Refinement  (RSLR).
Rather  than  discard  the  mislabeled  source  samples,  we
propose to correct them thus keeping the essential information

of the critical boundary samples. Moreover, to ensure that the
label distributions of both domains are aligned and the learned
classification  boundary  is  not  biased  towards  any class,  as  in
the  right  of Fig. 1,  balanced  pseudo-labeling  predictions  for
both  domains  are  kept  during  the  learning  process.
Specifically,  RSLR  adopts  the  self-training  idea  [16]  by
training a Labeling Network (LNet) on the source domain, and
a  Target-specific  Network  (TNet)  on  pseudo-labeled  target
samples  predicted  by  LNet,  thus  obtaining  target-
discriminative  representations.  To  combat  the  source  label
noise, LNet borrows ideas from noisy label learning and semi-
supervised learning, i.e., LNet first distinguishes the clean and
noisy source samples by modeling their loss distribution using
a  Gaussian  Mixture  Model,  then  generates  and  retains  the
reliable  pseudo-labels  for  noisy  samples.  RSLR  further
incorporates class distribution re-balancing to make the model
train  equally  in  each  class.  We  compare  our  RSLR  with
previous  robust  UDA  methods  and  highlight  the  key
differences in Table 1.

To  validate  the  effectiveness  of  RSLR,  we  conduct
extensive  experiments  under  various  noise  levels.  Empirical
results  demonstrate  that  RSLR  can  robustly  transfer
knowledge from the source domain to the target domain, and
achieves better performance with higher noise levels.

Contributions In  summary,  we  have  the  following
contributions:

● We propose RSLR, a  robust  self-training algorithm for
dealing with noisy UDA scenarios. We propose to reuse

 

Table  1    Comparison  of  the  proposed  RSLR approach  and  previous  robust
UDA methods

Methods Adversarial
training

Pseudo
vlabeling

Using noisy
samples

Considering
LDS

Branching
structure

Butterfly [19] ✓ ✓
TCL [20] ✓
RDA [21] ✓ ✓
GearNet [22] ✓ ✓ ✓
RSLR ✓ ✓ ✓ ✓

 

 
Fig. 1    Illustration  of  the  challenge  in  noisy  UDA. Left: Previous  robust  UDA methods  filter  out  the  mislabeled  source  samples,  thus  losing
important class boundary information, e.g., samples 1, 2, 3. Besides, they ignore the label distribution shift issue and tend to be biased towards
the majority circle class in the source domain (the black classification boundary). But in the target domain, the triangle majority class is under-
fitted. Right: We propose keeping the essential information of the mislabeled samples and learning classification boundary not biased towards
any class
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the  noisy  source  domain  data  to  improve  the
generalization  performance instead of  discarding them.
Meanwhile,  we  consider  label  distribution  shift  and
covariate shift simultaneously.

● We propose a novel strategy by judging the consistency
of  model  predictions  on  weakly  augmentation  and
strongly  augmentation  of  samples  and  solve  the  LDS
issue  through  re-balanced  pseudo-labeling  in  both
domains.

● RSLR achieves effective performance on Digits, Office-
31,  and  Office-Home  on  various  noise  ratio  tasks
especially high noise levels.

 2    Related works
Unsupervised  domain  adaptation  (UDA) UDA  aims  to
leverage  supervision  information  in  some  source  domain  to
train  a  model  that  generalizes  well  to  a  different  unlabeled
target  domain  [5].  Different  from  traditional  supervised
learning,  there  are  marginal  distribution  changes  between the
labeled  source  domain  and  unlabeled  target  domain  which  is
called covariate shift. Current UDA methods mainly focus on
narrowing  the  domain  gap  from  different  perspectives.  One
classical  idea  is  by  directly  minimizing  some  discrepancy
measurement  between  domains,  e.g.,  maximum  mean
discrepancy  [23],  Wasserstein  distance  [24].  Recently,
domain-adversarial  learning  has  become  a  prominent
paradigm  [9–11,25–27].  These  methods  try  to  learn  feature
representations  for  the  source  and  target  domains  in  an
adversarial  manner,  such  that  data  distributions  for  different
domains  are  hard  to  distinguish.  Some  work  explored
transforming the source data to resemble the target data using
generative models [13,15], e.g., inspired by the fact that deep
feature  transformations  towards  a  certain  direction  can  be
represented  as  meaningful  semantic  in  the  raw feature  space,
TSA  (Transferable  Semantic  Augmentation)  [15]  generated
source data towards the target semantic direction. [28] derived
novel  insights  to  show  that  a  mixup  between  original  and
corresponding  translated  generic  samples  enhances  the
discriminability-transferability  tradeoff  while  duly  respecting
the privacy-oriented source-free setting.

