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FedOS: using open-set learning to stabilize training in federated learning
Mohamad Mohamad Julian Neubert Juan Segundo Argayo
mohamad_m. 2§ live.com 1i bert @ di il.com

Abstract ditional distributed optimization and requires dealing with
heterogencous dats
Federated Learning is a recent approach 1o rain stais-
sical medels on distributed datasets without violating pri- 2, Related Work
vacy consiraints. The data locality principle is presery

FedPrax. There are (wo key challenges in Federated

the server. This brings many acvaniages but Learning from
halenge. s repors we xplore this i rsearcharea timization: tlmyuﬁrun varisbility in tems of the sys-
and petform several experinents o d fem's each device in the network (sys-

ing of what these challenges are and how different .wum tems heterogencity). mdf 2) mon-identically distributed data
sefiings affect the performance of the final model. Finally, ~ 8cross the network (statistical heterogeneity). ~ FedProx
we present « novel approach o one of these challenges and  (Than Li et al_ [17]) ean be viewed as 2 generalization and
compare it 10 other methods found in lierature. The code js  Fe-pammetrization of FedAvg. In this werk, the authors
available on our github | have theoretically proven convergence guaramces when
learning over data from nom-identical distributions (sais-

tical heterogeneity), while also adhering to the constraints

1. Introduction each device-level system has by allowing each participat-
ing device o perform a variable amount of work (system

Nowadays. phones arc the primary and sometimes the  peierogeneiiy). They demonsirute that in highly heterage-
only computing device for many people. As such, the i~ pqus semings, FedProx has significamly mare stable and

teraction with them and their powerful sensors leave a M- gceurate convergence behavior relative to FedAvg, improv-
precedented amount of rich data, much of it private it B3~ ng absolute test aceuracy by 225 on average.
ture. Cameras, microphones, GPS. and tactle sensors are FedIR. As well as [ . the authoes of this paper (Hsu

all examples of this. In the field of Big Data and Machine
Learning applications, this data regains importance as moxd-
els leamed with it hold the promise of greatly impro

et al. []) recognized that one of the challenges in terms.
of data diversity relies on the fact that data at the source
is far from indey >t and identically distributed (1ID). In

Quality Analytics

FedPD: Federated Open Set Recognition with Parameter Disentanglement

Chen Yang' Meilu Zhu' Yifan Yixuan Yuan'?*
'City University of Hong Kong, The cy"nm Umver\uy of Hong. Kuns

{eyangs3, meiluzhu2)-cimy.cltyu.adu.hk 1155185

Abstract

Existing federared leaming (FL) approaches are Soetsat [T
ployed under the unrecliic closedset seting, with boih -
h - i |

iraining and testing classes
makes the glebal model fail
as ‘unknown’. Tos this end, w

e unseen classes [ ]

iy
aim 1o study a novel prob-

Lem of fiderared open-set recognition (FedOSR), which o osn
Leams an epen-set recognition (OSR) model under feder- ModelA Modeld

we propose a parameter disentanglement guided federated

open-set. recognition (FedPD) algoritm o address v (-]

core challenges of FedOSR: cross-client inter-set interfer- (a) pen

ence between learing closed-set and open-set Mowedse iy 1 pamecr diseniunglement on FofOSR modets
and cross-clent itru-sel inconsisiency By dal RETEIGene-  tompucison of arioss suptepslon somicsies oh FedOSE scting
ity The proposed FedPD framework maind @) FedAvg simply aggregates makiple OSR modeks, leding 10
madules, i.e., local parameter disentanglement (LPD) and — model collapse; (b) Our FedPD first aligns corresponding close-

global divide-and.conquer aggregation (GDCA), 1o first  specilic, open-spes
disentangle clisnt OSR model into different subnetworks

then align the corresponding parts cross clienis for matched  box represent different parameter distribation of euch parts.
mudel aggregation. Specificatly, an the client si
cauples an OSR madel into a clased-set subnenwork and an
et subnetwork by the rask-related importance, this dl

