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Abstract

Conventional unsupervised multi-source domain
adaptation (UMDA) methods assume all source
domains can be accessed directly. However, this
assumption neglects the privacy-preserving pol-
icy, where all the data and computations must be
kept decentralized. There exist three challenges in
this scenario: (1) Minimizing the domain distance
requires the pairwise calculation of the data from
source and target domains, while the data on the
source domain is not available. (2) The commu-
nication cost and privacy security limit the appli-
cation of existing UMDA methods, such as the
domain adversarial training. (3) Since users can-
not govern the data quality, the irrelevant or ma-
licious source domains are more likely to appear,
which causes negative transfer. To address the
above problems, we propose a privacy-preserving
UMDA paradigm named Knowledge Distillation
based Decentralized Domain Adaptation (KD3A),
which performs domain adaptation through the
knowledge distillation on models from different
source domains. The extensive experiments show
that KD3A significantly outperforms state-of-the-
art UMDA approaches. Moreover, the KD3A is
robust to the negative transfer and brings a 100 x
reduction of communication cost compared with
other decentralized UMDA methods.

1. Introduction

Most deep learning models are trained with large-scale
datasets via supervised learning. Since it is often costly
to get sufficient data, we usually use other similar datasets
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to train the model. However, due to the domain shift,
naively combining different datasets often results in unsat-
isfying performance. Unsupervised Multi-source Domain
Adaptation (UMDA) (Zhang et al., 2015) addresses such
problems by establishing transferable features from multiple
source domains to an unlabeled target domain.

Recent advanced UMDA methods (Chang et al., 2019; Zhao
et al., 2020) perform the knowledge transfer within two
steps: (1) Combining data from source and target domains to
construct Source-Target pairs. (2) Establishing transferable
features by minimizing the #-divergence. This prevailing
paradigm works well when all source domains are avail-
able. However, in terms of the privacy-preserving policy,
we cannot access the sensitive data such as the patient data
from different hospitals and the client profiles from different
companies. In these cases, all the data and computations on
source domains must be kept decentralized.

Most conventional UMDA methods are not applicable under
this privacy-preserving policy due to three problems: (1)
Minimizing the H-divergence in UMDA requires the pair-
wise calculation of the data from source and target domains,
while the data on source domain is not available. (2) The
communication cost and privacy security limit the applica-
tion of advanced UMDA methods. For example, the domain
adversarial training is able to optimize the H-divergence
without accessing data (Peng et al., 2020). However, it
requires each source domain to synchronize model with
target domain after every single batch, which results in huge
communication cost and causes the privacy leakage (Zhu
etal., 2019). (3) The negative transfer problem (Pan & Yang,
2010). Since it is difficult to govern the data quality, there
can exist some irrelevant source domains that are very differ-
ent from the target domain or even some malicious source
domains which perform the poisoning attack (Bagdasaryan
et al., 2020). With these bad domains, the negative transfer
occurs.

In this study, we propose a solution to the above prob-
lems, Knowledge Distillation based Decentralized Domain
Adaptation (KD3A), which aims to perform decentralized
domain adaptation through the knowledge distillation on
models from different source domains. Our KD3A approach
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consists of three components used in tandem. First, we pr@he adversarial training strategy (Saito et al., 2018; Zhao
pose a multi-source knowledge distillation method namedet al., 2018) apply adversarial training in feature space to
Knowledge Vot¢o obtain high-quality domain consensus.optimize H-divergence. It is proved that with the adver-
Based on the consensus quality of different source domainsarial training strategy, the UMDA model can work under
we devise a dynamic weighting strategy nant&zhsen- the privacy-preserving policy (Peng et al., 2020). However,
sus Focudo identify the malicious and irrelevant source the adversarial training requires each source domain to ex-
domains. Finally, we derive a decentralized optimizationchange and update model parameters with the target domain
strategy oH -divergence nameBatchNorm MMD More-  after every single batch, which consumes huge communica-
over, we analyze the decentralized generalization bountion resources.