Another major direction is pseudo-labeling methods,  which
produce pseudo-labels for the target data and learn from them
to  obtain  target-discriminative  representation  and  classifier.
Especially, ATDA (Asymmetric Tri-training for unsupervised
Domain  Adaptation)  [16]  constructed  three  networks
asymmetrically  for  confident  pseudo-labeling  and  training.
CST (Cycle Self-Training) [29] cycled between a forward step
and  a  reverse  step  to  enforce  pseudo-labels  generalizable
across  domains.  SENTRY  (Selective  Entropy  Optimization)
[17] selectively minimized pseudo-label prediction entropy on
consistent  target  samples  and  maximized  entropy  on
inconsistent samples.

Label  noise  learning Noisy  annotations  are  inevitable  and
degrade model performance. In the noisy label learning field,
previous work has shown an interesting phenomenon that deep
neural  networks  fit  easy  samples  first,  and  then  gradually
memorize hard samples  [30].  Inspired by this,  some methods

tend to treat small-loss ones as clean samples [31–33]. Among
these  methods,  co-teaching  [31]  and  co-teaching+  [34]
performed  sample  selection  by  using  two  networks,  each
trained on a subset of small-loss samples selected by the other
network  in  every  mini-batch.  DivideMix  [33]  utilized  two
networks  to  select  small-loss  samples  as  clean  ones  through
modeling  a  two-component  mixture  model.  [35]  proposed  a
novel  contrastive  regularization  function  to  learn
representations  over  noisy  data  where  label  noise  does  not
dominate the representation learning. This paper deals with the
more  complex  and  challenging  problem of  robust  UDA with
noisy source labels.

Noisy  unsupervised  domain  adaptation Robust  UDA  in  a
noisy  environment  is  a  practical  and  under-explored
challenging  problem.  TCL  (Transferable  Curriculum
Learning)  [20]  proposed  one  online  curriculum  learning
method to filter out noisy samples in the source domain; RDA
(Robust  Domain  Adaptation)  [21]  improved  [20]  by  using
offline  curriculum  learning  and  minimizing  the  distribution
discrepancy.  The  above  two  methods  adopted  a  two-step
strategy  that  checks  noisy  samples  first  and  aligns  margin
distribution  across  domains  later.  Different  from  the  above
two methods, [19] aimed to check out the noisy labels through
a  co-teaching  network  structure  in  an  end-to-end  manner.
GearNet [22] took the two domains as different inputs to train
two  models  alternately  and  used  a  symmetrical  Kullback-
Leibler  loss  to  selectively  match  the  predictions  of  the  two
models in the same domain.  This interactive learning schema
exploits  bilateral  relationships  between  the  two  domains  and
enables implicit label noise canceling.

Although these works could handle more realistic scenarios,
they merely filter out the noisy samples and only train on the
identified  clean  samples,  whereas  the  full  recycling  of  noisy
sample information is not considered. Meanwhile, they ignore
the label distribution shift issue. We will show that the above
methods fail at a high noise rate because the clean samples are
so limited.

 3    The proposed approach
In  this  section,  we  first  give  the  preliminaries  used  in  this
paper  in Table 2,  then  introduce  the  details  about  RSLR.
Presented  below  is  the  summary  table  featuring  the  most
frequently used notations in our paper.

 3.1    Preliminaries
X ⊂ Rd Y = {1,2, . . . ,K}

Ds = {(xsi, ỹsi)}Ns
i=1

P̃s(X,Y)

We  use ,  to  denote  the  instance  and
label space respectively. In UDA with corrupted source labels,
a set of source domain instances  drawn from
distribution  and  unlabeled  test  target  domain
 

Table 2    Summary of the key notations used in the paper

X Instance space Y Label space
Ps Source distribution Pt Target distribution
Ds Source data Dt Target data
G Feature extractor C1 Common classifier 1
C2 Common classifier 2 Ct Target classifier
A(x) Strong augmentation α(x) Weak augmentation
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Dt = {(xti)}Nt
i=1 Pt(X)

xs ỹs
ys P̃s(X,Y)

Ps(X,Y)
Pt(X,Y) , Ps(X,Y)

instances  from  distribution  are  available.
For  each  source  instance ,  its  noisy  label  is  observed
whereas  its  clean  label  is  unknown.  means  the
corrupted  version  of  the  clean  source  domain  distribution

.  Note  that  in  UDA,  the  source  and  target  domain
distributions are different, i.e.,   .

Previous  work  [19–21]  have  theoretically  and  empirically
shown  that,  without  handling  the  source  label  noise,  existing
UDA methods cannot well transfer useful knowledge from the
noisy  source  data  to  unlabelled  target  data.  They  have
proposed  methods  by  combining  techniques  from  the  label
noise  learning field  and domain distribution matching for  the
noisy UDA problem.

In  this  paper,  similar  to  previous  works,  we  propose  to
combine  techniques  in  label  noise  learning  to  distinguish
between  the  clean  and  noisy  samples  in  the  source  domain.
Furthermore,  we  take  advantage  of  semi-supervised  learning
to better use the low-quality noisy samples, instead of simply
eliminating them. Besides, we also propose a class distribution
rebalancing  strategy  to  deal  with  the  commonly  occurring
LDS  issue  in  DA,  which  occurs  often  and  can  severely
accumulate, but was ignored by previous robust UDA works.