ic and shared parts by optimal transport (OT),

e LPD de-

open. o » negraie ow-
preventing inter-set interference. On the server side, GDEA  ing to increasin o il o, speially
Jirs partitions the tw subnenvarks into spectfic and shared for shose semsitive data such os locationbased servic
parts, and subsequently aligns the corresponding parts  health nformation [ i e, feder.
through oprimal rransport o eliminare parameter misalign-  yied learning (FL) (%, °*, *0] provides a privacy-preserving
nent.. Extensive experiments on various datasets demon digm that allows local

clients to collaboratively train
el without data sharing.

strate the superior performeance of our proposed method.

FedOSS
[IEEE 2024]

FedOSS: Federated Open Set Recognition via
Inter-Client Discrepancy and Collaboration

Meilu Zhu®, Jing Liao®, Member, IEEE, Jun Liv®

Member, IEEE. and Yixuan Yuan™, Member, IEEE

e i pomasne o el il ek

cation tasks Ill 12). [3). However, these methods are usually
th ke anaricn However it 10,00 e -
ing G sproache.gathring ot o bt ams 1L g s ) T kot g

which could s typically unreasonable in real-world medical scenarios, since:
shoiated sloganly va the popular croas-she trinng  rre o« unknown discscs probably rise withoot any warming
paradigm, federated """"QN this end, we represent  u4 would be misclassified into one of the known diseases [4].
e open set recognition |, 16, (7). (5], [9]. This problem poses an enormous risk to
(Fe005M, s mesmmbtepopese sl Fedrmdnen L g
challenge of FedOSR: the unavailability of unknown sam. healthcare systems. Open-set recogaition (OSR) [10]. [11] i
ples. for all anticipated clients during the training phase. thus proposed to solve this issae, which sims o accurately
The framework mainly leverages tWo classify known classes while a the same time ientify open-set
moGless L. Discrete Unknown Sample Symthesis (DUSS)  duta as the unknown class
amplos for learning declsion boundaries  DeSpie the imprcssing perfomance of existing OSR meth-
between known and unknown classes. Specificaly, DUSS  0ds [4]. (51, (6. 7). [8]. [9] in open-sct seting, they heavily
exploits inter-client knowledge inconsistency 1o recognize  depend on the availability of large-scale ceatralized datasets.
PUshes  Since the data in a single medical institution are usually
them beyond decision boundaries 1o synihesize IScrete e, ane common sluton i o gather paient information
e iatont Shonts 1o estimate iy from diffceet ospitals [12]. Yet, due 1o growing privacy
class-conditional distributions of open data space near concers o legal restrictions (17, distributed paticat data ars
ecisionboundaries nd hurther semples open e hareby  not bl o be direcly shared scoss nituion. Fodersed
improving the diversity of irtual unknown samples. AGGL  icuming (FL) (14]. 151 is a promising paradigm of decen-
tralized machine leaming 1o provide 3 feasible solution to
SUperior periomance on public medical datasets in com.  this dikeimma, which leams & global model by sharing the
parison with state-of-the-art approaches. The source code  madel parameters of clicnts (hospitals) instead of their raw
data, under the orchestration of a trustworthy clood server
RO Nevertheless, implementing OSR in such a decentralized FL
s oms—Opn s oo, odrsd oo, et O i
Driven by above realistic issues, in this paper, we represent