for KD3A from a theoretical perspective. The extensweKnOWIedge distillation in domain adaptation. Self-

experiments show our KD3A has the following advantages:supervised learning has many applications (Zhang et al.,

i i i 2021; Chen et al., 2021) in the label-lacking scenarios.
* The KD3A brings a 100 reduction of communica- qjedge distillation (KD) (Hinton et al., 2015: Chen
tion cost compared with other decentralized UMDA o 5 5020 is an ef cient self-supervised method to trans-
methods and is robust to the privacy leakage attack. fo knowledge between different models. Recent works
« The KD3A assigns low weights to those malicious or(Meng et al., 2018; Zhou et al., 2020) extend the knowledge
irrelevant domains. Therefore, it is robust to negati\,edistillation into domain adaptation with a teacher-student
transfer. training strategy: training multiple teacher models on source
domains and ensembling them on target domain to train a
» The KD3A signi cantly outperforms thetate-of-the-  student model. This strategy outperforms other UMDA
art UMDA approaches wittb1:1% accuracy on the method in practice. However, due to the irrelevant and mali-
large-scale DomainNet dataset. cious source domains, the conventional KD strategies may
fail to obtain proper knowledge.
In addition, our KD3A is easy to implement and we create
an open-source framework to conduct KD3A on different2.2. Federated Learning

benchmarks. . , . _
Federated learning (Konegmt al., 2016) is a distributed

machine learning approach, it can train a global model by
2. Related work aggregating the updates of local models from multiple de-
centralized datasets. Recent works (McMahan et al., 2017)
nd a trade-off between model performance and communi-
Unsupervised Multi-source Domain Adaptation (UMDA) cation ef ciency, that is, to make the global model achieve
establish the transferable features by reducing khe better performance, we need to conduct more communica-
divergence between source domBig and target domain tion rounds, which raises the communication costs. Besides,
Dy . There are two prevailing paradigms that provide thethe frequent communication will also cause privacy leakage
optimization strategy off -divergence, i.e. maximum mean (Wang et al., 2019), making the training process insecure.

discrepancy (MMD) and the adversarial training. In addi- . . .
tion, knowledge distillation is also used to perform model."ederated domain adaptation There are few works dis-
level knowledge transfer. cussing the decentralized UMDA methods. FADA (Peng

et al., 2020) rst raises the concept of federated domain
MMD based methods(Tzeng et al., 2014) construct a re- adaptation. It applies the adversarial training to optimize
producing kernel Hilbert space (RKHS&) with the kernel  theH -divergence without accessing data. However, FADA
, and optimize thed -divergence by minimizing the MMD  consumes high communication costs and is vulnerable to
distancedy;yp(Ds; D) on H . Using the kernel trick, the privacy leakage attack. Model Adaptation (Li et al.,
MMD can be computed as 2020) and SHOT (Liang et al., 2020) provide source-free
methods to solve the single source decentralized domain
dump (Ds;D1) = 2Exsixy psipr (XsiX7)+ 1) adaptation. However, they are vulnerable to the negative
Exox? ps (XsiX8)+ Ex;xo b, (X7:X9) transfer in multi-source situations.

2.1. Unsupervised Multi-Source Domain Adaptation

Recent works propose the variations of MMD, e.g., multi- ) . . .
kernel MMD (Long et al., 2015), class-weighted MMD(Yan 3. KD3A: Decentralized Domain Adaptation

et al., 2017) and domain-crossing MMD (Peng et al., 2019). Via Knowledge Distillation

However, all these methods require the pairwise CaICUIat'Or%’reliminary. Let Ds andDr denote the source domain

of the data from source an(_j target domams, which is NO%nd target domain. In UMDA, we ha¥e sourcedomains
allowed under the decentralization constraints.
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f DEgK_, where each domain contailg labeled examples
asD¥ := f(XX;yk)gl¥ and atarget domainDy with

Nt unlabeled examples &5 = f)(iTgiN;l . The goal of
UMDA is to learn a modeh which can minimize the task

risk p, in Dy, ie. p;(h) = Pr(x.y) o, [N(X) 6 y].
Without loss of generality, we consid€rway classi cation

task and assume the target domain shares the same tasks
with the source domains. In a common UMDA, we combine

K source domains with different domain weights asand
perform domain adaptation by minimizing the following
generalization bound (Ben-David et al., 2010; Zhao et al.,
2018) with the multiple source domains as: (a) Knowledge distillation process in UMDA.