 3.2    Robust self-training with label refinement

C1 C2
Ct C1 C2

Ct

G
C1,C2

Ct C1,C2

In  principle,  we  build  up  our  RSLR  approach  based  on  the
self-training  procedure  to  iteratively  correct  the  noisy  source
samples and predict pseudo-labels for target samples. Figure 2
shows  the  overall  structure  of  RSLR.  Three  sub-nets , ,
and  are  designed. ,  are  Labeling  Networks  (LNets)
trained  to  correct  noisy  labels  and  predict  target  sample
pseudo-labels  in  an  ensemble  way.  is  the  Target-specific
Network (TNet) trained on pseudo-labeled target samples and
acts as the final desired target classifier.  denotes the feature
extractor  network that  outputs  shared features for ,  and

. Note that two LNets  are exploited to filter errors for
each  other  thus  avoiding  the  confirmation  bias  of  individual
network [36].

GBy  sharing  the  feature  extractor  network ,  and  training

C1,C2

C1,C2

 on the combination of source and pseudo-labeled target
samples to obtain target discriminative representations, RSLR
implicitly solves the covariate shift  issue between source and
target  domain.  To  cope  with  the  label  noise  in  the  source
domain,  RSLR  trains  the  two  LNets  with  three  major
purposes:  1)  distinguishing  between  the  clean  and  noisy
source  samples;  2)  refining  the  labels  for  noisy  source
samples; and 3) providing pseudo-labels for the target data. To
cope  with  the  LDS  issue  between  domains,  RSLR  further
incorporates  class  distribution  rebalancing  for  the  source  and
target pseudo-labels. In the following, we explain the details.

G C1,C2
Ds

Distinguishing  clean  &  noisy  samples Following  [33],  we
initially train the feature extractor network  and LNets 
on  using the regular cross entropy loss with early stop:
 

Ls = −
Ns∑
i=1

ℓi = −
Ns∑
i=1

K∑
k=1

ỹsi log pk
model(xsi). (1)

p(g|ℓi)
i wi g

τ wi C1,C2 Ds
Ds = {Dc1

s ,D
n1
s },Ds =

{Dc2
s ,D

n2
s }

Then  we  fit  a  two-component  Gaussian  Mixture  Model
(GMM) [37] to the per-sample prediction losses of each LNet,
and use the posterior probability  over each LNet’s loss
on  instance  as  its  clean  probability ,  where  is  the
Gaussian  component  with  a  smaller  loss.  Then  by  setting  a
threshold  on , each LNet  divides the source data 
into  a  clean  set  and  a  noisy  set 

.
The  idea  of  using  2  components  GMM  to  model  and

separate  the  loss  distributions  of  clean  and  noisy  labels  is
motivated  by  the  memorization  effect  of  DNNs,  i.e.,  they  fit
easy (clean)  patterns  first,  then gradually  overfit  hard  (noisy)
patterns.  Thus  with  early  stopped  training,  the  small  (large)
loss  samples  can  be  identified  as  clean  (noisy)  ones.  For
scenarios  where  the  noisy  samples  may  exhibit  complex
patterns such as instance-dependent noise, as long as the clean
samples  patterns  are  more  evident  and  fitted  faster,  the  loss
gap  between  clean  and  noisy  samples  is  still  meaningful  to
instruct the 2 components GMM. Works on classic noisy label

 

 
G C1 C2

Ct

Fig. 2    Flowchart of the proposed RSLR approach.  is a shared deep feature extractor,  and  are dual Labeling Networks trained to correct
the noisy labels and predict target sample pseudo-labels in an ensemble way.  is the Target-specific Network (TNet) trained on pseudo-labeled
target samples and acts as the final desired target classifier
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learning  without  domain  shift  have  promisingly  shown  the
validity of 2 components GMM on real-world noisy label data
[33].

C1
C2 Dn1

s
Dn2

s
Dsp1

s ⊂ Dn1
s ,D

sp2
s ⊂ Dn2

s

C1 C2

Refining label of noisy & target samples The LNets  and
 predict pseudo-labels for the noisy source samples  and
 and  keep  the  highly  reliable  pseudo-labels,  i.e.,  two

subsets  of  pseudo-labeled samples  are
identified.  This  is  reasonable  as  the  learning  proceeds,  the
LNets  and  are  more  and  more  powerful  to  give  label
predictions for some noisy samples.

x ∈ Dn1
s ∪Dn2

s C1,C2
α(x)

A(x)

Dsp
t

Figure 3 shows the schema of the pseudo-labeling strategy,
which adopts  data augmentation and ensemble.  For the noisy
sample ,  the two LNets  predict  labels for
its weakly-augmented  version  (e.g.,  flip-and-shift  data
augmentation)  and strongly-augmented  version  (e.g.,
RandAugment [38]).  We view the two Labeling Networks as
weak  classifiers  and  only  retain  the  pseudo-labels  that  are
consistent  among  the  ensemble  of  the  predictions.  The
unlabeled target samples are operated in the same manner and
produce pseudo-labeled sample .

