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Abstract: Vertical federated learning (VFL) is commonly used for cross-domain data sharing in high-risk scenarios. Us-
ers need to understand and trust model decisions to promote the application of models. Existing research primarily fo-
cuses on the trade-off between explainability and privacy within VFL, and fails to fully meet the needs of users for estab-
lishing trust and fine-tuning models. To address these issues, we proposed an explainable vertical federated learning
method based on human-in-the-loop (XVFL-HITL), which incorporated user feedback into the VFL's Shapley value-
based explainability approach through a distributed HITL structure, using the knowledge of all VFL participants to correct
training data and enhance model performance. Furthermore, considering privacy concerns, this paper employed the addi-

tive principle of Shapley values to integrate the feature contribution values of all entities other than the target participant
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into an aggregated measure, which effectively protected the feature privacy of each participant. Experimental results indi-

cated that on benchmark data, the explainability results of XVFL-HITL were effective and could well protect the feature

privacy of user. Additionally, compared to VFL-Random and VFL-Shapley, the model accuracy of XVFL-HITL improved

by approximately 14% and 11%, respectively.

Key words: vertical federated learning, explainability, human-in-the-loop, Shapley value

0 515

AR, N RERIRIG K s | A A
# 8 1& (beyond 5G, B5G) " T F# (meta-
verse) PEZ AR MIK IR, REH MR H B
BRyrtl @, s R Tl A %
AR N H o AH 32 B FA DR 47 7 SRRV AR PR
P, SR ARG KB 5 AL EA R
P, T B PR BE &2 ) . BRI IR (fed-
erated learning, FL) HJH I Rtk 7 5 s BE 22
i, RO TE LR BR AL T4 T SEI A L A AL
i vk 77 =M, G BEFT 2% 3] (vertical federated
learning, VFL) fENFLM—FiRA, &M FFEA
7 TRV RS E 25 A ) 1 3 3, Tz R F
Ryl kR A A VEL 1E £ AN
BRI N H H g 2, (H IR AR X A T S AT
M —NRE. T VFL SRR oT LU H
PRHE T E WS BRI R A P B B AT
AR T 9 10 5N BT N S PR e A
X AR B2 S 2% B VEL BB Py 75 2214, R E7E VFL
50 N FUBLAY n] R A

BLAS 5 > B AT fARE AT LA 23 S A LE AT AR
5 AT R A A T R TR R R A B B
B IfRERERE /), I8 SRS T DL EOAS 2
BELEB, LRVERIR . Pesfii a8 Tk R,
P T3 T N AE AT R B T, SCHR[22]88 H T 3k
TH R LR 45 8] ) VFL HE 22 5250 XU V74
BHZRT s M EARBAR S, FHa Rt
B AT B ) N 5 TR OC SR AR Y
R, AEEME TR NS HEE Y, B
B 5N w2 452, R % D5 ik LIMERY A
SHAP®, SCHR[26]32 H T — i A i Jse 2 S 40 #7114
Al f#ERE VFLAESE, NP fE VFL IRt 7 A0 E
PIEEE . SEFr b, BT 125818 1) Shapley B 2 A
AT JRIE R 5 % e T R, e R
15K 2 3T Shapley {8 JE AR iy 5 50048 7 A B
JELEAS [RIRHAE 52 N IR BRoTiR, 120732 DU

AN B BEAT il RE . SCHR[2813R T — AR AL 70 21
T3k, BITIER B R B SRR R I e o ]
fl R RFAELL, )5 18 F Shapley 18 K 77 g 7R T
0 J5 R AR B A . SCHR[29]42 Hi R Y Shapley
(EAE DR PR EE AL O BTSN RIS 2 S B, Oy
SRR R L T B R 2. SCHER[30]4E VFL Al
Shapley {E K 570 AURF AL A9 H 2L . SCHR[3174
fif B LR-BA 47 & it, 16 H SHAP J7 ik i b8 =
TEAE RS AR S TR AR R B 0 o RS 3R i 7T
FESR VT VEL BB ] e ik 7 Tl 4R 4t 1 5 5t i S g
(ERNEZ el (= S p A a3
S0k, DASEBLVEL vhoa] e A A0 REORL OR3P 2 18] HY
R, AT AR R AR, filRe
SERBCA W B AP AT o BRI AT AR T
5 NEAT NMEE &7 UL R VEL IR FHRCR .«