/\ : Known dlasses
- 1. FedOS : Unknown class

FedOS: using open-set learning to stabilize training in federated learning

FedOS

Data Mining
o.:.o Quality Analytics



/\ : Known dlasses
- 1. FedOS : Unknown class

FedOS: using open-set learning to stabilize training in federated learning

FedOS

Client 1 Client 2 Client N

A
A A

Data Mining
o.:.o Quality Analytics



Il 1. FedOS

FedOS: using open-set learning to stabilize training in federated learning

FedOS

Client 1 Client 2 Client N

A
A A

Data Mining
o.:.o Quality Analytics

/\ :Known classes
- Unknown class

Pretrain




Il 1. FedOS

FedOS: using open-set learning to stabilize training in federated learning

FedOS

Client 1 Client 2 Client N

A
A

Data Mining
o.:.o Quality Analytics

/\ :Known classes
- Unknown class

Pretrain




Il 1. FedOS

FedOS: using open-set learning to stabilize training in federated learning

FedOS

Client 1 Client 2 Client N

A
A A

Data Mining
o.:.o Quality Analytics

/\ :Known classes
- Unknown class

Pretrain

GAN

Tiny Imagenet




Il 1. FedOS

FedOS: using open-set learning to stabilize training in federated learning

FedOS

Client 1 Client 2 Client N

A
A YA

Data Mining
o.:.o Quality Analytics

/\ :Known classes
- Unknown class

Pretrain

GAN

Tiny Imagenet




&N

1. FedOS

FedOS: using open-set learning to stabilize training in federated learning

Data Mining
Quality Analytics

Experiments & Results

CIO|E{All: CIFAR-10
8 7} Accuracy
Known class®| 7i%=: 6 / Unknown class®| 7i=%: 4

Relative accuracy @N rounds

Alpha=1 Alpha=0.01
Methods @125 @250 @375 @500 @125 @250 @375 @500
FedAvg 6594 82,17 83.03 8834 4041 4192 51.19 60.75
FedIR 77.66 8298 89.03 89.36 S51.75 59.56 64 69.03
FedProx 63.85 82.07 86.51 91.4 28.81 37.64 4858 48.58
FedOS 7792 84.09 9498 9585 46.6 56.13 647 69.11
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Experiments & Results

- [O|O|E{Al: Handwritten digital recognition FL Dataset (HDR-FL)
v" MNIST, SVHN, USPS, SynthDigits and MNIST-M

R 1 -
v" Closed-set classification: Accuracy
v Open-set detection: AUROC

« Known class®| 7H==: 6 / Unknown class?| 7l 4

Methods | Closed-set ACC | Open-set AUC
MNIST SVHN USPS Synth MNIST-M Avg | MNIST SVHN USPS Synth MNIST-M  Avg
SoftMax 96.69 7606 97.97 8399 8369  87.68 [ 7738 6541 8880 7053 6624  73.67
OpenMax[’] oy priig) | 9554 6313 9797 81.15 7657 8287 | 77.78 5737 89.21 69.78  60.88  71.00
RPL[‘](Eccviao) 98.33 7722 98.13 8476 8632 8895 | 7787 66.70 89.53 73.17 7323  76.10
PROSER[*:)cvprz1) | 98.04 7581 9720 8692 8493 8858 | 83.63 6557 9028 71.76  69.75  76.20
ARPL[:)irpanrz1y | 97.17  69.83 9644 8464 8422 8646 | 8565 59.79 9253 69.70  68.17  75.16
DIAS[0](ccviz) 97.50 7066 97.62 86.11 86.81  87.74 | 8290 6733 90.69 7748 7192 7846
SSB[35)(1cLRr22) 96.41  60.12 9746 8282 7486 8233 | 8853 57.68 9045 7340 7001  76.08

FedPD (., 98.73  78.06 98.56 8932  90.14  90.96 | 9098 6946 9331 7943  73.64 8136
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 [O|O|E{Al: CIFAR-10

. HY L

v" Closed-set classification: Accuracy
v Open-set detection: AUROC

« Unknown class2| 7H=: 47l|, 67H, 87 2 A&

Experiments & Results

Method Known=4 Known=>6 Known=8
Closed-set ACC | Open-set AUC | Closed-set ACC | Open-set AUC | Closed-set ACC | Open-set AUC

