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ZREMEIN Y (deep neural networks, DNNs), I Hi IR 5% 5 i 0] 1% SE5 A 3047 58 A DAAE A R i 28, AT 56
JSUREE 5 S AT 55 DS 2 2) 1 2 L H BR & A2 70 23 ) FH 4% 2 P s RA AT 250308 110 [R]In) 3 B L 2 IR b At DAfR AP
P RRAAME B IR, B RIE SRR IR R, BRIR A SIAEORAP m N H R AS AR & A it 777 T ) = 22
PEIE— 5™ . (681 A HAE SR B 0 A0 Tl 82 A 35 e 0t B K HR 8 7).

JUETRHA 2 S AE 22 A U T LD R B 2 A 55, L AE SE R 8 22 1 A P AT T Wi A 5 AR 2 2 ST BOR AR TR
A% Pk —, BB A k% 1. IR B (0 5080 o0 A5 5 I G B B0 0 A A — B, AR PE RE AR R 2
HILE 2 TR, HR 5 R ™ E R R, Glin, 7283 Z 3 s50h, BE a0 i mfe ik 5 5 850™ E i 10~120 %
I A A, I N GREHE 5 SR BRI < 18] (1) 22 5, R IR B2 2 =) SIS S AR A8 1 OB 1) R, 12 i) ok
S 7 SRR 1) SE B 0 2 [RURE B S 35 5 . DRI, AEASE R 38 2 e R RIS o SRR R AT R B 49, AR Ao A
A% A DRI 1t BE AR 220 R FH P /R 5K, AR IE b 2L

PR JE 2 SRR &, 3 5 A HT Bl e R AT B I e — B B RO BB B 07 20, WTH TN
XPEH AT A AR SR, IS T I AN T2 EEPhR: — 71, JRaGEEE i RS @ BN E 7 HE B ik, 3
X IX LCHG AR AT N THREA SR 51 &; 55— J7 18I, 80 FH A i o A B a3k AT BRI R 2 i S 2 35 () T SRR 4.
X EEPR R PR 1 2T 58 e R BB S OTVEERRIE 2 S g S BN . 0t Bk e, BF e i 1
BT BRI B 772 (data selection-based model repair, DSMR) 13! 3 i M KR A bn vE Hi i vt Fh ik
B /NER 7 A AR REAAE A T AR 3T hR 13, JE45 & SR G I ZRE0 o B HEAT BRI R, AT 7E rT 451
AT 5 THRE SR FE T e B AUME . SR, A K24 DSMR 77 7% 32 SR 38— R 2 SRR AR k47 et
FHECZ T, B2 2 S NS 2%, %% 7 o) [R] IR 97 S AR AR R 5 il 55 2 i 51549 B 4 SR B, AN [R) 250 P i 1)
A R A 2 5 B R[] 434 (non-independent and identically distributed, Non-IID), iX>4 DSMR [¥]
ELERH AR TPk k.

B 5 T, — MM AR B R G RIS A% 0 R AR T B s SRS S R b, 7 bR A i A
RUE 4 R AU E B i 5 2, 7 RESE A RO IR THE AL /3 A e S5 N IO VERE? BRAbh, IIZREEE i 7 A =,
QMS7 [ 43 4F (independent and identically distributed, IID) 5 3EBMAL [R50 A0, #E A &2 REM G 2 ST 0 1 R
(R 2R, B OGRS 2 SRS S R ) AR e i 3 Bk = R GEVE R SR . BT IS % =) R R A1,
AT AR 7 78 DSMR I AR 2% 2] 150 T SRR A R0k, R, 72K 2 T Hoi ik 3 AR AUE 5 5 v
LTS BRI 2 2] R, A W EXNE Bk [0 AT KRG MR BT,

AN ERWH A A, ASCE R T — IR G M SUER AT, TP DSMR ARG S 2 N IiE
PSR, RAE 7 MRS 6 P AR DL [F) 73 A1 55 73 A k% U0 55 R AT 1 O S, = ]
GELAR 3 AT A

(1) EIEFEAR NS DSMR HIFEI. SLie g RRW], S Eah 25 I ANF, £ 04wt 5 T 2 a8 w2
BB IR

(2) ANF] DSMR J7iEAERRFE 5 2 i R I 22 5. SRIe 45 R EoR, BRI 2 i i) DSMR 754L T W1 IR B, 2
O A Re A KA IR AT E e R 2, MELAFE AR Non-1ID 5 73 A {44 2640 N e e I TR bl £¢. ik —
WO TR, EZHORE T, RIS BN W SE R TR J8 T T AN 1 5 1 S, 3 I USRS Tt AN o
PEVE AL D BRENE T ATH IR & B 126 % 3 R v A vT Bl (10 SR B DR 3R

(3) P2 ARSI BRI FENR . SR ZRNE TR W], Fraesh T B bR 25 70 A K i 1tk S5 A S BUR B
PIAHSE, A DSMR J7 V240 [ 126 43 fiv B 0cHhs , 57 5k = 6f 40 T 250808 5 R AR ) 580 08 K 29 A 46 4 () 2 20 3R

BT FIRSHIE R, A SCHE— B T M A B A 2 R IR BTV Fed-PAIR. %77 V%[ 2% [E AR
TOIAN 2 T F AR B AR 2 3 i Ve, I NS & AT VI SR B 1 /0 A IRAS, B3 S UR AR T 4008 (AR 25 43 Tic
g, T AE DR FREAN E PEIR B SR RN, fR e rh T #5506 I 2R B0t 76 % 7 i (8] PR B[R] P S50 Sz
F W], Fed-PAIR f£ IID 5 Non-1ID 75t T BIRe 08 BG40 E HIPERESR T, JEAEM™ BRI AL 25 AT T RE IR FF BN
R AP &R

gE b, A EE TR ESE: (1) B OB Y 235 N E) DSMR J7ERHT 1T RS SSETES, Hn T
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WIEHEAS AT PRI SN SRS 5 8l 0 AT A MR B RCR GBI R 2K (2) 26 T SHESS 4R 1Y 7 — i
[A] K Non-1ID 375 (i 6 #7575 Fed-PAIR, ML AN E VSR S) 5 70 Al ST HIBR & LR, A 30865 7R
BRI ENE S B (3) MEIFITR T — B IR SSIGHESE, AT A FIRR A . Bl oA 5 20 A i f2 7
SRR AME E 7, a2 e R e E 5 T H SRR (https://sites.google.com/view /smrforfl).

2 MXERARLMARIRK

2.1 BIEISBHIBEHNF

IR 27 2] DA~16] e —Fof 32 A 0 0 A LS 2 I =X 3@, DR 2E ST B RSB 2 AN P s AL k. £
BN, miRSSaE ol e RER TN R B8 % i AT A2k, R E R % s B S A Bl I 2k
eI AR I I 2 O B A% 22 2 AR 55 4%, o Jm R 55 s P ISC R B A R Y kAT 3R 45 DU T )R Y. i
55 s i ) 25 i A 2R O AR DR A ST (A Lo 1), ©F 2 AR G Ui 1191 e Fed Avg M) A 952
PRAETTIE, ASCTAERM FedAvg HHATERASA 21 R & 61 5 2, FedAvg K25 A MBS Bt AT 1, DUE AR
f R,

AT K 2 BOBIR 22 STk TR BRI O 58 e ARid:, (B SE PR ARIE BRAS 15 55, 7 i JU 3 [ I 41 A e 8l
AURARIE S (20~28] g2 5] 4251 Sl b M5 BE R MREA AT AR, A R 1 8l A 2 1n 2627 Bk
FRE B PRI 51 5 82 S g5, ORI 2 i) 3 R AR 2e~3 . RLUIT T B2~ Bl
By 3] S S TR 27 31, T LoGo P91 Ml 828 5 AN e 1k 51 S RAE 50k 1 IR 23 2 21 7 ik

2.2 ETHIRAFNERZERZ

BT BRI R (DSMR) 83 S Pt BORMBREAT BRI, X R A i 4 3E 4T AR I 2Rl
T, IR THE AL RE. SerT i 78 DR T 2 R0 SENE: FIHIR I A BO~400 ) 227373 Fr (MODE) Y| i 5t 5%
K (MCP) W2 BT HUR M EFEIENE (RobOT) B31) DLE /A AL S (DAT) ¥4, HybridRepair 131 K2 I &
#2115 DSMR £54, SAFE o) R F il BeRr SR B, MOTS 161 45 & At e MEAN Z et AT 2 HAstitk. 5
LeEt 0 AT B FEANIR], ASCH U0k DSMR. 51 NBRFREE 2, I PP JLAE DA 2 ST B A Rk

BEAN, B IS A STRIE FU BB S B 3, AH VR )RS A SCHIR [47) MR FEUIZREs, STk [48] M E %%
J o B 55 E B TR A, STk [49) BERTAEAE R BRI TSI SR, X8 TAR & THRURT A6 B, MASSCH) DSMR J7 i
BRI LES B By, T T R 028 R AR TR F) 0 A7 (i 52

3 LIt

R TR AT B R B AR RS AR BT 22 S A i, A SO RE T KRG SZIERE 7T, BT AS [H) 2 i ik
PEARXT DSMR BIs2i K HAE DSMR iR ERER I,

3.1 EBIFRIE

B 1R T ASCSAIERT FE Bt AR NE. ASAIT FE AOHESE 32 22 ot AR 2D R4 AR

BB 1 FHERE. AR iR CENET AR PR E SRR, 3L DSMR J5i%E 56 AH DNN fA (HI &
WREFESS) 1 PN 02 E 2 SR IO F A AIE, Ik T I LE R AEREAT IR e R HE Fr . ARSI o & ELHs i HE e
SR, X DSMR ZREZ. FEIRRSE RGBS %0 77 v w8 A P 2 R0 A8 % 4% EAT DSMR: 25 7 S A b
WIRARERURI R 55 &3 3R 5 Ja R 0] (4 JR 7Y TR, 8 S 7 BEAR R IR B B3 S A N Bl 1688, 78 JR 22D IR
R, 20 A P 3 RS AR 7 S i S KR A

FE 2 BEREE. G R A RSB BRI S (B4 R 5 AEO), B DSMR 753250 R bx
ERIRSE T IFEAEATHY, PSS R NE, IFRIEARETSEI Top-K FEAE 94 T 4t
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RQ 1: Impact of different query selectors

RQ 2: Effectiveness of DSMR methods
RQ 3: Impact of data distribution

Step 1: Step 2: Step 3:
feature data data

| extraction selection labeling

~
Query with UI Select : DSMR : Label
— !

—_—

Unlabeled Unlabeled global/local Feature L T‘Eﬂ_“ldf 2 Labeled
data 1 datan data
Step 4:
@ @ ) Retrain local model with model
Training data 1 Training data n retraining

B 1 (ERRZE) ERIRITHT.

Figure 1 (Color online) Overview of the framework design.