Theorem 1LetH be the model spacé, DK (h)gk., and
b, (h) be the task risks of sourcngJomai‘rB'ggk -, and

the target domaiDr,and 2 RX; k=1 k =1 bethe
domain weights. Then for atl 2 H we have:

X 1 )
or (h) k og(M+ 5dw 1(Ds:Dr) + o

k=1
@)

where ¢ is a constant according to the task risk of the

optimal model on the source domains and target domain.

Problem formulation for decentralized scenarios.In de-
centralized UMDA, the data froi{ source domains are
stored locally and are not available. The accessible infor-
mation in each communication round includes: (1) The size
of the training Set:iNSgk on source domains and the Figure 1.(a) Knowledge distillation in UMDA consists of two

steps: obtaining the inferences from source domain models and
parameters ok modelsf h§g_, trained on these source

performing knowledge ensemble to get the consensus knowledge.
domains. (2) The target domain data contaifihgunla- ) our knowledge vote extracts strong consensus knowledge with

. N
beled examp'le's d:?T = fX[g. In KDSA, we <_apply' 3 steps: con dence gate, consensus class vote and mean ensemble.
knowledge distillation to perform domain adaptation with- * means the eliminated model in each step.

out accessing the data.

(b) Knowledge vote ensemble.

: +1
3.1. Extending Source Domains With Consensus We also de ne the related task risk fmé as

Knowledge ok ()= Pr [n(X) 6 arg, maxpc]:
Dg +1

Knowledge distillation can perform knowledge transfer
through different models. Suppose we h#&vdully-trained  Wiith this new source domain, we can train the source model
models fromK source domains denoted big§gg_; . we  h&*! through the knowledge distillation loss as

useg(X) to denote the con dence for each class and

use the class with the maximum con dence as label, i.e. LY(XT ;0 ™) = D (pike§ ™ (XT)): (3)
h&(X) = arg . max[g(X)]c. As shown in Figure 1(a),
the knowledge distillation in UMDA consists of two steps. : M) K
First, for each target domain daxa’, we obtain the in- aggregation of th? squrce models, be.:= lk_h )
ferences of the source domain models. Then, we use tHé COMMon question is, how does the new mdder™ im-

ensemble method to get thp, consensus knowledge of tH¥OVe the UMDA performance? Itis easy to nd that min-

source models, e.gp; = % k L (XT). In order to imizing KD loss (3) leads to the optimization qu « (h)

utilize the consensus knowledge for domain adaptation, wéProof in Appendix A). With this insight, we can derive the
de ne an extended source domﬂé with the consensus generallzatlon bound for knOWIedge distillation as follows
knowledgep; for each target domain daxa! as (proof in Appendix B):

Proposition 1 (The generalization bound for knowledge
DS = F(XT;pi)glyy distillation). LetH be the model space ang -« (h) be

In decentralized UMDA, we get the targst model as the
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the task risk of the new source domzﬂé *1 based on 3.3. Consensus Focus: Against Negative Transfer

knowledge distillation. Then for alir 2 H , we have: Domain weights determine the contribution of each

(h1) o (hp) + }d (DX*1:Dy) source domain. Ben-David et al. (2010) proves the opti-
br AT Ds T 2 1 HiEs T mal should be proportional to the amount of data when
+minf 1;supj px« (h) b, (h)jg all source domains are equally important. However, this
hoH -~ 7F condition is hard to satisfy in KD3A since some source do-
where 1 is a constant for the task risk of the optimal model.Mmains are usually very different from the target domain, or
even malicious domains with corrupted labels. These bad
domains lead to negative transfer. One common solution
(Zhao et al., 2020) is to re-weight each source domain with
Proposition 1 shows the new source domBfh*™ will  theH-divergence as
improve the generalization bound if the consensus knowl-
edge is good enough to represent the ground-truth label, i.e. k = Nge
SUPon | by (N) DK 1 (h)j 1- However, due to the k