SoftMax 83.23 +£0.28 65.70+0.14 83.1440.38 72.00+£0.44 72.17+£0.41 61.11+£0.45
OpenMax([’](cv pRr16) 83.24 +0.08 65.961+0.14 84.564+0.24 81.69+0.59 72.724+0.40 61.52+0.38
RPL[“l(eccvran) 81.23 £0.11 65.10+£0.05 78.78-£0.43 68.724+0.43 72.98+0.33 61.36+0.32
PROSER[ ‘(v pRrra1) 84.15 £0.13 69.04+0.07 85.774+0.48 80.69+£0.27 70.50+0.21 60.48+0.41
ARPL[ l(rpanrri2n) 83.91 +0.09 69.02+0.12 86.5440.53 79.83+0.69 73.63+0.37 66.78+0.64
DIAS[* 0l gcovian) 84.85 +0.04 70.324+0.09 87.744+0.16 81.66£0.25 74.53+0.37 67.75+0.34
SSB[ S l(rc LR 22) 8§4.2740.06 68.85+0.11 86.0440.70 82.41+£0.33 75.54+0.18 67.97+0.23
FedPD (.. 86.28-£0.07 71.50-4+0.07 89.43-£0.22 85.07-£0.50 75.87+0.16 69.12+0.45
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Federated Open Set Recognition via Inter-Client Discrepancy and Collaboration
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Fig. 2. The overview of the proposed FedOSS framework to federated open set recognition (Best view in color). FedOSS overcomes the challenge

in unavailability of open data via discrete unknown sample synthesis (DUSS) and federated open space sampling (FOSS). DUSS utilizes the client |
discrepancy to recognize boundary samples, which are used to synthesize unknown samples via inversion updating. The generated unknown A\
samples from all clients are inputted into FOSS to estimate the distribution of open space for sampling diverse unknown data.
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« O|O|E{Ml: Microscopic Peripheral Blood Cell Dataset(17,092 Li|O|E{, 8 classes)

Experiments & Results

. M2k ™I} ACC(%)/ Recall(%)/ Precision(%)/ F1-score(%)
* Unknown class®| 7l 37, 572 <

Methods v=5 _ v=>
ACC (%) Recall (%) Precision (%) Fl-score (%) ACC (%) Recall (%) Precision (%) | Fl-score (%)
Softmax 70424352 B1.0341.19 72.094+2.76 39.56-44.07 44204211 T4.48+0.51 62.48+5.17 48.78+1.99
OpenMax [4] 73.9617.32 T6.72+£4.11 T4.981+6.35 72.5216.70 65.784£3.72 71.88L£3.63 72.05£2.13 65.04£1.91
CPN |5] 74.72+5.58 B2.18+4.18 75.12+4.43 T4.81+5.41 TO.E94+2.01 B3.17+£1.70 T377+2.25 73.07+£1.10
CAC [6] 75.5046.42 82.67+4.54 75.5245.94 75754623 T4.85+2.54 83.864+1.25 T4.8641.58 73.5344+1.21
PROSER [7] 7748+3.39 82994421 77.564+2.26 77.644+2.99 61.01+£7.36 81.4241.97 69.20+2.19 6. 74+4.38
FedMix [60] 72 18+4.83 T3.90+7.12 72.8245.9] T1.9247.50 57.26£10.56 T4.74£7.10 65.87+3.04 61.97+6.54
S5B [8] T8.T71+7.92 83384473 79.4646.56 79.0547.19 73.464+10.86 84414497 73.92+6.25 T4.28+£9.04
OVEN (9] 77.35+8.02 83.45+5.54 T8.87+5.36 T7.654+7.50 77.95+4.16 87.49+1.31 76.20+2.08 T8.00+2.90

Ours 80.04£538 | 8246+531 | 80.7314.02 | 81.06+4.59 | 82911427 | 84541380 | 79.97+1.96 | 80.56+3.58
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Federated Open Set Recognition via Inter-Client Discrepancy and Collaboration