N TSR] AR BV AE VL B AT ] P 22 1)
AP SR, TENA R, BIGIANAE
[ % (human-in-the-loop, HITL) [ 48, HITL
WU B AT DULE 52 S MIHE W o SO B e, Gl A
AR PR R R Y. R, HITL K32
RF P AR il R 45 R AT SRR N R AR, AT DAE—
S5 ITR PP RE R R ( BRAE AT SCHR[34192
T Ak HITL 32 T e 11 K6 0 55 A 55 O R 2 A
28, I HITL 2 5 % 50 s 3 DL i R G 1k
e FERMRREIE TP 40 N HITL (oK 2 807 1:4%
AR R 7 e it, A& AT VEL X A
oA R o

N TR CL BRI, AR SCDASEE T AR I P
A B DA S5 N B A D H R R, IR AR BT T HITL
FE VFL "] R EAE R P i Fi AR D, 4R 1 —#
Fe T NAE [ 8% BN ) R 2 S e T 7% (explain-
able vertical federated learning based on human-in-
the-loop, XVFL-HITL) KVFAl VFL %A (1) RF4iE 51
Bk, HITL 85I NAEHE 1 I 0 Hitls 00 i) 2 e s
RV ER3R T . XVFL-HITL J7 %501 7 F P R 5
FENGRE A A 2548 T h AR OB, 4K
T AESRTHE Y R AR 7 T R BB I A R



- 66 - AR 53

AR e

AR EZTTRON: B e, KR L gl
VEL 1, 2 7 BA TR A 9 i) A 2 S M2
(explainable vertical federated learning framework,
ExVFL), 1 fros; Hok, i # g Ai 5
HITL 458444 FH F [ 4549 N\ T Shapley {8 IR il e 7
%, VEL 982 507 AR P F1iR AL IE A
e SRR RE . IS, ML St SHAP 772
HC SRR AE TTRRE 5 AT ARV A S B R Ay
I 5 (9 XU, I Shapley {8 AT o4 i 2 ot
fif# ¥ J7 5 XVFL-HITL, #3E 24502 5 77 (R E 5T
BMERE S —DMEBAK, GROURY T %2 577 10%
TEREFA o

1 TRRRRA LR STAE SR ExVFL

KXLHEMANB 5T P={P,,P,,-,P,} A I
ZiVFLEB QW 5t. B, &2 5 58S
HME—FEAR RS (D) LB SRR X 55 . &7
XFAH R RE A A AN [F) (4R AE, @I 1D # PR AR S
HAF N IAEAR —B. I & 7 AR AR S RN
no ¥#F, ®XB 57 PAMBIEENX={xx,,
o, YR, o BN P A B AR X T A
S, d RN PAFEARMNFHESE. © XS5 P,
Iﬁﬁﬁ%%ﬁ%%%#ﬂmﬁmﬁﬁww,ﬁ
A P AR SR X R 8 j B IAREAE R 5] . BRI
&5 55 R ERE S N X=X, X er™,

BNV

Hork= D" d N ERHERL BARGSHU W
LR,

x1 SHHA

sy 3]
M 2 5T MR

P 257kt

P, Gt P i1 Ty
X Bt 2 5T A AR
" 145 5T A AR R
k Fi1 5 5 AR RSO
X PR

d X ASER R

5! X oA S

F X MRS

7 X BT

0 A

NTEFEEb R, TN AE.

(1) VFL X & 0 S AR B Y= {100 V) »
%2 55 0UH B 4E (R AE 0, L 2 0 R W sE ]
51,

(2) VFL H & 7 B R IEA e A e c &, R
AL P PP, Wiz, WFNF=0.