irrelevant and malicious source domains, the conventiona}meever calculatingd -divergence requires to access the

ensemble strategies (€.g., maximum and mean ensembl&) ;e domain data. Besidés;divergence only measures
may fail to obtain proper consensus. Therefore, we proposg,e gomain similarity on the input space, which does not uti-

theKnowledge Votéo provide high-quality consensus.  izg the label information and fails to identify the malicious

The main idea of knowledge vote is that if a certain consendomain. Reasonably, we propcSensensus Focus iden-
sus knowledge is supported by more source domains witkify those irrelevant and malicious domains. As mentioned
high con dence (e.g:> 0:9), then it will be more likely to  in Knowledge Votethe UMDA performance is related to
be the true label. As shown in Figure 1(b), it takes threethe quality of consensus knowledge. With this motivation,
steps to perfornknowledge Vote the main idea o€onsensus Foctis to assign high weights
to those domains which provide high-quality consensus and
1. Con dence gate For eachX] 2 Dr, we rstly use penalize those domains which prov_ide bad consensus. To
a high-level con dence gate to Iter the predictions PerformConsensus Focusve rst derive the de nition of
fof (XT)g<., of teacher models and eliminate the un-CoNsensus quality and then calculate the contribution to the
con dent models. consensus quality for each source domain.

3.2. Knowledge Vote: Producing Good Consensus

K. X K .
di PsPr)= Ne 9 (PsPr): (f)

2. Consensus class voteFor the models remained, the 1h€ de nition of consensus quality. Suppose we have

: K oK
predictions are added up to nd the consensus clas& S€t Of source domains denoted 550)’: fDSgf-, . For
which has the maximum value. Then we drop the®ach coalition of source domaiSg S° S , we want to

models that are inconsistent with the consensus Cbsgstimate the quality of the knovyledge consensus obtaingd
from S° Generally speaking, if one consensus class is
3. Mean ensemble After the class vote, we obtain a set supported by more source domains with higher con dence,
of models that all support the consensus class. Finallyhen it will be more likely to represent the true label, which
we get the consensus knowledge by conducting means the consensus quality gets better. Therefore, for each
the mean ensemble on these supporting models. W& 2 Dt with the consensus knowledgp; (S9; np, (S9)
also record the number of domains that suppoert  obtained fronS°, We de ne the related consensus quality

denoted byny,, . For thoseX T with all teacher models asnyp, (S maxp;(S9 and the total consensus qualiy

eliminated by the con dence gate, we simply use theis X
mean ensemble to gptand assign a relatively low Q(sY = np, (8% maxp;(SY (7)
weight to them as, = 0:001 XT2Dr

With the consensus quality de ned in (7), we derive the
consensus focus (CF) value to quantify the contribution of
each source domain as

CHD)= Q(S) Q(SnfD¥g) (8)

CH(D¥) describes the marginal contribution of the single
Compared with other ensemble strategies,Knowledge  source domaiD¥ to the consensus quality of all source
Votemakes model learn high-quality consensus knowledgelomainsS. If one source domain is a bad domain, then
since we assign high weights to those items with high con removing it will not decrease the total quali®; which leads
dence and many support domains. to a low consensus focus value. With the CF value, we can

After Knowledge Votewe obtain the new source domain
DE* = £(X];pi;np,)glL] . We use theny, to re-weight
the knowledge distillation loss as

L(XT;0) = np, Diw (pika(X{)) (6)
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assign proper weights to different source domains. Since wAlgorithm 1 KD3A training process with epoch t.

introduce a new source domdd§ *! in Knowledge Vote
we compute the dorp,ain weights with two steps. First, we
obtain 41 = Nt=( -, N+ Nt)for D§** based on

the amount of data. Then we use the CF value to re-weight
each original source domain as 10

In

_ Ny CF(DY)

K+1) T
K Ni CRDX)

F=q 9)

Compared with the re-weighting strategy in (6), @on-
sensus Focukas two advantages. First, the calculation of

CF does not need to access the original data. Secofd,
obtained througiConsensus Focus based on the quality
of consensus, which utilize both data and label information
and can identify malicious domains.