Dbsp1
s ,Dbsp2

s ,Dbsp
t

Dsp1
s ,D

sp2
s ,D

sp
t

γ

(γ/K)∗Nc
Nc

Learning  objective  function After  achieving  the  clean  and
confident  pseudo-labeled  noisy  samples  for  source  data  and
confident  pseudo-labeled  samples  for  target  data,  we  further
construct three subsets of balanced samples 
from the  pseudo-labeled  samples  to  deal  with
the  LDS  issue  between  the  source  and  target  domain,
according to a sample selection percent threshold . We align
the  label  distributions  by  keeping  and  learning  from  class-
balanced  pseudo-labeled  samples  for  the  source  and  target
domain.  This  idea  is  implemented  by  sampling  an  equal  size
of  pseudo-labeled samples for  each class from the
whole set of  confident pseudo-labeled samples:
 

γt =

{
γ/K, if t = 1,
min{0.8, (γt−1+0.05)/K}, otherwise. (2)

K γ

γ/K γ

Here  is  the number of  classes,  and  is  a  scaling factor  to
control  the number of  selected samples.  We limit  the percent
of  the  number  of  pseudo-labels  in  each  epoch  by  setting  an
equal  upper  percent  in  every  class.  is  set  small  at  the
early learning stage because the pseudo-labels are less reliable.

γ
γt γt−1+0.05 t
γ

As learning proceeds, the pseudo-labels become more reliable,
and  we  can  trust  more  of  them  to  be  involved  in  model
updates  by  increasing .  We  gradually  increase  the  value  of
threshold  by  using  =  in  epoch ,  and  set  the
maximum value of  as 0.8.

C1,C2 Lc
Dc

s
Lsp

{Dbsp
s ,D

bsp
t }

xb, ŷb) ∈ {Dbsp
s ,D

bsp
t }

After  the  above  rebalancing  operation,  we  train  the  LNets
 alternately using regular cross entropy loss  over the

clean source  samples ,  together  with  a  new consistent  loss
 over  the  balanced  pseudo-labeled  source  samples  and

target  samples .  For  every  mini-batch  instances
( ,  the  consistent  loss  is  defined  as
following:
 

Lsp =
1
B

B∑
b=1

H (ŷb,C(y |G(A (xb)))) . (3)

Lsp
A(xb) {Augi(x) | ⩽ i ⩽ b}

ŷb H
Aug()

G,C
y C

xb

Here  enforces  the  model’s  prediction  on  the strongly-
augmented versions of samples  =   1   
to  be  consistent  with  their  pseudo-labels .  denotes  the
cross entropy loss.  denotes strongly-augmented version
of  samples.  denotes  the  feature  extractor  and  the  LNet
respectively,  and  is  the  prediction  of  on  the strongly-
augmented version of .

C1,C2 Ct

{Dbsp
t }

Ct

After the LNets  are trained, the TNet  is trained on
the  balanced  pseudo-labeled  target  samples  using
regular cross entropy loss. When the whole training is fished,
the TNet  classifier  is  used to  predict  labels  for  samples  in
the  target  domain.  Algorithm  1  shows  the  pipeline  of  the
whole learning procedure.

We  emphasize  that  while  we  use  DivideMix  [33]  style
heuristics  including  data  augmentations,  multiple  networks,
and  GMM  noise  detection,  we  deal  with  noisy  samples
differently  from  DivideMix.  We  conduct  weak  and  strong
augmentations and predict pseudo-labels for the detected noisy
samples, and select the most reliable ones with balanced class
distribution to update the learning model. Whereas DivideMix
treats  the  detected  noisy  samples  as  unlabeled  and uses  them
all  to  update  the  model,  which  more  likely  introduces
unlabeled data prediction error and unwanted data distribution
change.  Furthermore,  to  our  best  knowledge,  this  is  the  first
work that simultaneously deals with data covariate shift, label
distribution shift, and high label noise.

 

 
C1,C2Fig. 3    The pseudo-labeling strategy for  noisy source samples  and unlabeled target  samples.  The two LNets  predict  labels  for weakly-

augmented version and strongly-augmented version of unlabeled data, then only retain the pseudo-labels that are consistent among the ensemble
of the predictions
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 4    Experiments
 4.1    Settings

M
S

Datasets We  evaluate  our  method  on  four  benchmark  vision
datasets:  Digits  datasets  [16]  include  1)  MNIST  ( ),
2)  SYDN  ( ).  They  include  images  of  numbers  from  0  to  9.
MNIST  is  a  handwritten  digits  dataset  that  contains  60,000
train  data  and  10,000  test  data.  SYN-DIGITS  consists  of
479,400  train  data  and  9,553  test  data  generated  from
Windows  fonts  through  changing  position,  background,  and
the amount of blur, etc. 3) Office-31 is a standard dataset for
visual  domain  adaptation,  which  involves  31  objective
categories  in  3  unique  domain:  Amazon  (A),  with  images
gathered  from  amazon.com,  Webcam  (W)  and  DSLR  (D),
with  images  taken  by  web  camera  and  digital  SLR  camera
respectively, for a total of 4,652 images. 4) Office-Home is a
more  challenging  benchmark  dataset,  containing  15,500
images  from  65  categories  in  4  domains:  Art  (Ar),  Clipart
(Cl), Real-world (Rw), and Product (Pr). Figures 4 and 5 show
the  label  distribution  shift  issue  of  Office-31  and  Office-
Home,  each  with  different  imbalance  ratios  over  different

domains.