(3) NTIEN R AR AR A, AR S0k
BT M AE A HR R

W L FTR, AR SORF 7 AT AR ) BB 22 5

XVFL-HITL

bITSETASS, A REREE S A
Vmle%%mﬂ@gﬁa

fRA R

LARE AR AR
s s/ s |

o e s __

| [B57UARER | S50 EdE - %Sﬁﬁllﬂiﬂﬂﬁ%ﬁll

AcR AR [AcR

AN i

b e | ]

S 8 B8

25771 25752 Z2577M

I; 1 - i ? T |

l———— ST —>je—— FEN ——>

g =

BN BN MR

OFdRE (EXFFID)  QFFURBELERAHDF LEAMIRA  OnmERINZIFTRSRME @& P omilic iR i
COFfiELE  OBAHM  OShapleyEits @I RET  OBURITH RAEALILZ

BT iR I~ ST HES (ExVFL)



%10 A TN F B B3 T B T AR R 52 <67 -

ME4E ExVFL 8 T H 0 AES S 577, &07th
VEUIGRBE RS 0 MR . MEZE T ZEFE N [ I 250
BERUAERE R oo LA R R HELE BARIIR

(D AR GR: Ao FERETIE VFL L
R AT BRI 2. D T S U & 82 VEL B I 5
IR RIBE AR T3 R HAE T Ui, AT 3
T I s oG], AT VEL 220 ¥ it
IR O N Ar B 4% o 4 B4 2 48 1R s
K22 ) 45 43 B R R RN THUZ R, TR R AR A A
EFANZETT R, %2577 R AR E
JECJE AR T ) A 3 v B AR AN o T AR )
WETE R, 2 ISR TR 5 AR N T B4 =)
BN, K4 Jm RN Ay T A2 i N AT 11 ) £
&, SRJE T I AR T T S TUZ AR R A 2
F A RN E B A SRR o 25 0l 4 JR B P2 43 11 9
ARG S S5 77 % P i LIy, S i AR A
B R385 A8 FH B 1) 3R 5 B 38T 4% 7 F A R A5
B, BE RS, AWoE s g k. msk
T, BB EiZEEY, $S5AHE
S R E AR R, AR T TR AL

DA R O BT, S UTTE B S5
MO %2577 PR PR E S HON 0=
(0,0, .0, LAHIRFEAR 2 M), PRIAHERA N
h=00:x)), &RWANH=[R' 12 M. %L,
X T RPN 4 1) VEL A AL, 3 5 3
/MU R R R A, BARSRRINT

. 1<
Iggsl 00,04 X Y)= ;;f(Qs(es; H;).y;)+
Ny (D
A n0,.65)
j=1

Hrr, O ATERR, O RmE, y IENtL,
BB A, ARy R L A S
D FENTZ B B2 e 7r VEL )l
R, MR T8 % iR E R S e, M
TiJE R e ) AR FR T H S 2 /R G=ot/oH B
Bio BT HEMAZ5I AN BB AT
G IR R 55 5 AR IR NATOGE R R BB B 5, BRI :

ot o ot
- & =L 2
[ahl on’ 6hM}
BRI & 7 BRI R A HBE o'
.ol
= = 3)
£ o

75 P AR 25 P AR B B g kR IR 1SR T

S %7 R
(2) BEAURRE: VEL Al B PE 1 H An e S48
—FPRELE VFL Pl KGR AR AR 77 S, B
TE N VEL 3 r ia (D IZrir B AL O 3t fi#
Feo SERERHEM TTIRELE 2 577 7 13 [ 2R
PR RER . Bk U, X T%MES T, E4E
RS XIEDL T, F P User BEXHZAR RS O SLHL
BRI, HAHRBURK. BAEERR
/IS
argrsnax U(S|Q, User, X, T) 4)

T= min £(©.0,;X.Y) (5)
0,04

Hepb, UERET SX VFLEM RN, %1%
TR (D BIREGE S, TS NS PR 7
%o AICHEH MR TTIE S HFY B S

55— BN Shapley {H T 5, FE AT VFL B
BB . o SRR IE R, HR gt Ay
fEF5 . 0T S RRAET 4Rtk 2k (R RF AR O fELAF
RNEEWEAERE, X — bR b 2 1) & i Rk 2 A
kR ) AR O RRE R BT 5 R SIS A A AR
TEREHE . SR G = i R &R A 4 T A A 1) Tt
(B FF TS S RRAE ) TR A