10
3.4. BatchNorm MMD: Decentralized Optimization 11:
Strategy of H divergence 12:

To get a better UMDA performance, we need to minimize13:
the H-divergence between source domains and target dd#
main, where the kernel-based MMD distance is widely used!®:
Existing works (Long et al., 2015; Peng et al., 2019) use1s6:

the feature extracted by the fully-connected (fc) layers 17

put:
Source domain$ = fDKgK_, . Target domairDs ;
Target modeh!' ¥ with parameters ¢ ;
Con dence gatey(V;
utput:
Target modeh") with parameters ().
: /I Locally training on source domains:
. for D§ in S do
Model initialize: (h&; &)  (ht D;
Trainh¥ with classi cation loss orD¥ .
end for
: Uploadf (h¥; X)d_, to the target domain.
: Il Knowledge Vote:
D{*t KnowledgeVot¢Dr; gV;fhEgk., ).
: Trainh& ™1 with L loss (5) orD§ ** .
: I/ Consensus Focus:
CF  ConsensusFoc(®r;fhEgl., ;fNkgl.; ).
// Model regation:
() po\%_qu g EF k
/I BatchNorm MMD: _
Obtainf E[ [1';i = 1;2g;C," fromf(hg; &)git
Train h(Tt) with BatchNorm MMD onDr .
- Return(h{?; M),

(t 1))_

to build kernel as (XS;XT) = h S; Ti and the related
optimization target is

1
u’l kAyuwp (D D)
k=1

m

m (20)

. . . .t
However, these methods is not applicable in decentrahzeé
UMDA since the source domain data is unavailable. Be-
sides, only using the high-level features from fc-layers may atchx T 2 Dy

through the paramete(&( |); Var( |)) of BN-layers in
source domain models without accessing tlaBased on
this advantage, BatchNorm MMD can perform the decen-
alized optimization strategy ¢ divergence with two
teps. First, we obtaif(E( [);Var( K))gl., from the
models on different source domains. Then, for every mini-
we train the modeh; to optimize the

lose the detailed 2-D information. Therefore, we Proposey, main adaptation target (10) with the following loss

the BatchNorm MMD which utilizes the mean and vari-

ance parameters in each BatchNorm layer to optimize thgt r+1

H divergence without accessing data.

BatchNorm (BN) (loffe & Szegedy, 2015) is a widely-
used normalization technique. For the featureBatch-

Norm is expressed &8N( ) = p% + , where

(E( );Var( )) are estimated in training procés$uppos-
ing the model containk BatchNorm layers, we consider
the quadratic kernel for the feature of thel-th BN-layer,
ie. (XS;XT)y= h$; Ti+ 12 The MMD distance
based on this kernel is

2
dMMD(Dk ;D) = KE( |k)
+KE[ (T

E( )k

E[ '1°k5 (11

)

kk (1) E(OKG+Kk[ [P El {1

1=1 k=1
(12)
where( 1;:::; ) are the features of target modej

from BatchNorm layers corresponding to the injut. In
training process, We use the mean valuef every mini-
batch to estimate the expectatiénIn addition, optimizing

the loss (12) requires traversing all Batchnorm layers, which
is time-consuming. Therefore, we propose a computation-
ef cient optimization strategy in Appendix E.

