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Abstract Empirical Results

In this article, we propose an approach for federated domain adaptation, a setting where distributional
shift exists among clients and some have unlabeled data. The proposed framework, FedDaDIiL, tackles . .
the resulting challenge through dictionary learning of empirical distributions. In our setting, clients’ Comparlson with State-of-the-Art

distributions represent particular domains, and FedDaDiL collectively trains a federated dictionary of Caltech Office 10 [4] CWRU TEP [5, 6]
empirical distributions. In particular, we build upon the Dataset Dictionary Learning framework by S
designing collaborative communication protocols and aggregation operations. The chosen protocols
keep clients’ data private, thus enhancing overall privacy compared to its centralized counterpart. We
empirically demonstrate that our approach successfully generates labeled data on the target domain
with extensive experiments on (i) Caltech-Office, (ii) TEP, and (iii) CWRU benchmarks. Furthermore,
we compare our method to its centralized counterpart and other benchmarks in federated domain
adaptation.
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Non-i.i.d. data: Each client holds data that follows different feature distributions. . . :
* FedDaDil converges = As training evolves, dictionary versions

Challenge: how to adapt towards a target client with unlabeled data. become closer.

= Convergence speeds up with local

_ iterations E. = Dictionary version diversity increases with
Optimal Transport [2] E.
Optimal Transport is a mathematical theory con- ]
cerned with displacement of mass at least effort. Conclusion
Mathematically, it is expressed as a linear pro- : :
aram Yo 1L P | P We propose a new federated domain adaptation method,
, = Domain adaptation is done through dictionary learning on clients’ data distributions
7 = argmin (m,C)p = ZZM;’C@]’- " : G ° , § . g. :
rell(P.Q) e S S = Server atoms are public while clients’ barycentric coordinates are private
| S = Tl dn + We | |
This problem defines a distance between proba- 195 (Pk) We improve performance over previous federated algorithms.
bility distributions called Wasserstein Distance,
Future Works

n m
We(P, Q) =3 > miCij:
r=17=1 * Formalize the privacy properties of FedDaDilL under differentially private optimal transport [7, 8].
Based on OT one may define a notion of barycen-

L » Peer-to-peer federated domain adaptation.
ter for distributions,

" = Consider other kinds of distributional shift (label or concept shift).

B* = B(a; P) = inf » aWe(Py, B).
B
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where « are called barycentric coordinates.
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Algorithm 1 FedDaDiL. The N Clients are in- Algorithm 2 ClientUpdate.
dexed by £. ny is the batch size. Input: Local atom P. Set of weights ay € Ak. E is the
number of local epochs. Learning rate n.

1: Server initializes P\ = {PI"VE

. S 0) 1. forlocalepoche=1,---,F do
2: clienty initializes )" € A, V0 =1--- | N . forbatchb=1.-.-- B do
3: foreachroundr=1---,Rdo 3. Compute ffé@z' 7’;>
4: Sample c|.|ents C(% {1,---,N} 4 XZ(Pk) %ngpk) —nafﬁ/éxgpk)(ozg,P) Main P (arxiv ® abiol D Ec q
5. Communicate P,”, V¢ € C 5 (P,) (PO 0t/ gy P aln rFaper (arxiv ablola uardo
6 forclient ¢ € C do . Zi Fi? (; 77_ g/gz?a <Eyof’ 73>))
7: Initialize local dictionary P — Py 2 end i‘or Prola e I ond
3: PE(T) = CllentUpdate(PéO), Cl&ér)> 8 end for
9: client, sends PE(T) to server. o- Client sets Oééﬂrl) « al.
10:  end for Output: P;.
1. P ServerAggregate({Pg(T)}gec)
12: end for

Output: Dictionary P* and weights A*.
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