FEAEGTHR A0 57K B SHAP fOFE A B %, (H%
R B B 820 RAEFE T 5 Shapley 18, & 5 5 BURFIE
FerEMER . BARkUL, RUFTA S5 ¥ =zl
FHIF IR LS R, T4 MHT S5 75 el iR 21 At
Z: 577 HFRHIE ID B HX B R AE DT skE . ERTtE, A7
TEME HAh 2 5 07 HEWT tHRRAERFPE I AT B8, AT T 2L
PRt . o 7 AR BE AL, A SCHE T Shap-
ley {8 AT AR, 9B A — 2 57 E R 52
BRI R — N AIRME, FFRiEGHMZETT. &
IS IR AR TR “ B BRE” . A it
TAZHFERER RS RSV, 4iish
J7 AR 25 BAR B R FFETTRR, T HAh 2= 577
(R ARF IR A o 2 Dl — AN AR IR [m] — AN SRR AIE BT
BRIE. BE—20, ZmuiS GRS E 7R R sT ik (E
HWg HB B oy — AR (e, B “H PR BTk
. &fa, am #Herz57a5H 2577
FEARRHIER LA MR R, B T RHIE PR SO R
DT HRAEL 1)t 5% o

FMBONH P R, 5257 PR IEAT
X RRE A B AT IR, dE— DR . iR
AR A B TI0 25 Sy MG %5 505 B A i e 45



68 - B 51

AR e

SV Rk ® 5T . 255/ k3T 4R
AUPRE LS B AT It It AR H A A PR R 1
B, BIGnRHAE I 5 B BURFAEARL ) TR, B SRt
SOG4 SR e R . FH P Bt
F AR 2R I LUE B B R A . T2
PEFEAR B A RIREAS, JFRES BIA B 4L
BCHT— 5 IR . IRJG & J7 75 R 5E I 18] Y 58 s
YRR S, FRHRIEAT VEL B 2R DASE B A

7= NN 1

OHIEXFF: MHAAEELLE (private set
intersection, PSD) X} 5% & 7 #d4E, %S5 H
A F ID AIAS [FRFALE .

@% P B E AR X5 &S5 TR
5, &S5 770 H 2 7 s A g F A B S AT
G REE R, BRI . %2580 H AR K
NAL R4 20

@I mumBcE S ARIRA, TR
RN BRI SR, 5ERUE 2 i
B IR 3R . SR i A S 1) SR S R
FER Ruf N E, BRI R .

@OAJHHET 1 iR %2 5 IR
(AL FEXT A R FE AT ¥, RBI&S 57 A
BEEE . SRIGWARMBEE RIRG #5578 b, &
2 577 B2 1% P A RAS 4 JR A FE S5 e 4% 1 TR
BRI ZH

HEPRQ~®, HEIBRUSK.

OFHEIERE: = umfiE FrE & It H T A R
TET4E. mImfRHERE 78NS S 577 KIERHEG
HES, B3 % S5 ERMEIE TR kL
o THEPAAAERREEHESME, SR IRHESE
FHEEZRAH

OFEATIMME :  Z= 3 SRIAEA [FIRHE 75 T
R R A B TR o

(DShapley H 115 : 2 i 0 AN [FIFFAEF 42 T FF
K ET SV, THE SRR TTEE, EA &
Z 577 A “CEBRHE” BTTiRE. AR5 A
BN HTTER— N TH MRS R, 2487 1A
FEH AR AE A AR 2 5 07 1) “ B RERE” 10T
[IXIERS

@M Rt: &2 577 R =) 7 1
R LA G B WA IEMRREAR . SR H i
AAE BN B W IHE T, IS5 HRFEFEARS
I, TERHT I AR .

O¥HE HE W SR FINS: #5757 M
Je BB S TE OSSR TR f) S Atk i DO R
%, WMESPERO~®, HIEMEXIES, B
JE PR R 3R 3R 52T

2 XVFL-HITL #8755 3%%3t

SE (S 577 ML N F=(F F,- F"}.
N T s F RS RRER 20, A Shapley (B i1 &
FRHE I DTRRE, F AR B A v = H SR
Itk . B, FRMBEREA z HRHIE /11 Shapley {8
()T :
b= > PRy su-rere

Sc P} :