HIR 3: BURIRE. X EHR AT IR, R AR T S TR B R

$R]R 4 RWEBINE. &5, B0% ) s e (38 5 R A IR0 & 0F, XA AR gt AT /b e ik
WISk, INZR5e e, ) o SEOHT O A OB R L AR 55 2 im AT SR &, TR RGH (4 R 2. 38 50t LU AR 2T )
4 R BRI PERE, SRPFAE DSMR. A R,

3.2 HIREESEE

WIBE. ASCEIT 7 AT 2 EIEE, W55 EE BT 5 A RIE S A HT5: Fashion-MNIST 50,
PathMNIST P!l CIFAR-101%2, CIFAR-100 52, Devign 1?3, 20 Newsgroups 4 F1 Sentiment140 %%, Fashion-MNIST
B8 10 KRG (KA #442). PathMNIST K T-45 B 400 A, 8 9 A4 (dnfig iy ke
ZHff). CIFAR-10 B4 10 KRG EE (I kL. &25). CIFAR-100 % 100 KB G EIE, 48 20 KK, &k
B IR AL “4RiE” FREFT “HUBLEE” AR25 (U0 “dolphin” JNAHKIEFF, “aquatic mammals” NHIRLEARES). b
@ 4 ANEARELE T AL SR L)z oAk, FoA175 8 B ARE S A ER AU P AN B 4R 20 Newsgroups £
B 20 ASHTIEIAH 3B SCAREYE (40 space, baseball), Sentiment140 & ilid Twitter APT WA, # H T
M (QETEC). 74, AL & RIS FIEIEEE Devign, HHR MM E T 08 IS 24K
MARRSHE RIS, I SEIUTITRRIE ) 2 %2 Boh R AU AE 5 52 Bk pR . E A5 — 3R 102, AR R IR RN
SIPEARRD AR FH (R 72 2 —.

BB, ORUER Y SR 1) 2R, AR SCH ST IR LM M 4% (feed-forward DNNs). Tl 25 Transformer
PR DL S G2 RN 45 (RNNs). 56T H7 N TAE [40:44,56.571 R A T B0 X S B 4 b EL AT s v v 23 g A 28
Fashion-MNIST 5 PathMNIST % LeNet-5 8], CIFAR-10 #H ResNet-20 9, CIFAR-100 % ResNet-50 P91
Devign K CodeBERT %), 20 Newsgroups K FH & 5 2 2 EAIHL (MLP) (1)) Sentiment 140 SR+ Fa #1120 2%
(long short-term memory, LSTM) 1621, & 1 a4 7 A SUE A &S SHEAE B, BiEgrsia(E Bn] R
FFIE R 55 (631,
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x1 WEESHEERGE, SBRIFHBEEMNXBREEFAKE, ETENSEEESHTEIATINEFIN 2 BERENLLIE
SLRERE. % 5 ATESNRESTNAERE, g /), BRI HHRE.
Table 1 Details of datasets and models, including the number of samples in the training and test datasets, and the accuracy of the

global model on the test dataset under different training data distributions. The parameter § controls the degree of data distribution
imbalance, where a smaller 8 indicates a more imbalanced distribution.

Accuracy (%)

Dataset #Training #Test Model
1ID Non IID (8 = 1.0) Non IID (8 =10.1)

Fashion-MNIST 60000 10000 LeNet-5 90.28 88.79 78.62
PathMNIST 89996 10004 LeNet-5 87.99 80.23 61.86
CIFAR-10 50000 10000 ResNet-20 96.22 71.56 45.78
CIFAR-100 50000 10000 ResNet-50 78.62 40.30 39.64
Devign 21000 2700 CodeBERT 61.13 59.70 55.16
20 Newsgroups 11314 7532 MLP 66.70 63.08 29.29
Sentiment140 1120000 480000 LSTM 74.16 73.35 58.36

3.3 HEHEINEE

R E| FedAvg M) 2 5 FH IS 2% ST IRAR, ASCE 2 80 TAERIHF A% E 339%)) R A FedAvg 1E N
SHOVRE T ALRER IR N N 10, BRSSO 1.0, BIERIIZGATA % i 25, ARl
SAH B WO 3, STFIETE [64) BB — 30 X T BRI, AR 22 IR ISR 50 §&, 2R AL
WEHEME 2 . BN HE, B 11D % E N CIFAR-100 4h, 50 % & LLEAL AR SR. 76 TID W& N
CIFAR-100 F#E4EH, 50 il Zra 5804 R 5 AR B A F R LS A LR, AT HZ & E T 4R
R 5 A AR G — 3 AR 10 $e ALV E N A v e 1628, DA CR PR S Bl 5 88 2 (A1 RS L AP, LA R
WE I RE R rBA. FHER AR, FIRRRIRAGEAE X ID % & T 1 CIFAR-100 $HE4E, AC%5E
56 45 TR X510 A [R) B4 42 PN O AN [R) 7 VAT R 1 Ll A, AN A s B A R PR RE 6T B, R I 12 A AN 2 St 3 A i
IS I AP P2 AR g, 0 TR A SCAR S £, AR BO 22 ST RIS 5 %6, FRRBR e — R4 /A
R S AR Y. 1] 2 h A R R I GR H B IGIE T 5 Rl 2k e LAUSCSK.

3.4 REEEKRE

FESGH, FA T I e B Hh T e e R AT PRI R LA S A B 5. 2 [ 2 BRI 9T A 14244650 13
B, EHEINZE R R SR SR F S B0 E, teaniiieds . 22205, shi . BUESZRAR &
BRHL ASCREARIETHN 1%, 5% A1 10%, FF M A5 Eed Hh kORI B (K 8ot # FOIN % 7 o SR 46 1 2k
AT NG, AL 5 485, RERBE RN 2R, NRERBENLIER ), SRR F I ZR 2
FHARTR R N T 2ot R = IR, AN SR 45 SRAR T (1 A AN R R B AR AN 22 RE R (11 2 =K.

3.5 HIEER

AR Z AR EE, DA TRIPRZR TH 1A DR % S B () DSMR, i) . 415 F T F I 2R il , A SCIA]
B 25 L8 11D 5 Non-1ID &, H73 7 A JE AR VI SR -5 1 198 50 v 2% AR LR R R 7y . AERBCRL IR B, B T F
{HERFR 2 SIBAE 0 A N (in-distribution, ID) MREHE b 11 GE A8, FRATELE 2 A0 fw % B EE b PEAG A A
PERE, MR IR, B G —FRNI TSN (out-of-distribution, OOD) JMREHE, UL/ Hr FR I AT (132 1k g

[RIEEHRRI 5. IR T SRR 5 SR FRA T SR AR U 5B A R 1 90% 1N R AR I 2R84, ol sk
10% AR50 A AR EE, T B SRR I 25 5 P

FBURES. LS 5 B SR v] B8 BB A, AR IR G5 e ht 151 N oA fmfe, i
HTI AR AR F TR A U205 B, T UGB A, FRATTRFH SRS 752 A BT e 40 326 2505 A X i
X} CIFAR-10 #4445, AT H AL CIFAR-10-C [99) fE A58 5. CIFAR-10-C & —MET CIFAR-10 4
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Non-IID (B = 0.1) Non-IID (8 = 1.0) IID
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—~ 604 R __ 801
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5501 2 3 60
S 401 © ©
< 30 < < 1
—— CIFAR-100
201 20 201 —— CIFAR-10
10+ —— Fashion-MNIST
01 0] 0l —— PathMNIST
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Epochs Epochs Epochs
Non-IID (B = 0.1) Non-IID (B = 1.0) 1D
601
70 70
60 501 601
S S S
~ 50 < 40 < 50+
> > >
& 40 & & 40
5 530 5
S 301 g S 301
< < 201 <

N

o
N
o

—— 20 Newsgroups

funy

o
[y
o

10+ Sentiment140
0 01 0 —— Devign
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
Epochs Epochs Epochs

B 2 (MEMFEE) FRINGHIBESH TERERMIIGZERE. E—THRGESNLEAE, E2ITHERIESAIE (NLP) £
FNZEBE.

Figure 2 (Color online) The training logs of global models under different training data distributions. The first line shows the training
logs on the image task, and the second line shows the training logs on the natural language processing (NLP) task.

BEPRAE, A5 19 M WA a8 A (it s | s sh B . 5. 55 XM JPEG E46545), &M
SHE 5 ANEEMEESY. SR TAE [67], AN 040 FEEHLRAE 50000 5K EUEAE A HTEE, S i
B AR R OR R — 2, RN B AN R sl 288 5= AR . o+ oA B G Sl 4, AT TRA S CIFAR-10-C
AR E IS 772, A8 F A 45 E AR SO s EddE. BEJS, LS CIFAR-10-C AR 77 NBEHLR A H7 £ d,
FORIEFL R 5 SR AR U 2R 808 — 350 T RSB e i 48, BEMLRI 233 10% /B8 00D Mk, Fl&
90% 1E Al Hdhs.

XA R £, AR A ALERT (683X — GBS A2 o7 vE R W8 . 2 AN A il B £ v,
BEALRI > 10% 1ER OOD MlAEHE, 4 90% 1E F ik HdE.

ST SCARBARAE, BAVEH — A1 B SRE S LA G SR AE 4 (9] dafyy 4 e 3G 5 7 v2x IR 2 o
AT, D& H8E. BAR T4 butter finger PR3 (BRI N R SEUWPEE B R) « BEHLRIMIBR .
[F) SCAr e N LA B[R] SOl & 4. Bt i, FRATPHE AN B AR O BE AR R 20% 1B 28 OOD Ml EHE, s 80% 1E vl

NEGUE FR R IE T SR LGN T A R A mEe, IATE 7 MEARE LT T b K CAE R AR U125
B 1 SE BB I ) A JR A A B e B T AN T A PR U 5 4 b AT VA, LR 2. S5 RR A, 5 R 4G
AR BRI MEREA B, SRR B AR b A 2 th I i HL 2 25 00 R, PR RRIRIA B 16.5%. X —45 R EHEIE
S, AR IE BB S R UG U 2R 50 2 TR AP AR SE M I 0 A RS, TR S 227 8 DSMR A8 8 SERHR it T 24
B AT SR
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x 2 FRNAESSHREMAE EAEEIMEESTEE. Acerp RFEBERIBMIXE LRERZE (%), Accoop KRIRETE
Frmt g ERERRE (%).

Table 2 Comparison of model performance on the original test set and the distribution-shifted test set. Accyp represents the model
accuracy (%) on the original test set, and Accoop represents the model accuracy (%) on the new test set.