T

M→ S S→M

0.20
3

0.4
0.5,0.6,0.7,0.8 9

0.4
0.2

0.2,0.4,0.6

Constructing  noisy  tasks Since  the  original  datasets  are
clean,  we  corrupt  the  label  to  another  class  in  the  source
dataset  through  a  noise  transition  matrix  with  symmetry
flipping  [39]  and  pair  flipping  [31]  noise  patterns.  1) Digits:
following Butterfly [19], we construct 2 UDA tasks MNIST →
SYDN  ( )  and  SYDN  →  MNIST  ( ).  For  each
task,  we  have  four  noise  scenarios:  P0.20,  P0.45,  S0.20,  and
S0.45,  with  S  and  P  meaning  Symmetry  and  Pair  flipping
noise  respectively,  the  proportion  of  noise  labels.
2) Office-31:  we  construct  6  UDA  tasks  between  the 
domains. For each task, we simulate one low-level symmetry
noise  following [21], with four additional high-level noise
ratios .  3) Office-Home:  we construct  UDA
tasks. For each task, we simulate one mixed noise feature and
label noise ratio  (with average Gaussian feature noise and
symmetry  label  noise  ratio )  following  [21],  with  three
additional pure symmetry label noise ratio .

Comparison  methods 1) Digits:  referring  [19],  we  compare
with  the  following  baselines:  Deep  Adaptation  Network
(DAN)  [40],  Domain  Adversarial  Neural  Network  (DANN)
[9],  Asymmetric  Tri-training  for  unsupervised  Domain
Adaptation  (ATDA)  [16],  Transferable  Curriculum  for
weakly-supervised  domain  adaptation  (TCL)  [20], Butterfly
[19]. 2) Office-31 and Office-Home: referring [21], we set the
following  baselines: MentorNet [41], DAN [40],  Residual
Transfer  Network  (RTN)  [42], DANN [9],  Adversarial
Discriminative  Domain  Adaptation  (ADDA)  [43],  Margin
Disparity  Discrepancy  based  algorithm  (MDD)  [44], TCL
[20], GearNet [22],  Robust  Domain  Adaptation  under  noisy
environments  (RDA)  [21].  Note  that RDA is  specifically
designed  to  handle  both  feature  and  label  noise.  On  subtasks
for  which  only  label  noise  is  introduced,  we  remove  the
functional part for feature noise of RDA in the experiments.

Among the baselines, TCL, Butterfly, GearNet, RDA are
designed  for  robust  UDA  with  noisy  labels.  Up  to  our
knowledge, TCL, Butterfly, GearNet,  and RDA were  the
best  implementations  to  augment  UDA  networks  for  noisy
domain  adaptation. MentorNet is  a  normal  noisy  label
learning  method  treating  the  two  domains  the  same,  and  the
others  are  representative  standard  UDA  methods.  For
baselines, we adopt the recommended network and parameter
setting in the literature paper/code. For RSLR, on Digits tasks,
we employ the CNN structure [9] as the feature extractor,  on
Office-31 and Office-Home, we use the ResNet-50 pre-trained
on ImageNet  as  a  feature  extractor.  The  classifiers  for  LNets
and TNet on all datasets use 3-layer neural networks. We train

 

 

 

 
Fig. 4    The label distribution shift issue on Office-31
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the model using mini-batch SGD with a momentum of ,  a
weight decay of , and a batch size of 32 (128 in Digits
tasks). We set the learning rate of  and  respectively as 
and .  The initial candidate factor of pseudo-labels samples

 is  set  as  on Office-31/Office-Home and  on Digits.
Before starting training, we warm up the model on noisy data
with  epochs according to the noise rate ratio. We set the
clean probability threshold  = 0.6. We follow FixMatch [43]
for  data  augmentation  and  set  the  number  of  augmentations
as .

 4.2    Results

A→W,A→ D 0.4
Pr→ Rw,Rw→ Pr 0.4

Tables 3−6 respectively report  the target  domain accuracy on
the  three  noisy  UDA  benchmarks.  As  we  can  see,  the
proposed  RSLR  consistently  outperforms  the  baselines  on
most subtasks under various noise scenarios, except for a few
cases,  e.g.,  with  label  noise  ratio  on
Office-31 and  with  mixed noise  ratio 
on Office-Home, in which RDA performs slightly superior.