3.5. The Algorithm of KD3A

In the above sections, we have proposed three essential com-

Compared with other works using the quadratic kernel (Pengponents that work well in KD3A, and the complete algo-
et al., 2019), we can obtain all required parameters in (11jithm of KD3A can be obtained by using these components

implemented withrunning-mearandrunning-varin Pytorch. 2NoticeE[ 1? =Var( )+[E( )]?
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in tandem: First, we obtain an extra source donifjri*

and train the source modef ** throughKnowledge Vote
Then, we get the target model by aggrega}j(n 1 source
models througiConsensus Focuse. ht := k:+11 khg.
Finally, we minimize thed divergence of the target model
throughBatchnorm MMD The decentralized training pro-
cess of KD3A is shown in Algorithm 1. Con dence gate is
the only hyper-parameter in KD3A, and should be treated
carefully. If the con dence gate is too large, almost all data
in target domain would be eliminated and the knowledge
vote loss would not work. If too small, then the consensus
quality would be reduced. Therefore, we gradually increase
it from low (e.g.,0:8) to high (e.g.0:95) in training.

o Figure 2.The large-scale dataset DomainN@ealis a domain of
4. Generalization Bound For KD3A high quality containing real-world images, whi@uickdrawis an

. . irrelevant source domain and may cause the negative transfer.
We further derive the generalization bound for KD3A by y 9

combining the original bound (2) and the knowledge distil-
lation bound (4). The related generalization bound is:

Theorem 2 (The decentralized generalization bound for For good source domains, KD3A provides better consensus

KD3A). Lethy be the target model of KD3A,D'§gE:ll knowledge withKnowledge Votemaking « « closer to

. S .
be the extended source domains through Knowledge Voté” - (2) For bad domains, KD3A lters out their knowl-

and CF2RK*: E:ll CF = 1 be the domain weights edge WithConsensgs Focumaking DK *1 stay avyay from .
through Consensus Focus. Then we have: that for bad domains. We also conduct suf cient experi-
ments to show our KD3A achieves tighter bound with better

KL performance than other UMDA approaches.

1
or (1) ko pg(hr)+ H H(D§;Dr) + 2
k=1 .
(13) 5. Experiments

The generalization performance of KD3A bound (13) deb.1. Domain Adaptation Performance
pends on the quality of the consensus knowledge, as t

following proposition shows (see Appendix C for proof): *\R/e perform experiments on four benchmark datasets: (1)

Amazon Review(Ben-David et al., 2006), which is a senti-
Proposition 2 The KD3A bound (13) is a tighter bound mental analysis dataset including four domains.Q{Rjit-5
than the original bound (2), if the task risk gap between the(Zhao et al., 2020), which is a digit classi cation dataset
knowledge distillation domaiBk ** and the target domain including ve domains. (3)Of ce-Caltech10 (Gong et al.,

D+ is smaller than the following upper-bound for all source 2012), which contains ten object categories from four do-
domaink 2f1;  ;Kg,thatis, <« (h) should satisfy:  mains. (4)DomainNet (Peng et al., 2019), which is a re-
cently introduced benchmark for large-scale multi-source

supj D (h) b, (h)j infj DK "1 (h) DK (h)j domain adaptation with 345 classes and six domains, i.e.
h2H h2H Clipart (clp), Infograph (inf) Painting (pnt) Quickdraw
+ %dH L (D5:Dr)+ K (gdr), Real (rel) and Sketch (skt)as shown in Figure 2.

We follow the protocol used in prevailing works, selecting

each domain in turn as the target domain and using the rest
Proposition 2 points out two tighter bound conditions: (1)qgomains as source domains. Due to space limitations, we
For those good source domains with snéll divergence  mainly present results on DomainNet; more results on Ama-

and |OW Optlmal taSk risklé, the model Should take theil’ ad' Zon RevieW, D|g|t_5 and of Ce_Ca'techlo are provided in
vantages to provide better consensus knowledge, i.e. the taglypendix.

risk DK 1 gets close enough teyr . (2) For those irrelevant
and malicious source domains with high divergence and

, the model should Iter out their knowledge, i.e. the tas
risk px 1 Stays away from that for bad domains.