1ID Non-IID (8 = 1.0) Non-IID (8 =10.1)

Dataset Acerp Accoop Acerp Accoop Accrp Accoop
Fashion-MNIST 90.28 79.56 88.79 76.96 78.62 68.46
PathMNIST 87.99 51.03 80.23 47.24 61.86 45.52
CIFAR-10 96.22 59.92 71.56 56.84 45.78 36.20
CIFAR-100 78.62 68.46 40.30 34.36 39.64 30.54
Devign 55.16 55.23 59.70 59.54 61.13 59.98
20 Newsgroups 66.70 7.42 63.08 7.42 29.29 5.92
Sentiment140 74.16 72.72 73.35 72.00 58.36 59.00

Non-IID 5 IID &E THBIRER. A0 — D 88 75 Ak DSMR B2, Kb Agis 7 A R i s
STV AR N 2B 55050 HHE 75 B0 7 S TR Ao o ol 4 R R TR] R s o A O kAT Rl 4. BRI 5, 3R
IR A Dirichlet 4348 Diry (-) 70T B i e A I S Hh Ay B 25 25 % P /B R AR N SR Bl X F & P ¢,
FAR B EAR L BE N i, Ho g ~ Dirn(8). %0 g I THH1 B8 0 A ERERE, B /N, BE oA sA
Yoflis. ASCRE 3 MR, B TID, Non-IID H. 8 = 0.1, Non-IID H. 8 = 1.0. #£ Non-IID W& F, R[A
% P i IR AR b AR A AN SR A A A A F). 76 TID W B R, 5% 7 i e OB R A 25 B85 0 A — B 3. ok
b, REESEBRN %5, 76 TID 5 Non-TID WAM A E Y, 72 7 i 2 (A3 0V E AL 2 5000, IRl k, AR SCse st v
AR BT Hh S I B SIS (IR 2 5] A A

3.6 DSMR 53

AR SCRVEFE T R G B DO B AUE 5 1) 3, RIEAR AL 58 5 RR eSO R An i Bt (i A v, sl i 4%
D EEIMERE AT 5 IZR, DIEA BRGIE &M MEE B THEAL M RE. HlS0X — Hbx, A SCRINH - T
FKIjiE: —R%L1 1N DSMR Wil 7k, i F 5% =) it b i AR RS 72731 2 Frblig N A — 37
HEZEREAT XTLE, A2 RN AT TERZ O B AR b B — B e e PR AR R B KA Y I B4R T, SR,
AR I E FAREA T X A, BRI SRR 3230 ST E S A BE AL A6 1 B 55 e B A e, ad i
IS FEZE D RN ZREE,; TEAYE N DL —AN B 58 IR I R AU AL, B AR 18 B HAEHIGEUE 1
PEREFIAR. FLIR, ARPRESEE R A2 77 AN, 323 2% 1l 5 AR — RS B R AR IR Pk S B A, AR LS
STHDOT (1) 72 5528 JE A T B2 a8 WL P B ok, X Se i A4 5 IR AR I R B R AR A o A m A . R 8 A7 AE
iR, BT HAZ O HARIIE T 2 AR RE SR TH VB AR 8, P e a) R 20 b B 3, IR m]
DATEAAS S AZ 15 100 T 4% 2 305 ST B SR AR ITRE R R T DSMR ¥5t. il A TAE B4, RATFESE
36 R BT PR R AR MR DSMR 7774, B DeepGini F1 MCP. XFF F8h2: 21 51k, HATSIN T P sng: &
5 ) Least Confidence (LC) 7732, LA T TAFXT IR A% T 52 H I 24 T 563 7772 LoGo. FRATTRFIX P A 3 5h %
21775I N DSMR W sch, 304 ARy DSMR J7EH AT L. thdbh, S TERSA % P B AEM R H T &
WIEBEMRERY JATT3E— D4 DSMR BRI N2 BT 2 R AL 77k 55 T AR R 7%, 365531 BA
g M1 AN JE BT X 0

Random 1& 52 88 W A1 55 Th B9 FE 2777, B AR B 56 P BN LI BUREAS. 1205 A Jy— i 52 B
Toli IR E, F VA B8 53 2% 040 108 458 S 10 A7 2512k

LC (M 2 —Fhfai 5 HAk 12 R I 302 2] s, FOR A BAR R IR B B i AN I e A, BUATT 5,
LC G FAE AL PrAT S m) _E s R UM AR R B N REAS, AR 4R T 298,

LoGo B BT RFR A 2] $2 1K 3230 % S SR, 15 CE SR A2 7 i 1) (1) 28 ) AN T8 AN B0 S o 12 i) L. 1%
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TR WM BOR B AR 15, AMARAIIAT Komeans J2, DAARIEA M8 76 280 2 T 10 2 AR 1 Bl S, 4
JRIASE R T R A (74 AN 1 s B A AN AR AR i iX b 7 3K, LoGo BE M [7] B e BRUEL A %5 i AN o 1
A2 FEPER AR A

Multiple-boundary clustering and prioritization (MCP) (2 J&—Ff L) DSMR. #iA, HAZ 0 B4
SRR R AL SR BAR A A R TR E ISR, 2070588 3 PR 56, (H DNN BEARON A Bl i A
BEATHERE, 153065 LA 4t AR 0 A0 s LR, JE T REAS TR 2 v HE A4 TP LA S0, REAT 14 R IX ISR 2., # Hidls
RT3y 1% B e, FEBEIR A I I TSR R TR AR 28 A0 58 — R TR 2 2 LRI E R AL 5B 2%, JF BN R
FREP S RO U RAEA . L [ 51N EHE R 2K 5 AN E MR FEHLA], MCP ARG P2 it 1 it 1
ZREES A ENE, X— B85 LoGo ik H A MHME.

DeepGini 40 & —MERAZ K DSMR J77%, MIRFEEAZ M 2% (1 G vt REPE H R vk AN e . 1% 0572
£ T Gini 1370 1L PR A E B, Hat 8 A T

1- S8 pia), (1)

Horr, pj () FomlldmA o B T2 j KR PINMER, KRR EHL Gini /570805, RIIZEIEFEAR KA
SE PERCKR.

3.7 MW SEWIME

NGRS FE R BB LT S22 S0t B 2 = R & P45 R S 3ET Python 3.7 SEHI, fiH
Pytorch 1.8.0 VREE 2% SIHELL. IS SJ IR SEIUEE THFIRIE (64, 75]) H3EAT THMNAB . BT SERITE—&
MR 5538 L5E R, R4S #%I21T Ubuntu 20.04.1 R&%:, L% 64 % AMD EPYC 7543P 32-Core CPU. 4 5K NVIDIA
RTX A5000 GPU, PAJ 251 GiB #J#E A7

4 SLEREGR

AFTGE ARSI SAER TS5 R, fEA R Seith, S 45360 4> (AAREE 7 MRS < 10 M x
9 FEHE AT E x 8 MEUREF L x 3 MARERE I E x 3 IRER S IR MZREAT 1 I 2.

4.1 RO 1: TiEEFERNEN

AHIEFE AN T TH R 20 AT B IR B4R X DSMR, A 2 I m. & 4, 83 0 A 4 SR i A 5 AR MRS A Dy 7
T PR AR I Tk B (O S, i BRI R R HOR, BE— DRl AN F A R 2 ik
B T EN SRS, SR GESR T BT = AE B 52 .

F 3L TR A F A ik B 28 prik Bm 0 E S Eu ] g5 5T DI SR, 244 )4 45 SR i A 5 A
HB AR S A WL FR AR ), DSMR VARSI E$: s is R I B 22 . HUARTI 5, 78 63 ARl B b, 1A
5 PG OL T R H S LB 60%. b, 2 HI RN, A ZREYE Non-1ID FEFERINE, HdE =S L &2
PR B SA. Ban, 78 Fashion-MNIST £864E & MIIZREdE 04 A 11D #6485 8 = 0.1 1) Non-1ID BB, £
PEESHHIH 57.93% FFHKE 19.76%.

MR F RIS B E RAE T, 4 ZR50E I Non-1ID 43 A I, BEFHS 27 =) R 7 () AR AR R R e, IX —
CER 1 RS RI0E. BB HER R B AIIE LT, o2 A AR A I 2 A B Fofr Hh 45 R DSMR J7v%:
1M 5 YRS AN v S X PPN B VRN, 33— 2D OR TR IR A R E I ER. M T, Rk
B 0 73 A 0 B8 S LA R S i oA BR. 5, 7E CIFAR-100 $dE 4 b, 7R R Bods 70 A 4414 K i 2 & L i o
WA 30.59%, 30.83% 5 30.80%, Z& AR/, %45 Rt K, DSMR FIRBCREIR KAREE AT SNSRI
S SRR (K AERF R, T 00 B0 10 0 A 15 ol ot SRS A A A 58 AT 5, IR G SRIGAIE T 4 SR R b A Hh A A
TEAE B L PRI SR I AT 22 57, HR A L BEE— 20 43 W i P 22 S5 o B HS 2 ST AR ARG 53 308 1) B AR 5 i
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* 3 2FRESAMEEEAEMRIFRFFTERIENERILA] (%), Hb TrainD RRINGEHIES T, CandiD Fin{kik
BiES 7.

Table 3 Overlap (%) of data selected by the global model and the local model, where TrainD refers to training data distribution and
CandiD refers to candidate data distribution.

TrainD CandiD Fashion-MNIST PathMNIST CIFAR-10 CIFAR-100 Devign 20 Newsgroups Sentiment140
11D 57.93 66.33 36.84 30.59 62.26 56.98 33.51
11D Non-IID (3=1.0) 58.37 67.02 38.65 30.83 57.26 56.24 33.02
Non-1ID (8=0.1) 60.20 72.29 40.97 30.80 59.41 56.83 38.33
1ID 39.31 46.30 26.73 42.53 54.44 45.89 13.81
Non-IID
(8=1.0) Non-IID (3=1.0) 39.34 47.59 27.43 42.36 54.33 45.88 14.67
Non-1ID (8=0.1) 41.08 52.82 31.06 42.49 52.01 44.66 15.98
1ID 19.76 18.12 15.01 30.26 52.01 38.77 39.14
Non-IID
(6=0.1) Non-IID (8=1.0) 20.44 19.44 14.83 30.23 50.77 37.63 37.95
=0.1
Non-IID (8=0.1) 21.97 22.88 16.25 29.81 54.01 38.20 38.27

F 45 5 HHGH T EEUGEEREN B IE AR5 EARE BB ZBLE AT N INRER Testip 55
ANREE Testoop LHIMEMRZIETHEER, K 6 4t T HINGBELE A0 N IHREE Testrp 550 Ao
Testoop FHUfF Top-1 5 Top-3 HEMHZR 1 B kB Gt WFIIHER RIS Rk E (R 4 5 5 PREE R
o), LIS RIE AT AN ISR b, 78 7 NMEERE TR 5 NS T, SR & REAUE A BRI 48 Ae g k15
T AR R B 22 ST R Top-1 55 Top-3 BRGH4E R (£ 6 TG I FREEY, T4 RN
Kl e B0 Ay A AR BE LS 25 5 G e R, R A SR AIZ AL RE ). AL, AR A AR AR b, 4
JR A [ AR R I B Sa 4 J1 I e, U B L AE AR AL S0 A 008 A e b DR B S 2R A

LR ERTR, BT ARSORVERR A e 5 N AR RS S R, 4R A 3 3E SR AR 2] T DSMR
IR RRR. (HAERRE, X—405 O BT R85 05 B 15 2145 e A . Zit7ida i, 280
MAFESHL BRI, AR T IE SE B w888, X — 2 Rk — PR, WO £ 35 2] ST 1 B
SIRERLY) DSMR. & T P AN AR o AN [ (1) ] .