S → M
0.20

From Table 3 for Digits, for the relatively easy transfer task
 (complicated domain to simple domain),  in low-level

symmetry noise case S , the standard UDA method DAN,
ATDA still perform well. Whereas in pair flipping noise cases,

M→ S

i.e.,  P0.20  and  P0.45,  all  standard  UDA  methods  fail  to
achieve  successful  knowledge  transfer,  except  for  DAN  in
P0.20. But the robust UDA approach Butterfly is more robust,
which obtains high accuracy even in severe noisy cases P0.45,
S0.45.  However,  it  seems  that  all  previous  works  degenerate
severely  when  transferring  the  simple  domain  to  the
complicated  domain  with  source  label  noise.  In
contrast,  RSLR  performs  stably  well,  which  reveals  the
importance of label correction on noisy samples.

In Table 4,  we  report  results  for Office-31 with  one  low

 

 
Fig. 5    The label distribution shift issue on Office-Home. (a) Art; (b) Clipart; (c) Product; (d) Real-world

 

↔Table  3    Target  domain  accuracy  (%)  on  MNIST SYDN  (8  tasks).  Bold
value represents the best method

Tasks Noise type DAN DANN ATDA TCL Butterfly RSLR

S→M

S0.20 90.7 75.2 89.9 80.2 95.9 98.4
S0.45 89.3 65.9 87.5 68.5 95.0 98.5
P0.20 90.2 79.1 56.0 80.8 95.3 98.4
P0.45 67.0 55.3 53.7 56.0 90.2 97.7

M→S

S0.20 30.6 53.5 49.8 56.7 57.1 89.4
S0.45 28.2 43.8 17.2 49.9 56.2 88.7
P0.20 40.8 58.8 33.7 58.9 60.4 93.9
P0.45 28.4 43.7 19.5 45.3 56.6 80.3

Average 58.2 58.0 50.9 62.1 75.8 93.1

 

Table  4    Target  domain  accuracy  (%)  on  Office-31.  Bold  value  represents
the best method

Method
Label corruption: 0.4

A→W W→A A→D D→A W→D D→W Avg
MentorNet 74.4 54.2 75.0 43.2 85.9 70.6 67.2
DAN 63.2 39.0 58.0 36.7 71.6 61.6 55.0
RTN 64.6 56.2 76.1 49.0 82.7 71.7 66.7
DANN 61.2 46.2 57.4 42.4 74.5 62.0 57.3
ADDA 61.5 49.2 61.2 45.5 74.7 65.1 59.5
MDD 74.7 55.1 76.7 54.3 89.2 81.6 71.9
TCL 82.0 65.7 83.3 60.5 90.8 77.2 76.6
GearNet 76.7 58.2 82.5 59.1 91.3 85.3 76.7
RDA 89.7 67.2 92.0 65.5 96.0 92.7 83.6
RSLR 90.9 71.6 86.9 69.7 98.6 95.8 85.6

Label corruption: 0.5
RDA 61.4 51.4 71.9 50.3 90.0 82.9 68.0
RSLR 85.7 67.5 82.3 54.1 98.1 87.4 79.2

Label corruption: 0.6
RDA 58.6 45.2 63.1 47.5 80.1 67.4 60.3
RSLR 74.6 61.5 81.3 55.8 84.4 72.4 71.6

Label corruption: 0.7
RDA 51.8 36.1 60.4 27.7 72.1 42.3 48.4
RSLR 67.5 54.5 66.3 44.0 76.3 62.6 61.8

Label corruption: 0.8
RDA 45.4 19.4 47.2 0.1 31.7 0.1 24.0
RSLR 55.5 46.3 61.5 32.3 61.0 43.4 50.0
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0.4
{0.5,0.6,0.7,0.8}

0.8 D→ A,D→W

noise  ratio  and  four  high  level  noise  cases
.  For  the  high-level  cases,  we  only  report

comparison  results  for  the  best  baseline  RDA.  Our  method
outperforms  significantly  in  almost  all  cases,  whereas  RDA
gets  ruined  when  facing  noise,  e.g.,  on .
This  phenomenon  can  be  explainable  because  RDA  learns
only on the subset of clean labeled samples, which however in
high-level noise cases are too limited.

→ → →

In Table 5,  we  show  results  for Office-Home with  low
(0.2),  medium (0.4),  and high (0.6) label  corruptions.  For the
low-level  cases,  our  method gets  better  performance on most
tasks  except  Cl  Ar,  Pr  Ar,  and  Rw  Ar.  Meanwhile,

our  method  achieves  the  best  average  performance  across  all
12 tasks.  Similar  results  are observed fo 0.4 label  corruption.
It  seems that when the noise corruption ratio rises to 0.6, our
strength  becomes more  prominent.  We can achieve  2%−20%
better  performance  on  all  tasks.  The  above  results  fully
demonstrate the effectiveness of our methods not only in low-
level corruption but also at high- levels.