Experiments & Results

- L|O|E{4ll: Gastrointestinal Endoscopy Dataset(10,662 C|O|E{, 15 classes)
. Mgk ™7t ACC(%)/ Recall(%)/ Precision(%)/ F1-score(%)
» Unknown class2| 7l 37}, 97l = &

U=3 U=9
Methods ACC (%) Recall (%) | Precision (%) | Fl-score (%) | ACC (%) Recall (%) | Precision (%) | Fl-score (%)
Softmax 77414819 | 84754037 | 81.64+£439 | 7660+3.75 | 60.62+3.67 | 84431096 | 66.81+2.50 | 65.86+1.46
OpenMax [4] 80274541 | 81.80+7.74 | 84914187 | 79.79+7.80 | 6599+188 | 82.094324 | 66.8947.96 | 69.8043.39
CPN [5] 80.35+5.19 | 84.36+4.86 | 80.30+£7.90 | 80.25+7.06 | 61.03+931 | 82214347 | 64.814868 | 67.57+7.55
CAC [6] 83.3444.65 | 87524173 | 84674259 | 84.67+2.60 | 64734651 | 83514111 | 68374440 | 70.1144.82
PROSER [7] 85.70+2.95 | 89.05+0.67 | 86284265 | 85564125 | 69.29+3.05 | 85664279 | 72444208 | 73.16+1.23
FedMix [60] 83.604327 | 86.27+2.18 | 80.86+5.71 | 82.52+423 | 69.92+338 | 82.85+146 | 7276+1.71 | 73.3343.32
SSB [8] 80.89+4.74 | 84.92+3.13 | 83.83+253 | 81.89+348 | 66.45+559 | 83554329 | 71704293 | 72.06+4.73
OVRN [9] 78.494929 | 84474263 | 83.0904295 | 81.58+4.86 | 71.45+778 | 86.724+2.86 | 74.84+3.84 | 76.06+5.(5
Ours 88.29-1.80 | 8829+3.07 | 89.07+1.46 | 87.78+3.23 | 77.17+2.05 | 86.23+2.01 | 77.89+0.94 | 79.41-2.46 -
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- [L|O|E{Al: 3D Organ Classification Dataset(1743 H|O|E{, 11 classes)

Experiments & Results

o« ™ZF ™I} ACC(%)/ Recall(%)/ Precision(%)/ F1-score(%)
« Unknown class?| 7l 47H, 772 &

Methods vu=2 U=7
ACC (%) Recall (%) Precision (%) | Fl-score (%) ACC (%) Recall (%) Precision (%) | Fl-score (%)
Softmax 67.72+1.29 82.20+2.81 71.45+1.47 7227+1.73 44.89+3.24 75.57+£1.96 56.82+0.62 52.79+2.29
OpenMax (4] 49.95+3.19 56.94+9.58 52.36+1.72 49 444-6.66 66.38+4.80 54.04+6.62 68.20+10.92 52.45+5.71
CPN |5] 59.12+3.12 74.25+1.84 65.841+3.83 65.20£1.70 40.40+7.13 63.81+£6.59 51.54+13.07 48.431+6.95
CAC [6] 71.9245.36 82.90+3.91 75.344+6.58 76.38+5.59 44.40+5.37 73.4542.80 53.724+3.71 54.9942.66
PROSER [7] 78.22+1.64 86.761+2.53 79.961+0.89 81.92+1.11 51.77£11.59 | 69.194+10.41 64.514+7.98 56.601+9.92
FedMix [60] 77.75+2.89 87.061+3.09 80.78+£1.86 81.79+2.86 43.8442.97 72.45+3.52 55.38+6.49 53.05+4.74
SSB [8] 67.81+3.98 81.514+2.04 75.21+£5.45 74.19+4.19 46.234+7.03 70.88+5.60 58.164+5.33 52.661+6.69
OVRN [9] 64.18+1.30 78.59+2.64 73.77+4.56 71.17+£2.10 57.69+3.52 79.821+2.09 61.59+4.30 62.55+4 .22
Ours 80.421-2.92 81.77+1.81 85.361+-3.87 82.841-2.28 78.321+3.41 75.44+4.02 80.861+-1.59 75.811+3.30
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FedO g open-set learning to stabilize training in federated learning