FETH BRI 2 2T 1) DSMR 355 1, FRAT TR0 4 o A5 700 v e = o s e L R A B AU 7 10 1B 43 2 P O B R A DA
Fashion-MNIST £ Non-IID (8 = 0.1) && T W, 4 REMAEN 50 FIIZRI nlE 2] 79.62% FIHERZE, T4
TR P SR AN 47.28%, Hh i 59.53%, AR 26.05%, 54 R BAHILAAE R E ZE. BT 2
% DSMR. J5 RS AL Tl i H SRk AT B A0 e G HE 7, DALk, Touiuy S vf iy L1555 o vy R IR 2% ST AR AL B A
T S BURS R O B e 4. 31X — R AT DUERE AT #E Fashion-MNIST 5 PathMNIST {£45H, i FM-IID-Testp
Wb, 2 RS R 25U DL A T AR, 328 73 i K3, Fashion-MNIST 5 PathMNIST 455X v [
DI 2 SR R B AR e 2 5 T HAAT 55 AHELZ R, 7E Non-IID (8 = 0.1) & T, Sentiment140 HIHERHFRAA
58.36%, 1M Devign BIEZE IID 5 FAEMR RN 61.13%, X T 40 A5 1M 5 Bk T HARKF. BRI fERG R
T2 F AR S BB I AT ot 25 oA K5 S5 i BB AR Ea 34 . 15 DSMR AN[A], B 3 30 2 2T Ik 2 1
RERLZE BT Gl HBEA LI AE AR 2). FEIX —F B, ToiR R 4 Jm A 2 AN AR Y, G o) 135 Rt e A,
M DME A T SE IR AT G KR, 1X— 2 55 B0 | B E Bk A 2t 72 R85 2, e img iR 285 &
B NI I PR W Sk T AE DSMR i, B SR U 75 4 B G B 2R (1 0 B8 0, K v o o 5 SOV e 2 IR0 73
ifmFEFEAR. PRI, RS2 S s (AN AN SR BT 1 288 Il RERE 182 J2 TR PR X 331, B 36 1 e AT ) B e 8 v i 22
ALK

FAZRIEER 1 N SEONES)E S TE Non-TID 375 T S A A1 SR A A B R/ E N 2 kR 88 AN ), 76 BT
AT RS IR S SRS GAT 55 b, AR A0 2 AR M B WEBeas. BiRm S, T2 RN DSMR
JiE A T BEIRAFIZ AN RE ) B o () RS 2 S A,
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* 4 FERERERSAMREFTERIRHTHRIGRE, EEGBEE LS TAMRAE (Testin) SRMHINUKE (Testoop)
ERTFEERERA (%), Hb TrainD FRINGEEIESH, RMERUEERL.

Table 4 Average accuracy improvement (%) on image datasets using data selected by the global or local models against ID test set
(Testrp) and OOD test set (T'estoop), where TrainD refers to training data distribution and the best results are in bold.

Candidate data distribution

Dataset TrainD Test set 11D Non-IID (8=1.0)  Non-IID (8=0.1) Average

Global Local Global Local Global Local Global Local

11D Testrp —0.06 —0.04 —0.03 —0.02 —0.01 0.01 —0.03 —0.02
Testoop 0.74 0.67 0.69 0.65 0.56 0.50 0.66 0.61
Testrp 0.23 0.18 0.22 0.19 0.20 0.18 0.21 0.18
Non-IID (5=1.0)
Testoop 1.41 1.19 1.21 1.13 1.02 0.87 1.21 1.07
Fashion-MNIST Testip 0.96 0.86 1.00 0.52 0.00 ~0.01  0.65 0.46
Non-IID (5=0.1)
Testoop 3.06 2.59 3.19 2.66 1.19 1.42 2.48 2.22
Testrp 0.37 0.33 0.39 0.23 0.06 0.06 0.28 0.21
Average
Testoop 1.74 1.48 1.70 1.48 0.93 0.93 1.45 1.30
11D Testrp 0.33 0.34 0.38 0.37 0.38 0.39 0.37 0.37
Testoop  2.72 2.67 2.19 2.02 0.86 0.79 1.92 1.83
Testrp 1.03 0.61 0.83 0.44 0.70 0.61 0.86 0.56
Non-IID (8=1.0)
Testoop 4.22 3.98 3.52 3.30 2.40 2.33 3.38 3.21
PathMNIST Testrp 1.51 0.49 1.34 0.34 1.27 0.33 1.37 0.39
Non-IID (8=0.1)
Testoop 5.30 5.24 4.75 3.92 2.04 2.01 4.03 3.72
Testrp 0.96 0.48 0.85 0.38 0.79 0.44 0.86 0.44
Average
Testoop 4.08 3.96 3.49 3.08 1.77 1.71 3.11 2.92
11D Testrp 0.08 0.13 0.08 0.15 0.14 0.15 0.10 0.15
Testoop 2.39 2.33 2.15 2.07 1.48 1.46 2.01 1.95
Testrp 1.46 1.56 1.35 1.48 0.68 0.75 1.16 1.26
Non-IID (3=1.0)
Testoop 4.30 4.01 4.14 3.97 2.84 2.82 3.76 3.60
CIFAR-10 Testrp 6.09 6.78 5.34 5.41 6.81 6.18 6.08 6.13
Non-IID (5=0.1)
Testoop 7.62 7.15 6.63 6.21 7.29 6.77 7.18 6.71
Testrp 2.54 2.82 2.26 2.35 2.54 2.36 2.45 2.51
Average
Testoop 4.77 4.49 4.31 4.08 3.87 3.68 4.31 4.09
1D Testrp 0.96 0.86 1.18 0.79 0.04 —0.04 0.72 0.54
Testoop 3.06 2.59 2.93 2.85 1.37 1.26 2.45 2.23
Testrp 0.12 0.21 0.17 0.15 0.15 0.14 0.15 0.16
Non-IID (8=1.0)
Testoop 1.14 0.83 0.91 0.96 0.97 0.89 1.01 0.89
CIFAR-100 Testrp 0.17 0.34 0.24 0.21 0.12 0.16 0.18 0.23
Non-IID (8=0.1)
Testoop 1.68 1.73 1.62 1.57 1.51 1.49 1.60 1.60
Testrp 0.42 0.47 0.53 0.38 0.10 0.09 0.35 0.31
Average
Testoop 1.96 1.72 1.82 1.80 1.28 1.21 1.69 1.57

4.2 HHREIE 2: DSMR 53EHBEM

FEREFC IR 2, FATRGVEHIEAL T 2 AN DSMR 7R AE A [FIZRECE 73 A 5150 B0 43 A i 8
N, KPR SIRRE B ROR I SEbrszni. 2R 708 T8 7 D8RS LR R8T O, B g FoR
DA R R O B IR A, <17 FoR IASHIE R/ Oy B e 4 25
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% 5 FALBERGAMRRMERBHITHRINERE, £ NLP HiRE FHTHERRREA (%), HF TrainD RRINGH
‘oM, RIMERUEKIRL.

Table 5 Average accuracy improvement (%) on NLP datasets using data selected by the global or local models, where TrainD refers
to training data distribution and the best results are in bold.

Candidate data distribution

Dataset TrainD Test set 11D Non-IID (8=1.0)  Non-IID (5=0.1) Average
Global Local Global Local Global Local Global Local

1D Testrp —0.42 —0.52 —1.57 0.02 —0.97 —0.89 —0.99 —0.46
Testoop 0.22 —0.40 —1.45 0.42 —0.48 —0.62 —0.57 —0.20
Testrp 0.74 0.64 1.25 0.79 —1.26 —1.31 0.24 0.04
Non-IID (5=1.0)
Testoop 0.24 0.26 0.80 0.48 —1.80 —1.79 —0.25 —0.35
Devign
Test . .14 1 . 2 1 0.22 12
Non-ITD (8=0.1) estrp 0.33 0 0.13 0.06 0.20 0.16 0
Testoop 0.65 0.48 0.32 0.40 0.50 0.44 0.49 0.44
Testrp 0.21 0.09 —0.06 0.29 —0.68 —0.68 —0.17 —0.10
Average
Testoop 0.37 0.11 —0.11 0.43 —0.59 —0.66 —0.11 —0.04
1D Testrp —0.72 —0.74 —0.70 —0.70 —0.70 —0.73 -0.71 —0.73
Testoop 10.92 11.54 9.79 9.94 6.97 7.11 9.23 9.53
Testrp 1.05 1.16 1.10 1.14 1.13 1.14 1.10 1.14
Non-IID (8=1.0)
Testoop 10.51 9.89 9.81 8.59 6.53 5.86 8.95 8.12

20 Newsgroups Testip 2319 2324  23.32 23.35 23.65 23.59 23.38  23.39

Testoop 13.65 12.74 13.04 12.49 10.02 9.15 12.23 11.46

Non-IID (8=0.1)

Testip 7.84 7.88 7.91 7.93 8.02 8.00 7.92 7.94
Average
Testoop  11.69  11.39  10.88  10.34 7.84 7.37 10.14  9.70
- Testrp 0.34 0.36 0.27 0.17 0.13 0.13 0.25 0.22
Testoop  0.46 0.39 0.35 0.22 0.12 0.17 0.31 0.26
Testrp 0.81 0.48 0.67 0.99 0.46 0.6 0.65 0.69
Non-IID (8=1.0)
Testoop  0.93 0.51 0.77 1.00 0.52 0.62 0.74 0.71
Sentiment140 Testip 10.43  12.93 8.33 11.63 5.26 7.19 8.01 10.58
Non-IID (5=0.1)
Testoop  8.74 10.95 6.81 9.72 4.63 6.2 6.73 8.96
Testip 3.86 4.59 3.09 4.26 1.95 2.64 2.97 3.83
Average
Testoop  3.38 3.95 2.64 3.65 1.76 2.33 2.59 3.31

#z e &7 ANHIEEL, TRTIEEERZIE Top-1 5 Top-3 EHEMNREITAHLT, Hb TrainD RRINGHIES T, =
RERUEIFARE.

Table 6 Frequency of achieving Top-1 and Top-3 accuracy using different query selectors across seven datasets, where TrainD refers
to training data distribution and the best results are in bold.