We  observe  an  interesting  phenomenon  that  even  in  the
mixed  noise  case  in Table 6 with  features  corrupted  by
Gaussian  blur  and  salt-and-pepper  noise,  our  method  is  still
robust, outperforming RDA most time. RDA performs inferior
to our approach not because it’s weak on noisy label detection,

  
Table 5    Target domain accuracy (%) on Office-Home. Bold value represents the best method

Methods
Label corruption: 0.2

Ar→Cl Ar→Pr Ar→Rw Cl→Pr Cl→Rw Cl→Ar Pr→Rw Pr→Cl Pr→Ar Rw→Cl Rw→Pr Rw→Ar Avg
MentorNet 33.29 47.89 61.92 44.91 50.08 39.93 65.16 31.75 43.88 36.88 68.48 56.45 48.39
DAN 40.78 58.93 68.05 57.45 60.20 49.16 68.69 37.37 51.42 44.49 71.84 60.82 55.77
RTN 32.35 51.84 59.35 48.52 52.47 40.05 62.27 30.84 42.97 36.31 66.05 53.93 48.08
DANN 36.29 52.92 31.34 50.01 53.39 40.96 65.99 32.07 44.17 39.73 71.01 55.71 47.80
ADDA 28.36 42.26 52.03 41.36 43.29 30.61 57.61 28.50 31.40 31.98 63.17 49.98 41.71
MDD 35.10 56.95 64.91 54.27 55.86 43.02 65.46 31.55 46.64 34.85 70.74 56.24 51.30
TCL 29.07 43.84 56.87 42.37 45.26 37.25 64.08 33.22 43.79 37.37 71.05 60.24 47.03
GearNet 37.78 59.62 69.99 61.68 61.58 49.08 73.21 37.82 51.71 43.36 75.59 62.04 56.96
RDA 54.04 70.17 75.79 65.06 67.94 61.10 75.63 51.89 61.15 57.80 80.27 68.85 65.81
RSLR 58.46 72.60 76.68 74.96 74.79 58.96 78.45 56.20 60.13 61.81 82.12 66.01 68.43

Label corruption: 0.4
MentorNet 23.89 37.10 50.40 33.30 37.40 36.71 55.30 28.40 40.17 33.60 63.90 53.03 41.10
DAN 30.20 48.70 61.00 52.40 56.70 48.58 64.90 34.10 46.64 40.10 68.20 55.62 50.60
RTN 19.40 38.70 46.70 45.00 47.10 36.55 55.40 24.20 33.13 32.20 57.70 46.15 40.19
DANN 27.70 44.20 57.20 42.30 44.10 38.81 60.40 27.80 37.82 34.70 67.10 52.58 44.56
ADDA 16.30 26.10 38.80 31.60 33.50 30.82 35.10 16.90 29.21 20.40 41.80 41.99 30.21
MDD 34.40 54.30 60.80 53.90 53.80 43.35 62.80 28.60 40.71 37.40 68.40 50.60 49.09
TCL 24.20 37.40 44.50 30.40 33.30 32.55 52.40 25.90 34.61 33.60 60.30 50.23 38.28
GearNet 32.10 51.68 62.52 50.63 54.55 44.17 67.26 33.09 47.58 40.40 72.31 56.79 51.09
RDA 31.71 50.92 63.32 52.50 54.70 57.89 66.20 34.01 56.90 42.00 68.60 67.78 53.88
RSLR 50.91 60.72 66.52 68.20 70.40 57.95 77.90 51.40 56.29 60.50 80.56 63.59 63.75

Label corruption: 0.6
MentorNet 19.84 30.46 38.99 32.28 36.01 28.51 49.53 24.99 33.79 29.26 53.01 45.90 35.21
DAN 23.05 35.41 42.67 43.16 50.65 37.25 59.79 28.98 38.32 33.93 61.41 45.86 41.71
RTN 13.72 24.85 32.84 32.85 35.16 22.13 46.96 23.28 27.48 26.23 47.02 37.12 30.80
DANN 20.53 31.34 38.97 35.50 40.74 28.22 52.03 27.42 32.67 30.13 55.58 42.89 36.34
ADDA 15.10 22.89 26.44 29.38 31.03 19.61 44.89 20.78 26.16 24.97 43.75 36.84 28.49
MDD 19.73 31.72 37.37 43.30 42.94 25.96 53.87 24.95 33.99 28.98 58.64 41.24 36.89
TCL 15.66 29.22 38.56 27.82 31.95 26.97 47.19 23.07 32.10 29.16 50.62 43.22 32.96
GearNet 25.99 44.63 54.21 44.20 47.45 39.58 60.09 28.61 40.36 34.83 63.93 53.88 44.81
RDA 29.39 45.03 52.26 43.03 50.01 36.92 61.28 32.85 41.08 38.74 67.04 55.13 46.06
RSLR 36.42 50.71 59.04 63.04 64.27 49.21 72.05 49.91 52.46 55.42 75.52 57.16 57.10

  
Table 6    Target domain accuracy (%) on Office-Home with 40% mixed noise. The bold value represents the best method