Mohamad Moll.m\.hl

Julian Neubert Juan Segundo Argayo

an.nevbert fgax. de

Abstract ditional distributed optimization and requires dealing with
heterogencous data

Federated Learning is a recent approach 1o rain stais-
sical medels on distribuied datasets without violating pri-
vacy consiraints. The data locality principle is preserved
vy sharing dhe model instead of the date besween clients and
the server. This brings many aelvantuges but also poses new

2. Related Work

FedProx. There are two key challenges in Federated
Learning that differentiate it from waditional distributed op-
timization: (1) significant varisbility in terms of the sys-
tem's characteristics on each device in the network (sys-
tems heterageneity), and (2) norvidentically distributed data
across the network {siaiisiical heerogeneity).  FedProx
(Tian Li et af_ [17]) can be viewed as o generalization and
re-parametrizaiion of FedAvg. In this work, the auihors
have theorctically proven convergence guaranices when
leaming over data from non-identical distributions (satis-
tical heterogeneity), while also adhering to the constraints
each device-level system has by allowing each participat-
ing device 1 perform a variable amount of work (sysiem
heterogeneity). They demonstrate that in highly heteroge-
neous settings, FedProx has significanly more stable and
aceurate convergence behavior relafive (0 FedAvg, improv-
ing absolute test accuracy by

FedR. As well as [ ], the authors of this paper (Hsu
et al. []) recognized that one of the challenges in terms.
of data diversity relies on the fact thai data af the source
is far from independent and identically distributed (D). In

challenges. I this report, we explore this new research area
and perform several experiments o deepen our inderstand-
ing of wha these challenges are and how different problent
seftings affect the perfarmance of the final model. Finally

we present & novel approach 1o ome of these challenges and
compare it 1o other methods found in lieranre. The code is
available on o it

1. Introduction

Nowadays. phones are the primary and sometimes the
unly computing device for many people. As such, the in-
teraction with them and their powerful sensors leave an un-
precedented smount of rich data, much of it private in na-
ture. Cameras, microphones, GPS. and tactle sensors are
all examples of this. In the field of Big Data and Machine
Learning spplications. ihis daia regains imporiance as mex-
els learned with it hold the promise of greaily improving

v 2cto|
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FedPD
[ICCV 2022]

FedPD: Federated Open Set Recognition with Parameter Disentanglement

Yifan Li Yixuan Yuan!
*The Chinese University of Hong Kong

Chen Yang!  Meilu Zhu!
ICity University of Hong Kong

Abstract i o et
Model A Mode |

Existing federared deaming (FL) approaches ane de.
ploved uade the wnrslitic closese setting, with borh
irening ad st clason s

e the glabal model fail 1o identify
To this end, we aim 10 suudy a novel prab.
Lem of fuderared open-sel recognition (FedOS
learns an open-set recognition (OSR) model under feder.
ated paradigm such that i classifies seen classes while
at the same time detects unknewn classes. In this wark,
we propoie a parameter disemianglement gided federated
open-sei_ recogniion (FedPD) algorithm o address iwo
core challenges of FedOSR: cross-client inter-set Interfer-
ence beiween leaming closed-sei and open-sei knowledse:
and croxs-client intru-set inconsisiency by daia heferogene-
iy, The proposed FedPD frumework mainly le
madules, i.e..local parameter diseranglement (LED) and
glabal divide-and.conquer aggregation (GDCA), 10 first

sumetwen 11

tong 10 4

() reap )

[ cter discatanglement on FedOSR models wnd
comparison of various saareguion s e o

(@) Fedavg simply aggre OSR models, leading to
el collpe: () Our Heier o i corresponding chose
i ransport (O

dOSIE

ing.