Candidate data distribution (Top-1) Candidate data distribution (Top-3)
11D Non-IID (8=1.0) Non-IID (8=0.1) Sum 11D Non-IID (8=1.0) Non-IID (8=0.1) Sum
TrainD Test set

Global Local Global Local Global Local Global Local Global Local Global Local Global Local Global Local

11D Testrp 9 12 10 11 8 13 27 36 31 32 28 35 32 31 91 98
TestooD 10 11 15 6 12 9 37 26 33 30 34 29 30 33 97 92

Testrp 9 12 7 14 9 12 25 38 29 34 30 33 31 32 90 99

Non-IID (8=1.0)

TestooD 18 3 13 8 15 6 46 17 42 21 38 25 35 28 115 74

Non-IID (8=0.1) Testrp 11 10 8 13 10 11 29 34 29 34 26 37 33 30 88 101

TestooD 12 9 11 10 10 11 33 30 36 27 38 25 34 29 108 81

Testrp 29 34 25 38 27 36 81 108 89 100 84 105 96 93 269 298

Sum
Testoop 40 23 39 24 37 26 116 73 111 78 110 79 99 90 320 247
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&k 7 A[E DSMR FEE 7 MRS LN FIERERA (%), He TrainD RRFINEHIES, CandiD RRIEIERHE
o7, RINERREARL.

Table 7 Average accuracy improvement (%) of models using different DSMR methods across seven datasets, where TrainD refers to
training dataset distribution, CandiD refers to candidate dataset distribution, and the best results are in bold.

Distribution Test set Random LoGo LC-g MCP-g Gini-g LC-1 MCP-1 Gini-1
11D Testrp 0.06 0.00 0.06 —0.04 —0.18 0.04 —0.02 —0.01
Testoop 2.81 3.03 2.56 2.90 1.41 2.61 2.76 1.57
Testrp 0.63 0.67 0.71 0.75 0.41 0.66 0.64 0.44

TrainD Non-IID (5=1.0)
Testoop 3.40 3.40 3.20 3.28 1.59 2.78 2.99 1.60

Test .61 .94 A1 .24 .74 1 . .

Non-IID (8=0.1) estip 5.6 5.9 6 5 5.7 6.10 5.75 5.88
Testoop 5.60 5.78 5.91 5.01 3.96 5.25 5.50 4.31
1D Testrp 2.31 2.42 2.52 2.28 2.15 2.50 2.45 2.20
Testoop 4.65 4.81 4.61 4.54 2.83 4.17 4.56 2.89
Testrp 2.04 2.24 2.44 1.97 1.97 2.40 2.20 2.16

CandiD Non-IID (5=1.0)
Testoop 4.15 4.29 4.29 3.87 2.46 3.91 4.02 2.72
Non-TID (8=0.1) Testrp 1.96 1.95 1.91 1.71 1.85 1.89 1.70 1.96
Testoop 2.99 3.11 2.77 2.77 1.66 2.56 2.68 1.87
Testrp 2.10 2.20 2.29 1.99 1.99 2.26 2.12 2.11

Average

Testoop 3.93 4.07 3.89 3.73 2.32 3.55 3.76 2.49

MAFETTE AR IR, %28 DSMR JHEEA RN 5 T LI — % B EAMERFAE. £ [F] 70 Al
HHe Testrp b, LC-g AEZHBCE TIUF T e B i IO P I UE R R 52T, B A0 I 288 50 A 9 Non-11D
(6 =0.1) ®EFEE 6.11%, fE L8R TFEEERP B T HREK Testp 32T (2.29%). 4R EW], LR 7 A
T3z e, B TN BAG FE RO AN € 1R SR AT IR e — R BN A Rk 3%, A i MR EHE Testoon L,
LoGo J5 RIS T ARXT SE i (P 29320, fE 2 D it B R DS IR BUF A AR, IFAE B A 45 R B
FE Testoop FTt (4.07%). ZIBUH], A AZ 7 T, A% M R HEID a5 K skmg /£ — e fe EA
BT 3R TR (R AL L RE.

SR, EONMEME R AR, R 7 M RFENERY, EZHOE T, SR OBIH DSMR J5% SN #H
FEV-BIAER R 527107 T A ZE BB i AN, HANIRI TR AE A [F) Bl 0 A 261 T A AR R AR 2 . Bl 5+
BCE B FAS S B R UG 5 iR U EAR S PR R SRTT. IX B RER T AN E S ARSI RT,
ST B R PR R R AR AL T B B AR 2R Non-1ID 573 i w275, A DSMR J7ikiH
LR E M T BE AL £, XA e T BB RS 53 il RBUAS B f) v RE B 1, 3R W EL RN BB 37 5 110
DSMR. J5VEIER SRS 2 S ISR AR AT M AU FUPI AR

IERE 2 N BRI R T, BUA DSMR JHiEAE 2RO E MR RA IR AR 2 PERENS a8,
AMECAAEREAR BRI T REALIE %, RUIBORE B R34+ F B Be, SR EE XA Non-TID 5B iHHT 0%k
Pa ik FEA L.

4.3 MRPEI 3: FFEBIERZE ST DSMR RIS

i 4.2 ANTERTIR, BRFR S 3137 5N BT B O E R TR Y. SO BT DSMR 7
b, fil A BE ML B AL 22 B 00 Tt RESRISARIL R R AR, AL, ANt — DR R AL AT T 5 1A, LASR TR
IR 25T DSMR JTERIA L. CA BT B R, FEALGEERE 22 I B DSMR W5t eh, B $odii b
LB BVER BT IR RE RACR. IR R, AR AR 50 R, 4eRe AR B B MR A AR 2%
oy B, REA BT T DSMR X S S R AUR.
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4.3.1 W&

RIS ALHE 3 M50 (1) HICHEIMHT, FIIT-HR 90 5 2 P 3 T o e O A e 5 5 T e W P 1
YRIRIEI 2 ST RE 2 I RISE 8, (2) 2S00, FIT-40 M7 2626 3R B 51 BRI S5 5 A DSMR HIfi2
HEIEF, (3) SMHFBLA DSMR 7 it B0 10 b 45 A R

HESEHE T, A9 T N e 7 AR IR 2K 30 2 0 0 49 A A 75449750, A MR b M i, AT T 8L
R MATHOARIES (std), B AMURRIE: 23 WD HCH 40 38 i, 7E S SRR SN, FRATISE H T 260 L O
O, B AR R 0 2B AT B, 75— A4 FAE S o, 2 AL 10 AMREAS, 4% SR
FHCH (2,3, 5) 1, JChRAEZE Sy 1.25. 243K AT (0, 1, 9) I, FRiEZERIKE 4.03.

SR M 40 e 5 R 4 5 AR 2 I 76 A7 12 5%, 3R AR Spearman S840 R (p) FHELFTE
T2 40 107 22 15 R ARV TR PV 2 R TR0 2 2 6 F AT b, LT 25, 26 T A2 2 s
SRR IRRIES std, J5, Tl TRRAE 275 1 B A i o 4 30 A 0 1 LU N LT o, 82001 e
wi = <AL R N R PR BAJS, X stdy, . stdy SEATIAURA AR MRS AR std.

N—l ‘Di‘7 -3

i=

FESEE Y, B (std, HERRA) BEEXTILEE 72 MEA AL (3 FHINZREEE 73 A x 3 P e Bd 700 x 8 FhEidhs
R, WA ER—HEHE L 5T Spearman ZEAHIE REL (p), LA HTHR S M tE S HEAME R 2 ]
IR 2.

TELIW. At — BRI i 2 T L 5 NFR S B /3 AT E 2 OREBE b R (R sk IGHS 27 ST A
BEYR, AW T BRI, IR 2 A T SR R B B BT R R AL, 45 CIFAR-10
(10 28). Fashion-MNIST (10 28) &5 PathMNIST (9 2§). %5550 75 20 AN F RS K B ds 247 B X0 i, 955
BGEH AR F R R AR Ak, DR RSO S 1 2K B0 2 X S 06 Wit 5 45 SR M e AR R . Rt (=
GrRAESS) ME AR IIAR 25 o3 A0 Ay KK 22 57, T BRI R i B 88 (4 100 ANSR03H CIFAR-100) 2> 3%
SEINARZEAH A% 18], T B ARSI T 42 1t 55 45 R PR 1. DRI, AR S0 ok # A A8 M AR I B B ARSI Y s
A&, DATELRIE S BT AT 42 1 (4 [R] B B 1 4510 (1 8 12

FEAZSE Y, AR SCARBE A P S 18] AT DUBEATS8AE, AT BE 0% N D942 il R 48 43 Wl 25 4525 1 i 1) 4 S B b
oy, BARI G, A SO i B 2EAT B AP AC, (8433 — 58 2R I B AE AN [F) 2 P i 2 [A) R AT B3 . Bl
Ji A5 FH BT (5 25 o BB AT TR, VPl B IR E BB e 2. 7EiZSEge T, DA% 4o A Non-TID
(B = 0.1) 30 5 T FRUIZRAS B IR SIBR M B AR AR 4, I A & 5] AAR2E3 M 40 A0 Ja X i A i e
Jrats R i R

A DSMR FESH. &5, /3T DSMR TV ik FEA B 70 AR iE. BRI S, 5 E0RAH 5>
Br—2, TR DSMR J5 i A 5 1R 8 fibrfE 22 (std). BRE1Z 54T, FATREWE I8 /R I 77 i B Hdfs
FEARRE I3 AT BT AE R BR A, I ATt B8 A R0 2 T HR i SR & ST RME B 7 R 2 i M 1R 3.

4.3.2 SEIGLE

R 8 WG TAHRME M SLIR A R, SRR, SRR 5% 1 10% I, Prdt B AR5 0 A br e %2
55 3 T IR LSRR I SR RS 2 ST R R P e 2 ) SR I B B ) R DR S AR A, AT ID M Edls, 1% 4
KRR OOD Mk Hds AW 3 8, JUHRAETRERSE Y 10% B EE 7 00D AL T, 7 MES
A 5 MES MG R A Gt BT (p-value < 0.03).

510 ARNE DM LI S5 SRR W], A AR R i 1 Kt (bR 25 AT 2 52 DSMR ZCR IR BE R R 2 —. A
253 AT SE NI K BT e B BE A8 Yk 3 SR TR A S B B S 1 e

B 3 JRIR T & BHRERAE Test;p M Testoop LREATRIZLIMEER. L IZET, BUEBIRE RAER H LT
K. SIS, 5 — R 8 bR A AE B R b S IS S AT, 5 P X B A2 S IR B ST AE 1%
PRas B ROHERG R B IR BUAh, JRATIEXS 2 AARAE RN CR45 i o0 AT AR AT 1 S250, 4R FIRERY], B8
J FRIBR R 2 SRR AR TX B bR 2 b A HEf A A7 W] R 4R T
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#& 8 Spearman KHEXEH (p) KH p E, ATEHEMERBEFREDITIREE (std) SHBINGBKRBFEIREVEREZ(E
SOEEES kN

Table 8 Spearman’s rank correlation coefficient (p) and p-value between standard deviation (std) of selected data and retrained model
accuracy.