Methods
Mixed corruption: 0.4

Ar→Cl Ar→Pr Ar→Rw Cl→Pr Cl→Rw Pr→Rw Pr→Cl Rw→Cl Rw→Pr Avg
MentorNet 34.5 57.1 66.7 56.1 57.6 70.2 34.0 37.2 70.4 53.8
DAN 31.2 52.3 61.2 53.1 54.6 61.5 30.3 36.7 67.4 49.8
RTN 29.3 57.8 66.3 58.6 58.3 67.5 30.1 32.2 69.9 52.2
DANN 32.9 50.6 60.1 49.2 50.6 60.4 32.6 38.4 67.4 49.1
ADDA 32.6 52.0 60.6 53.5 54.3 63.1 31.6 37.7 67.5 50.3
MDD 44.6 62.4 68.8 58.9 60.8 65.2 39.5 47.1 72.9 57.8
TCL 38.8 62.1 69.4 58.5 59.8 72.3 39.5 43.5 74.0 57.5
GearNet 38.6 58.5 68.3 59.2 60.8 71.6 37.5 44.3 75.1 57.1
RDA 50.8 68.7 72.3 67.4 67.9 74.6 50.5 57.7 80.2 65.6
RSLR 52.6 69.5 73.1 68.7 70.2 73.1 51.2 58.3 77.0 66.0
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but because it uses samples differently. Proper using of noisy
samples includes not only correcting their labels but also in a
distribution-aware way. This is not straightforward.

 4.3    Further in-depth analysis
Feature  space  analysis In Fig. 6,  we  show  the  t-SNE
embedding [44] of the target domain on Office-31 A → W in
low noise ratio: 0.4 (a, b, c, d) and high noise ratio: 0.6 (e, f, g,
h) learned by DANN [9], TCL [20], RDA [21] and RSLR. The
features  learned  by  our  method  are  more  discriminative  in
every  class  compared  with  DANN,  TCL,  and  RDA,  which
verifies  that  our  method  can  learn  better  features  under
different noise levels. Our method learns tighter representation

clusters  across  all  categories  not  only  at  low noise  levels  but
also  at  high  noise  levels.  Other  methods  just  learn  good
representations  of  a  few  categories  and  fail  to  discriminate
other categories in high noise levels.

→
→

Pseudo-labeling strategy In Fig. 7, we show comparisons for
the  accuracy  of  selected  pseudo-labels  between  our  method
and the  confidence strategy [43]  under  40% label  corruption.
The  strategy  in  our  method  could  keep  a  stable  and  high
accuracy of pseudo-labels as training proceeds, e.g.,  A  W,
A  D.  However,  the  accuracy  of  other  strategies  easily
drops.  This  indicates  that  it  is  unreliable  to  select  pseudo-
labels just through confidence when faced with domain shift.

 

 
Fig. 6    Target  domain  t-SNE  visualization  of  class  features  on  Office-31  A→W  tasks  in  low  noise  corruption:  0.4  (Top)  and  high  noise
corruption: 0.6 (Bottom). Office-31 includes 31 classes with different colors

 

 
Fig. 7    Comparison  of  the  accuracy  of  target  pseudo-labeled  samples  during  training  on  Office-31  under  40 % label  corruption.  (a)  A→W;
(b) A→D; (c) D→A; (d) W→A
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Ablation study Table 7 shows the ablation study results of the
proposed RSLR approach on Office-31 with label  noise ratio
0.4.  We explore  the  effect  of  removing different  components
to  explain  what  makes  RSLR  successful.  To  verify  the
effectiveness of two LNets for better labeling, we study using
one single LNet to refine the noisy data and pseudo-label the
unlabeled data,  i.e., w/o double LNets;  to study the effect  of
skewed  label  distribution  when  no  class  distribution
rebalancing is conducted, we remove the rebalancing strategy
of pseudo-labeling, i.e., w/o rebalance; most importantly, we
fully  present  the  significance  of  recycling  the  noisy  samples
information for knowledge transfer, by only training LNets on
distinguished clean  source  samples  and pseudo-labeled  target
samples, i.e., w/o recycling.

From Table 7,  it  can  be  seen  that  each  component  plays  a
critical role in the success of RSLR, especially the distribution
rebalancing  strategy  to  deal  with  the  label  distribution  shift
issue between domains, and the noisy sample recycling which
however is completely ignored by previous work.

 5    Conclusion
Existing  methods  on  robust  UDA  with  noisy  labels  mainly
combat  the  label  noise  and  domain  gap  by  learning  on  the
distinguished  clean  samples  and  matching  the  domain
covariate  distributions  but  have  ignored  recycling  the  low-
quality  noisy  samples  and  the  label  distribution  shift  issue
between domains. In this paper, we propose a novel improved
approach  named  RSLR,  which  makes  full  recycling  of  the
noisy samples by refining and assigning reliable pseudo-labels
for them. To cope with the label distribution shift, RSLR also
incorporates  a  class  distribution  rebalancing  strategy  for  the
source  and  target  data.  Extensive  experiments  have  been
conducted to validate the effectiveness of RSLR.
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