rages o

disentangle client OSR model into different subnetworks work
then align the cornesponding paris cross clients for matched
mudel aggregation. Specificatly. on the client side, LD de-
cauples an OSR madel into a clased-set subnenwork and an
retwork by th ~related importarice, this tions and difficult to u\\u.m\\. into @ centralized dataset, ow-

inter-set interference. On the server side, GDCA
first partitions the two subnetwarks into specific and shared

and ethical concerns, especially
2 Tocation hased sersicen o

ing (o increasing pr
o thse sensitive

Pparts, and subsequently aligns the correspending parts  health, inform To break this dilemma, feder
hroish optimal rransport o eliminare parameter misallgn-  wid learning (FL | 1 provides a privacy-preserving
men, usive experiments on various daiasets demon: radigm that allows loc. it o cnllaboritivaly brida &

strate the superior performance of aur proposed method. shared global modsl without dsta sharing.

E 9l 10i2t0|E & Closed-set / Open-set A E
v ME{0]|A] Optimal Transport 7|4t HE =2 %'——E—HE“ XA

o

v 2a}0|AE

FedOSS

[IEEE

2024]
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FedOSS: Federated Open Set Recogpnition via
Inter-Client Discrepancy and Collaboration

Meilu Zhu®, Jing Liao®, Member, IEEE, Jun Liu
Abstrac—Open set recognition (OSR) aims to accurately
he unknown claas in medical scenarics. ; in exist-
3 OSR spprosches. data from distributed sites
Contraized rsining detasets vsu-
sty Joads 1 high privacy and socuriy Tok. which could
e sllevisted sloganty via 1ho popular crose-ste Daning

peradign tedersied larning (L. Tothia nd, we epresent
set rec

{Fe08, and ropose a nove Fecersteg Open
Set Syninesis o085 harsowerk 1o adcvess the 2ove
FedoSH unknown

chall A: the unavailability of sam-
ples for s anticipated clients during the training phase.
The

explots nter-lient knowledge inconsistency to neowlh-

v § dacialon boundenes 15 synthesize discrete
vital unknown sampies. FOSS unites thase genersk
unknown samples from different clients 10 estimate the
class-conditional distributions of open data

2

thereby
improving the diversity of virtual unknown samples. Addi-
tional

Superior parformance on public medon datasas i com-
parison with iale-ol-the-rt approaches. code

Index Torms—Open set recognition, federated learning,
al image classification.

e

-0

Member, IEEE. and Yowan Yuan™, Member, IEEE
achicved remarkable performance on various medical classifi
cation tasks (1], 12], [3]. However, these methods are usually
evalusted in 3 closed-set setting, in which categories in test set
same as training set [4]. The closed-set setting
is typically unreasanable in real-world medical scenarios, since

are known and s

rare oc unknown diseases probably arise without any waming
‘and would be miscla

ified into ane of the known diseases [4]
151. 161, [7), 18], [9]. This problem poses an enormous risk to
o ot ks gl 2 ipplciicn of iieigon
healthcare systems. Open-set recogaition (OSR) [10]. [11] is
thus proposed to solve this issue, which
classify known classes while at the same time identify open-set
data as the .mm-un class.

aims to accurately

performance of existing OSR meth
61 171, 18] 19] in open-set setting, they heavily
depend on the availability of large-scale centralized datascts
Since the data in a singl medical institution arc usually
limited. one common solution is to

from differcen hospitals |
comcerns or legal restictions (13], distributed |untm data are
not able to be diree

shared across institutions

tralized machine leaming o provide a fessible solution to
this dilemma, which leams a global model by sharing the
model parameters of clients (hospitals) instead of their aw
data, under the orchestration of a trustworthy clood server.
Nevertheless, implementing OSR in such a decentralized FL
framework is challenging and has not been investigated so far
Driven by above realistic issue:

in_this paper, we represent
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