Budget = 1% Budget = 5% Budget = 10%
Testrp Testoop Testrp Testoop Testrp Testoop
Dataset
p p-value p p-value p p-value p p-value P p-value P p-value

Fashion-MNIST —0.15 2.1 x 107! 0.04 7.5x 107! —0.21 7.0x 1072 —0.15 2.0 x 107! —0.26 2.9 x 1072 —0.22 6.1 x 1072
PathMNIST  0.02 8.4 x 107! —0.11 3.5 x 107! —0.32 6.3 x 1073 —0.63 2.6 x 1079 —0.30 1.1 x 1072 —0.71 3.1 x 10712
CIFAR-10  —0.07 53 x 10~! —0.13 2.9 x 107! —0.05 6.8 x 10~! —0.20 8.6 x 1072 —0.01 9.5 x 107! —0.35 2.5 x 1073
CIFAR-100 —0.22 6.9 x 1072 —0.15 2.1 x 107! —0.25 3.5 x 1072 —0.28 1.6 x 1072 —0.51 52 x 1076 —0.43 1.6 x 107*
Devign —0.00 9.9 x 107! —0.10 4.2 x 107! —0.10 4.2 x 107! —0.07 5.3 x 10~! —0.13 2.3 x 10! —0.17 1.5 x 107!

20 Newsgroups 0.00 9.8 x 1071 —0.19 1.2x10~1 0.05 6.7x 10~ —0.50 9.3 x10~6 0.00 9.7 x 10! —0.54 1.3x 106
Sentiment140 —0.08 5.1 x 10! —0.06 6.3 x 1071 —0.14 2.3 x 107! —0.17 1.5 x 10~! —0.25 3.6 x 1072 —0.31 7.8 x 1073

xR 9 EREHIESTA IID BAREMER 10% WERLT, REBGEMEEBIENREE (std), P TrainD FRRIIZGH
|, BNIREZELUREARE.

Table 9 Standard deviation (std) values of data selected by different methods with a labeling budget of 10% when the candidate data
distribution is IID, where TrainD refers to training dataset distribution and the minimum std values are in bold.

Dataset TrainD Random LoGo LC-g MCP-g Gini-g LC-1 MCP-1 Gini-1
11D 6.67 23.85 10.78 20.87 25.21 11.77 23.60 25.56
Fashion-MNIST Non-IID (5=1.0) 5.55 23.54 13.01 23.96 29.20 19.21 33.36 27.06
Non-IID (3=0.1) 5.65 24.43 17.76 19.38 28.75 26.88 46.06 40.69
11D 15.12 16.69 17.94 43.52 24.81 19.09 42.88 24.11
PathMNIST Non-IID (5=1.0) 15.66 20.60 20.08 50.87 22.71 19.51 53.31 23.18
Non-IID (3=0.1) 15.32 21.09 18.64 56.00 23.02 25.76 49.74 31.05
IID 6.21 12.22 13.13 15.18 11.33 13.53 17.43 11.22
CIFAR-10 Non-IID (3=1.0) 6.18 13.30 16.94 20.19 13.25 20.08 22.21 17.91
Non-IID (5=0.1) 5.35 21.27 20.66 22.32 15.83 21.75 23.94 22.79
11D 2.05 2.54 2.27 2.88 2.90 2.19 2.78 2.69
CIFAR-100 Non-IID (3=1.0) 2.08 2.47 2.26 2.65 2.64 2.21 2.62 2.58
Non-IID (5=0.1) 2.16 2.57 2.32 2.51 2.59 2.31 2.76 2.57
11D 56.63 57.83 57.18 61.74 59.71 57.67 59.72 58.08
Devign Non-IID (8=1.0) 60.72 59.41 59.73 61.90 58.83 57.67 59.42 60.60
Non-IID (3=0.1) 51.60 59.17 67.98 65.29 59.27 57.64 58.63 60.56
11D 3.32 3.50 3.62 4.26 4.46 3.70 4.00 4.02
20 Newsgroups Non-IID (5=1.0) 3.55 3.73 3.49 4.62 4.33 3.66 4.63 4.12
Non-IID (3=0.1) 3.64 3.30 4.73 4.44 3.75 4.54 4.41 4.51
11D 147.20 79.60 166.50 73.40 127.10 144.20 73.10 109.20
Sentiment140 Non-IID (3=1.0) 135.20 203.20 179.70 83.80 142.30 194.00 225.10 210.30
Non-IID (8=0.1) 144.70 164.80 496.10 14.10 14.70 460.70 345.30 311.80

LEL: BR 7 AEREA 2 i PN AR DR AL AR I8 A A 45 200 _E ARSI BT 2 A, AR T R B 1) SRR A O3 A
s, [FIREEIRTT DSMR RCR B —AMRA A st I 787 1.
WJa, £ 9 Gl TAEMRESE Y 10% I, AFRDA DSMR J7 ik ik HFE 8RR KRS fT R 45 R 7T AR ),
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40.34 26.11 18.36

-26.14 -32.21 -11.09 -1

-24.62 -31.16 115 -11.88

(a) Accuracy improvement on CIFAR-10 ID test data (b) Accuracy improvement on CIFAR-10 OOD test data
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N AR AR
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-17.64

11.34 PIX¥] -17.07 gEyivaN

BL582E)

-32.76 -61.70 -29.84 -32.68 ICyEEld

-19.51 -12.20 -3.82 [PAREEE -28.77  0.00 [PXEcES

(e) Accuracy improvement on PathMNIST ID test data (f) Accuracy improvement on PathMNIST OOD test data

E 3 (WERFE) HRTELZ% Non-1ID 88, SFBIBERE Testip M Testoop LRVEMFERA (%) BR. Hp, ‘L’ &
TR, HMHMRRE—HERE LERERA, NHMRFTEN BRI HRILEAENRE.

Figure 3 (Color online) Accuracy improvement (%) on Test;p and Testoop compared to baseline Non-IID setting. ‘L’ refers to
label. The horizontal axis represents the improvement in accuracy for a specific label, while the vertical axis represents the label for
which the corresponding data distribution is balanced.

HYISBENLEEAEL, P DSMR J5VEE ] T BRI 2 ST, SAM0 17 T 16 360 28 20 A1 5 i B PO B0
FEFTA D3R, BREENLIE AL, LC £ B I ZRY Bk 3 10 40 A A 3 AR R ik IX A FE 1)l 2 1§
PS5 RARRE, BI LC RZAE 7 A7 IR EE _E IS i I HER R DSMR 5k —. 4 Rt — PR x
XM AR 24 2 B DSMR AUR IO EH 2L K.
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SR, B4 DSMR 535 i 8 508 (AR S 0 AT 5 FRARE L (RIARZE S A bt 2 std = 0) FEAERCRZEE.
BATRIL, BT AT IR M R AR, JUH AR A MR B =5 A IR T 1o 20 X 4 i 1 O A R Sl DA
B R RIRRZE A6, F10, 78 Non-1ID (8 = 0.1) BB F 1 CIFAR-10 R T, &R M HER RN 45.78%,
T A Hi AR 2 (R HERf 2 AT 17.03%~40.65%, RIVE 2. B2, RIE R R S B 2% 2 g5 ik 16,76, 771 )|
SRIGBL TEFRA T AT 55 i R AR R A, 140, A FedAve, FedMut 191 #E CIFAR-100 %44 b ffi
ResNet-18 #%, 7 Non-IID (8 = 0.1) W& FHMEMEIGES T 3.77%. 2RGAMBIE 2 [FAFTER PR 2
BR, Inz A R 5 A SR P R A PIR L B 2 (WLEE 4.1 /NT9), (SE15 R P B i Hh A 40 BC AR 25 T AS
ST AR 5 AT AR A R A

2518 DSMR J7VAAERF 7 S BB AT v ide 138 1) 3008 A A6 W ik XA 28 20 A i 2L

HRIE)RR 3 g ik B B AR B M R B DSMR FEBE R S o Sk i St R K 2 —. T IF ks
ZEYMTVE (BLRE BN R i P DA BN IR P it 2 (A]) B A8 S R TR IR A ST B (R R R HE R R SR, A
DSMR J7VETE R G B 2 AR ATy SR A7 B S AR 28 i L 1) R, L AE B2 T o 2 14 i 1 7 T AT A 8K 19 e o 2 ).

5 MEEBIPBFEIH DSMR ik

BT AR SRR 7L, JUHR TR 2 505 R 3 (4h R, FA1S B s SRR, — 7T, B AT R 2
MEREY], REIA DSMR JIELERH S 2] 15 P AR TR RR IR THA IR, BAEE /-5t T R 2ok i e blik
PRI RCR. (e Z 8 serh, RIS BN W SER T VESS 8 T2 T AN e 1 5 i SRms . X Ui, RIEZE K
oz 21X — 2R, DB S AN G 1€ PEAE A% 0 IRENE 5, U598 2 Hot ik £ B2 Hh AN o] BUsk i B R 3R
)7, WEFCIR R 3 ISR Rt — PR, Fridab T B AR oA B v 5B B AR 2 [AfE A
3 ORIk, RS e EUbR 25 7 A1 B8 S50 25080 () 7 AR A R B SR A e AR B R PERE. 2R, BLA K240 DSMR
TT LA B — AN E 1 AS 5 AT R e AR 7, B AR T HfE B 55 B 40 An ¥4, T = % B 2
ST JE G N SRE8HE 7 A RR PR I R G . AERF 2 21t T, 25 % P i RO AS I I R B A AT 52 ™ E )
Non-1ID 734, BIE T 4t 76 42 Jm) R TR AR e 38, 5 [RGB B 05, 75 7] 58 B0 7 i 2 8] DL A REAR
WIZREAR PR A5 o A R JE oA, BL MCP J7ik il 8 Hl I 2 0 FERSSAE SRR 7 50 T BR S AH X S5 i
MG PN T B, (B H RS B SR B A & o A AR 47, o B A 2R B0 5 40 T B0 2 18] 0 20 A 4
HRA. ERI s, %R 25O Non-TID I ZREdET7 K bR 2t B, I if BR i 5 848 & ) sz br
ROR.