Baselines.We conduct extensive comparison experiments
kwith the current best UMDA approaches from 4 categories:

(1) H-divergence based methods, i.e. the multi-domain ad-

versarial network (MDAN) (Zhao et al., 2018) and moment
The KD3A has heuristically achieved the above two condimatching M3SDA) (Peng et al., 2019). (2) Knowledge en-
tions through thé&Knowledge VotandConsensus Focugl)  semble based methods, i.e. the domain adaptive ensemble
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Standards Methods Clipart Infograph Painting  Quickdraw Real Sketch| Avg
W/o DA Oracle 693 .37 345 p42 663 67 668 51 801 g59 607 g4g | 630
Source-only| 521 ¢:51 231 o:28 477 o:96 133 o072 60.7 o320 465 g5 | 406

H o div. MDAN 60:3 041 250 043 503 o:36 82 1.92 615 046 513 os58 | 428
M3SDA 586 053 26:0 939 523 o55 6:3 0:58 627 o051 495 76 | 426

Ké'ﬁsvl'ﬁ%?ﬁ DAEL | 708 g4 265 g1z 574 028 122 o7 650 023 606 o5 | 487
Sse?e“éﬁﬁn CMSS | 642 18 280 o2 536 039 160 012 634 g21 538 o35 | 465
Others DSBN 60:3 226 523 91 627 476 42:4
SHOT 617 222 526 122 67.7 486 442

Decentralized| FADA 591 217 479 88 608 504 415
UMDA FADA 453 o7 163 05 389 o7 79 04 467 04 268 o4 | 303
KD3A 725 962 234 043 60:9 .71 16:4 g8 72:7 o955 60:6 o320 | 51:1

Table 1.UMDA accuracy(%) on the DomainNet dataset. Our model KD3A achiev&d% accuracy, signi cantly outperforming all
other baselines. Moreover, KD3A achieves the oracle performance on two domains: clipart and sketch. *: The best results recorded in our
re-implementation.

UMDA works (Peng et al., 2019; Yang et al., 2020), we use
a 3-layer MLP as backbone for Amazon Review, a 3-layer
CNN for Digit-5 and the ResNet101 pre-trained on Ima-
geNet for Of ce-Caltech10 and DomainNet. The settings
of communication rounds is important in decentralized
training. Since the models on different source domains have
different convergence rates, we need to aggregate models
r times per epoch. To perform threround aggregation,
we uniformly divide one epoch intostages and aggregate
model after each stage. The KD3A Algorithm 1 is a decen-
tralized training strategy with = 1 and we use this setting

in all experiments. For model optimization, We use the SGD
with 0.9 momentum as the optimizer and take the cosine
schedule to decay learning rate from high (i.e. 0.05 for
Amazon Review and Digit5, and 0.005 for Of ce-Caltech10
and DomainNet) to zero. We conduct each experiment ve
times and report the results with the fomean ¢4. Since
SHOT and DSBN do not report the results on DomainNet,
we re-implement them with the of cial code and report the

. _ best testing results.
learning (DAEL) (Zhou et al., 2020). (3) Source selection

based methods, i.e. the curriculum manager (CMSS) (YangomainNet. The results on DomainNet are presented in Ta-
etal., 2020). (4) Decentralized UMDA, i.e. SHOT (Liang 0le 1. Ingeneral, our KD3A outperforms all the baselines by
et al., 2020) and FADA (Peng et al., 2020). The DSBN@ large margin and achieves the oracle performandglien
proposes a domain-speci ¢ BatchNorm, which is similar to PartandSketch In addition, compared with the oracle result
Batchnorm MMD, so we also take it into comparison. In ad-(66:8%) and the source-only baselin&3(3%), all UMDA
dition, We report two baselines without domain adaptationmethods have failed iQuickdraw Since theKnowledge

i.e. oracle and source-only. Oracle directly performs supeiotecan provide good pseudo-labels for a few good sam-

vised learning on target domains and source-only naivel!€s and assign low weights to bad samples, KD3A slightly
combines source domains to train a single model. outperforms the source-only baseline. Table 1 also shows

_ _ . . _ the UMDA performance can bene t from the knowledge
Implementation details. Following the settings in previous

Figure 3.The ablation study of KD3A. Results show th&aiowl-
edge VoteConsensus FocuendBatchNorm MMDall contribute
to the UMDA performance in all target domains.
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