BT EIRSHIELS 0, AT — DR B, TH B EE ST DSMR AN 75 22 DA E M % O #dE
T, 36 2 ik 2 FE AN T BE AT 5 25 % 7 o BT I SR B P [RIVE T, DA S BB A R0 6 2 P i 1) 1) PS50 78
FET X203, JATE MCP YRR b 52 W — Tl mg S 2% 2 B8 e 4% 0772, #79 Fed-PAIR (federated
pairwise uncertainty-based data selection). SIA J7VEAE, Fed-PAIR FHAECSUERKN T H3E B & 103 7345, 1M
F& LRI SR 0 A N LIRS AT, B w1 R A D TR (AR RS 20 Be SIS, AN T AE DR FF AN 5 PR IR B e 5 1)
[E BT, 5 AR 2 AR SR B DL & P i [ R BR 28 20 AT T S8 38 i R IR S

5.1 FENE

Fed-PAIR & —Fh [FI I 5 FERE AN 2 P 5 AR B B 25 78 75 T 1 1) DSMR. Bl e 577k, Haz o fi AR
A&l B SR 2 (R SR AN e ) IR DL AT N SR B I AR R IR A, e IR b R
T o5 N 55 AN R R S X Ik, AT SEEN BN T e LT 1) AR B S T B e B, BRATE SR 1 PR
TN T VEYHD R



TFRE FENZ EERE 20265F Fs56FE FeH 1380

FIE 1 Fed-PAIR: [ [A)IRFR 2% = B AN & M B it R Bk
Require: #8 fo; YAEHE Divain; EERFFEZIE Deana; FHEL C; FRIETIR B;
Ensure: N T HEARTIES S;
c AR fo UM Dirasn THEARBITIFRZEXS (c1, c2);
s B NGE P EMRERE R Merain(c1, c2);
: WRE fo TFE Deana FHFEER 2 1 (c1, c2) RAHEMEAA r(2);
o WRIRFEARAZAR N (1, c0) HEUN C x C MES;
WGt S « 0;
{B—Wr B RAAET N ZREE R AR 245 )

Tt W N

6: while B > 0 do
7 EBURARIEIEE B Mirain(c1, c2) BAIFRERGES Gmin;
8  if Gymin = 0 then
9: break
10:  end if
11:  for F4 (c1,c2) € Gmin do
12: if B =0 then
13: break
14: end if
15: MZARZERE LS r(z) RRIFER o;
16: S+ SuU{z};
17: ML FEER @, HFEH Mirain(c1, c2);
18: B+ B—1;

19:  end for
20: end while
{BE BBt BT O AN E VE R 2 R b R ik 4
21: while B > 0 do
22:  TEFTARIRMEIEREAS, B r(z) BRIIFER z;
23 S+ SuU{z}h
24: SRR Mirain(c1, ca), FFMRIEETFEER o
25 B+ B—1;
26: end while
27: return S.

AR f LA AURFREBEFEA Deana, W TRENFEAR 2, Ha R G BUUBER 128 p(e) =
[p1, ..., pc), Fed-PAIR H e BUHL IR 5 KR ¢ SUCKKIZA ¢y, RN

CL = ArgMaxpj, ¢y = argmaxp;, (2)
J J7Fc1
Ht— 5 7€ SR AN E PEELAE N (@)
_ Dey (T
T(Z’) - pq (.’17) N (3)

Z BRI T REARLEIRA 1 5 co RIS E 1, BB R R SR A B R Pl 7. 55k
TSN i 1 ) BE AN R], % Re 8 R A AR W — Sk AR TR SR S, NI R 5 S R R
FAEFIRMEERANERE R, BT LR E X, Fed-PAIR ¥ FTHFEAILIR (c1,c0) HEUN O x C MrZEfg, H
C NFINEL. BF— IR BL T — 5% B AR 28 1) P S0 S X3, T vt ke 55 2 ) R A R B2 K

5 MCP ARG B H & 3HT 10 R B EAA, Fed-PAIR #f— 3 B 305 A\ 24 B Il 5500008 bR 20 20 A1 VR
NIEBEAH. AL Mipain(cr, c2) NERTINGREFR TR N (c1, co) FIFEAREE (55 2 17). 24 Mipain(c1,c2) =0
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& 10 Fed-PAIR EARNIGSIRERIES T T EIDERFRA (%) RESRMELGENITLL, Hd TrainD FRRIIZGEH
#&57, CandiD F[RZEKIES T, HMERLUBFIRL.
Table 10 Comparison of the average accuracy improvement (%) of Fed-PAIR over the best baseline method under different training

and candidate data distributions, where TrainD refers to training dataset distribution, CandiD refers to candidate dataset distribution,
and the best results are in bold.

TrainD CandiD

Average
Method 11D Non-1ID (8=1.0) Non-IID (8=0.1) 11D Non-IID (8=1.0) Non-1ID (8=0.1)

Test;p Testoop Test;p Testoop Test;p Testoop Testip Testoop Testip Testoop Testip Testoop Testrp Testoop
Best Baseline  0.06 3.03 0.75 3.40 6.11 5.91 2.52 4.81 2.44 4.29 1.96 3.11 2.29 4.07

Fed-PAIR-g 0.15 3.29 0.77 3.65 6.36 5.90 2.40 5.29 2.57 5.17 2.31 2.19 2.43 4.22
Fed-PAIR-1 0.07 3.25 0.60 3.48 6.36 5.76 2.79 4.84 2.16 4.42 2.08 3.22 2.34 4.16

I, FRATTFRAZAR BT R S P e S 2 5 X 48009 AR 78 746

FEMIERE b, Fed-PAIR S FH 79 [ B 0E 35 MK

F—M B, Fed-PATR 4% 8 24 5T I 2548 Hh bR 2 b 78 o R B AR 21 0o BT A i 4 v Al 2 IR b 2 it 1B AT HE 7,
BIMRSEERE Myain(cr, c2) BANIBREERS (1S5S 8~10 1T). /S, Fed-PAIR KK I LE7E o e A R TR
NEE— NIRRT —DAHEVELE r(2) BRIIFEARMANERES (RABEE 11~19 17). Z BB E Y
BTV ZRECHE HH 5 i BRI R SR F X sk, AT DA s ZINMRAN B 2546 T B A4 I R B0 7E AR 2556 J2 T 1) e A7 7K F,
H RGNV Non-TID Y ZRE0HE 51 N 1 45 K P 2 i

58— I B 58 A AR TR A 2 DATE 55 BT A 18 AR 2SS B, Fed-PATR #ENGE B B, 72T 54175 i
A EARASIAR R, A o) IR BT AR AN 7 1k LA B R BIARE AR, B ZIA B8 e AR T (AR 2R 21~26 17).

Z P I B SR W T CRAIE 1 AN PR A S P RT3 240 DR B e 50 0 s 2 0T J2 TR 11 78 52 30 1k, TG S B
PR RGBT, FHOL BRI SR 75 2% 7 I 2 ()38 A T S I35 i IR AR 25 0 AR AS

5.2 SCIGZER

10 JLAR T BT ) Fed-PATR J7VETEA I ZREUE 7 A 5 00 8 2008 3 A 26 A T, ARG T S B 4k 15
PEREXS LA . g7 B 2B AR, 17 AR AMAEALILFE. “Best Baseline” FR/NfER B E TR
RARMIAE DSMR 77k, WEEARSF 545 Jn AW EE S, Fed-PAIR-g £ Test;p 5 Testoop ¥ T AL
B, 2 s B LS LR T X MER R N 2.20 $RFEE 2.43, I 4.07 $REE 4.22, BHZTIEEDN AN 500575
T RERS SR AR E HI M REIE A

HE— 2B MEEAR RN G AT 54 N R 45 0T LUK I, Fed-PAIR-g 72 )L A R T (11/12 MR Ai ik
BH) BRI L AT M RER I, HEAEAT AT B E N IR TN LE BRI, I 28 42 4~ Non-1ID
(B =1.0) i}, Fed-PAIR-g TE Test;p 5 Testoop L ilik®] 0.77 5 3.65, ¥INZBE TR R, R TR
H VAL B S T 5 N BRI AU R AUE S AR /2T 9 1) Non-1ID W& (8 = 0.1) ~, Fed-PAIR-g
1E Testrp FANPRFFAUSE, FEAE Testoop FHIZEE FRMNILL L (LoGo) TEREFH™Y (5.90 vs. 5.91), KHZ
T AR EAR SRR S T IKAA RS IR EF BN AR B I RE R I, B R & .

Ub4h, Fed-PAIR-g 7£ 250 B N T Fed-PAIR-1, FRXIGIUE 7 HISCHEFCIRI A 1 (4518, EDZEBEIR DSMR
Yiserh, AR AR L AR Hi S 2 B S A A D A W .

gi b, ZEE R R Fed-PAIR REWEAT RS AT IR ¢ T2 1) F 48 ml S M 5 B0 43 A 2 i 1k (1) I 258 54K
N SRR AT B RS B P RE SR T

6 g
6.1 EAIES
FATRGE T BRI A DSMR 7 vk (48 TSz g dis 5 R ).
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% 11 7 AccDFL #EZT, A[E DSMR 7357 Brain Tumor ¥3EE& LH Testoop ERMRIEF (%). NEKIES TR
Non-IID (§ = 1.0), ##&8&A Brain Tumor. SR UMAKIRE.

Table 11 Testpop accuracy improvement (%) of different DSMR methods on the Brain Tumor dataset under the AccDFL framework.
Training data distribution is Non-IID (8 = 1.0). The best result is in bold.

Random LoGo MCP LC DeepGini Fed-PAIR

Accuracy improvement 4.58 1.56 5.51 6.21 5.51 7.05

o ST USRI B THIT DSMR AERCHSE ST b B3 OR, (EIFIFRRIE 5t BT HOR 0 5
Jo TTHE 2045 2 SRR AN RE A, AR 40T 5000 5 SR VI8 2 ) (026 44 S 0

o MIGRHIR S IRE AR R I Non-TID 4}, (LK DSMR HeE5 A3 5 B MR T AL
HI. AEUCHTE T, 4 DSMR 5 SLABURAEG BRI 25, BIANRIERE R 15 RURHE PERRBE ), T
RO I B .

o FERMSTIBLE R, X T 9V P13, IS 20 R S I 2 SR A B, oo R
Wi T ARS8 DSMR 7 HORCR. TN IEDT IR, 5 132 [ R B Ky B SR A B T
RS IR STHOL. B, AESTRRBIA, 2 %A 0 VF, AR S 3 1 4 2P B A A A . (b
UIT AR 5 ), LA — S5 R+ DSMR (IR 5155 3 FOA .

6.2 ETEFOELEFE S ZRME DSMR $EiiE

AR AR 38 36T o AT 2 STHEZR JR T, T 4EoR, 25 OB H: =) (DFL) KT 75 4t Hh Je B 4% 4 1 72
2T Pk X S B AL BRIy S P 82 B 2 5 891, SRR DSMR T vATEBE 2 T 2 S B M R @ M, AR
FE 317 DFL HEZE AccDFL B9 EJFJE 1 478 Bk

S SR FH o e 8 = 2 B G B 4R D), LA ResNet-18 AE T M, WHE N = 10 NE 7 bm, GREHE 51N
Non-IID (8 = 1.0), WALTEARN Testoop HEMIZRIET. EAERNEZ, AccDFL KA 4l 0 SUdE i Ih, NFELE
A JR R % P i A e DA HBS R AR R B vk PR A%, X ST FE I 1 b A SR AR REAR (1 4510 T R L BT R

SIS EERANER 11 s, BRI &, & 7EAE 259 O AR SRR S Re Y K IE M I AERR 2R 58 7, B DSMR 7%
B — B MG, ST, LoGo X ART 1.56%, KT RANLILHE (4.58%), 1X -5 F BT B L] i FE At 4 SR B 28
HEATANH 2 M RAE B UIAR 2, 3E— 2D EIE THF7E M8 1 f45 8. Fed-PAIR 1EATA ik IS i (7.05%),
& B L 43 AT T IS M B A 0 2 960 3 B8 0T R IR XU, 7E A R AU o] H 3% 5t T e IR RE R B
R

6.3 FIESLEILHZHIMETTIE

AL EEINAE 10 DMK BCE R ITR, AR SRS th By # L 147 8184) | et 7 s i iE 1
5 SR (RN A 8 AN R VA 2 R 22 5. SR, FESEPRIRHS 22 2T R GE D, A% N inUE R 2 11
L, TXR] B 2 R B o A R S R S N R AN RRUE . D T2 IR 300 4 R AR R AT Rk (R i, AR S A
Fashion-MNIST $ifi £ Bt Dy g 7 SERMEE, il e E 20 5 50 % i B AT UL, 45 RAER 12~14
iR, SERAEREoR, fE5 7 InBCR I IS OU T, Sein g R RIS E I —BUR AL @S, SASCTI T
VAL AT B B SRR FU 25 RO B 7 i U BAT — € (B AR 1L

BEAh, WITE BT M BERT, P die tHE R A 20 7 i 9 ARSI AT, AN 7 i 2 18] %% i 45 R 55
s Z AR, P Sl AT A SR i SR LM K. XRS5 ket 5 Ry R =
cross-device BRIRE ) S MU 5. RN, t1TIOEAN R JRUn Bt 24, Hod P PEAE 22 70 R AL S5 80 B2 FR
NUBRREVS CREF. PRI, 75 EAR AR, B R BRI, RERHR (WIBFEIER. 2 5% E55)
A REXS BEAR I GRBN A7 BN, AR B R E T B RGN VEAE A R ARk TAR#E— PR R,

1) https://www.kaggle.com/datasets/jakeshbohaju/brain-tumor/data.
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® 12 FFIRHER 20 1 50 B, FRAEHERRAMRE FTERIEAITHILR, £ Fashion-MNIST ¥iE&E LS HA
MIXE (Testip) SHTINMIRE (Testoop) LRITFINEMFIREF (%), HF TrainD RRINGHES M, RMERUME
FRid.

Table 12 Average accuracy improvement (%) of models on Fashion-MNIST dataset with 20 and 50 clients (using data selected by the

global or local models against ID test set (Test;p) and OOD test set (Testoop), where TrainD refers to training dataset distribution
and the best results are in bold.

Candidate data distribuion

Clients TrainD Test set 11D Non-IID (8=1.0) Non-IID (8=0.1) Average
Global Local Global Local Global Local Global Local

1D Testrp 0.02 0.03 0.02 0.02 0.08 0.07 0.04 0.04
Testoop 0.56 0.49 0.57 0.51 0.38 0.37 0.50 0.46
Testrp 0.17 0.17 0.15 0.16 0.27 0.23 0.20 0.18
Non-1ID (8=1.0)
Testoop 0.93 0.90 0.85 0.88 0.79 0.74 0.85 0.84
20 Testrp 0.64 0.38 0.38 0.09 0.38 0.43 0.47 0.30
Non-IID (8=0.1)
Testoop 1.44 1.15 1.40 0.94 1.21 1.29 1.35 1.13
Testrp 0.28 0.19 0.18 0.09 0.24 0.24 0.23 0.18
Average
Testoop 0.98 0.85 0.94 0.78 0.79 0.80 0.90 0.81
11D Testrp —0.10 —0.10 —0.09 —0.08 —0.04 —0.04 —0.08 —-0.07
Testoop 0.50 0.49 0.47 0.44 0.38 0.37 0.45 0.43
Testrp —0.17 —0.13 —0.15 —0.15 —0.19 —0.20 —0.17 —0.16
Non-IID (8=1.0)
Testoop 0.45 0.43 0.45 0.41 0.45 0.36 0.45 0.40
50 Testrp 0.26 0.24 0.24 0.14 0.14 0.13 0.21 0.17
Non-IID (8=0.1)
Testoop 0.54 0.48 0.69 0.51 0.58 0.34 0.60 0.44
Testrp 0.00 0.01 0.00 —0.03 —0.03 —0.03 —0.01 —0.02
Average
Testoop 0.50 0.47 0.54 0.45 0.47 0.36 0.50 0.43
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* 13 BFIHEHEN 20 B, NREIBEERZE AT Fashion-MNIST #iE&E FHTEEREIEAN (%), E TrainD Frill
ZGHIEN T, CandiD RRNEEBIED T, HMERUBSRL.

Table 13 Average accuracy improvement (%) of different selection methods on the Fashion-MNIST dataset with 20 clients, where
TrainD refers to training dataset distribution, CandiD refers to candidate dataset distribution, and the best results are in bold.

Distribution Test set Random LoGo LC-g MCP-g Gini-g LC-1 MCP-1 Gini-l Fed-Pair-g Fed-Pair-1
1D Testrp 0.06 0.07  0.04 0.03 0.05 0.04 0.05 0.04 0.11 0.07
Testoop 0.22 0.21  0.35 0.79 0.37 0.31 0.72 0.35 0.93 0.82
Testrp 0.24 0.28 0.23 0.12 0.24 0.20 0.14 0.21 0.27 0.24
TrainD Non-IID (8=1.0)
Testoop 0.53 0.53 0.77 1.04 0.75 0.72 1.02 0.78 1.18 1.12
T 41 .44 . 2 . .34 .14 42 . .
Non-IID (8=0.1) estrp 0 0 0.60 0.20 0.60 0.3 0 0 0.63 0.60
Testoop 1.11 1.12 1.42 1.34 1.29 1.22 1.07 1.10 1.44 1.39
1D Testrp 0.31 0.27 0.37 0.10 0.37 0.22 0.10 0.26 0.33 0.28
Testoop 0.66 0.70  0.88 1.18 0.86 0.74 0.97 0.83 1.33 1.20
Testrp 0.21 0.20 0.22 0.08 0.25 0.09 0.03 0.15 0.38 0.42
CandiD Non-IID (5=1.0)
Testoop 0.69 0.51  0.88 1.14 0.79 0.73  0.93 0.67 1.32 1.28
Non-IID (8=0.1) Testrp 0.19 0.32 0.28 0.18 0.27  0.27 0.19 0.27 0.48 0.34
Testoop 0.51 0.65 0.77 0.84 0.77 0.77 091 0.72 1.23 1.09
Testrp 0.24 0.26 0.29 0.12 0.30 0.19 0.11 0.23 0.37 0.33
Average
Testoop 0.62 0.62 0.85 1.06 0.81 0.75 0.94 0.74 1.24 1.15

#+ 14 BFIREEAR 50 B, TNEIHIEAZE A Fashion-MNIST HiEE FMTEENERERA (%), EB TrainD FRill
G, CandiD FRRIRAKIEN 0, REERUAEAEIRL.

Table 14 Average accuracy improvement (%) of different selection methods on the Fashion-MNIST dataset with 50 clients, where
TrainD refers to training dataset distribution, CandiD refers to candidate dataset distribution, and the best results are in bold.

Distribution Test set Random LoGo LC-g MCP-g Gini-g LC-1 MCP-1 Gini-l Fed-Pair-g Fed-Pair-1
IID Testrp -0.02 -0.02 -0.05 —-0.10 —0.08 —-0.04 —-0.10 —0.08 0.06 0.01
Testoop 0.18 0.31 0.36 0.59 0.39 0.33 0.56 0.41 0.88 0.86
Testrp -0.11 -0.13 -0.11 -0.21 —-0.18 —-0.14 —-0.20 -0.14 —0.02 0.00
TrainD Non-IID (5=1.0)
Testoop 0.26 0.36  0.36 0.56 0.44 0.32 0.49 0.41 0.52 0.50
Non-IID (8=0.1) Testrp 0.16 0.20 0.26 0.05 0.33 0.21 0.19 0.12 0.32 0.35
Testoop 0.49 0.59  0.57 0.60 0.65 0.40 0.50 0.42 0.70 0.65
11D Testip 0.02 0.04 0.03 —0.09 0.06 0.01 —0.01 0.01 0.09 0.06
Testoop 0.33 0.47  0.42 0.61 0.46 0.38 0.56 0.47 0.91 0.74
Testip 0.01 0.04 0.07 —0.11 0.05 0.01 —-0.04 —-0.06 0.33 0.11
CandiD Non-IID (5=1.0)
Testoop 0.33 0.47  0.47 0.61 0.52 0.38 0.54 0.44 0.84 0.63
Test . —0. . —0. —0. .01 —0. —0. 0.19 .
Non-IID (8=0.1) estip 0.00 0.03  0.00 0.05 0.05 0.0 0.06 0.05 0.09
Testoop 0.26 0.32 0.39 0.52 0.50 0.30 0.44 0.33 0.35 0.35
Testrp 0.01 0.02 0.03 —0.09 0.02 0.01 —0.04 —-0.03 0.16 0.10
Average
Testoop 0.31 0.42 0.43 0.58 0.49 0.35 0.52 0.41 0.70 0.62
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Abstract Federated learning enables collaborative model training across multiple clients without sharing raw data,
providing an effective solution for privacy-sensitive applications. However, in practical deployment, federated models
inevitably encounter new data with unknown distributions, which leads to gradual performance degradation over time.
How to effectively repair degraded federated models with low maintenance cost remains an open and important problem.
To address this challenge, this paper systematically investigates data selection-based model repair methods in the federated
learning setting, with a focus on their applicability and effectiveness for long-term model maintenance. Specifically, we
study the problem from two key dimensions, namely the choice of query selector and the design of data selection strategies.
We compare the performance of using local models and the global model as query selectors, and evaluate a variety of
representative data selection methods for federated model repair. Extensive experiments on seven datasets and six different
model architectures show that data selection-based model repair in federated learning is still at an early stage, and existing
methods fail to provide stable performance gains across different settings. In contrast to previous findings in federated active
learning, the global model consistently serves as a more reliable query selector for model repair, indicating that federated
model repair is fundamentally different from federated active learning. Further analysis reveals that maintaining a balanced
label distribution in the selected repair data plays an important role in improving model repair performance. Based on these
empirical findings, we further propose a new data selection method for federated learning, termed Fed-PAIR. Fed-PAIR
explicitly models pairwise uncertainty and incorporates the current training data distribution to adaptively adjust the label
allocation of the repair data, thereby promoting a more balanced joint distribution of training and repair data across clients.
Experimental results demonstrate that Fed-PAIR achieves stable performance improvements under both IID and Non-1ID
settings, and remains robust even under severe label skew. Overall, this work provides a systematic empirical analysis
of federated model repair and shows that designing data selection strategies tailored for federated Non-IID scenarios is a
promising direction for improving the effectiveness of long-term model maintenance.

Keywords deep learning, data selection, model repair, federated learning, data distribution