Hob, \FOAREARRFIERI SR, SCRAY) R s ks
HESES FHRREBREFIE , 10 S AN EHRHEj (1) FIF4F
fEF4E, HDS&FHBR T HRHEj 2 AMRRIE RIAE E 4
Hro VOYNFHESES WRHIES 5 128 Bk IR 2 6
B, 7EM R Q BITIIIME . V.(S)FIR S HHRFIEEL
FLSE, SHMRFE U 28 R i A A ) A . AL
FRELEEENSHBEAEARRAEERE0RE. V,
(SUYNHR R RFEj NN S Ja AR g T e . (R ik
fRREFEAR z HH S RHIE DT A @.={6,(2),8,(2)," ", 9,
(2)},ieF o AZAFE TTRRAR ) Bk 1 AR IR X 2 ) e
A

B G VEL I 50 BaoRL S 0], PR ECHE A
AR, AL T “PHEIREEE S MU, OURE
AMER A MR SO0 N W FEAR AT IR . A 0E
SFHEERAE 5 N A={5,,0, .0, FHHEA s 2
55%F N2 5 77 P A H R AE 4 FE AR UG FC (%) = 32k 1) 1m)
. HO, mumiRiE SRS FfE P A Rl ReR
FHIEF4E . UEREE FRHE T IR, =
Uity 2 AT % TS R LSRRI SR BRI, R TIX —
IR ES,. MG, =R SuimFER R
W %2 577 RIEXT R 6, 51 3 HIRFRFE

X'"'=x'00, (7

Hrr, OFRRBELH, mEI P TEREZS5P,
HORE AR R AE(E N N AH I, DA Bt “WeE 7 B
R FESERME, 40, IEANTTERA IR, XF
B2 X R AR AR FE AN S, 0, P A TR
O, o X R R B 0. X BERIHL
0] DA ot i T I PR AE, MAFREAESSET
Z R EdE, MRy 7T ERRR. 25
D5 X AE A AT AT AR R, SRR K A RN



1

ZEGEXCAE s T N A [ % A 0 1A B 2 o) R ] AR T )T 7 © 69 -

gt R B, SRSRRT ARG, TR RIEERLT
TR o 2 O ORAE B AN RRAE 42 S 1 B B F )
B, RN 6 THEMBEAEA z T RFE
TUBRE . EAREREMAZ, FRAETTERE A58 mT DUs
AN — 5 IEE S . = S BT A AT RE IR T
SN E S, MR EREARN S 5T,
RIG, %25 HEAMMELIEEE, Hk g
BG—iREIE . it 5 BT RE R E DT
BME S, RIS 507 R R AR & R RHE S
B, K HAL B R RO STRRAE AR I R R A — A
Bk, IXNEANS 5T CHERE. 8105
575 R8T 8 B A U AE i BAR STmkE,  xFT Hth
Z 577 MFRHE DT E, REER RS 5T <4
BEREIE” GTHRE . X BRI B BT A S5
AR FL, RN SR VEAR AT SRR 05 115 2 B A
R, IS MR BRI
ERERESEI T AE S 5T E AR “H
SRR LA IR LS R SV . IR A\ IR
AUgA, FHINH P RSB B EAFEHA
TR RS, F P T L 58 B R A 4 )
BE VR 5, DABESRA N RGBT, FEE
THRGEHIERED Ty B -t Y AR 5 SR AR T
BVERe, #H—P5I AN AAXWHITL, $&57
FH P MR HE R R 2 SR A B A I S5 5, Sl xR A
i — L. P S ke s R 5 HITL &=
Wi oy bR %s, R RGHT N TABIT AR 28I 5 e 2
JEasEdRET . Rk, @ X S577 P RREIIREAR
HEHNEX, RS B P s EX AR IE
BREFREAESCX, BERRINT:
CX'=HITL(EX'|SV") (8)
Hor, HPARBHITLC) B G R: = e %
SREN e BT B LTI 5 SN S R AR 2 AN — B
K, BIXEHEANEHBRERIHNRELESSE
U7, B575 B PR RR S RAE RS S, o
N . SRR RS R
WAL NWRZBERNWREES, sumiENREH
PP, ST 50% F R R E SN 1,
WA AR (R TR A& ERA AT, ) T B0l A 25
BHTIBIE, RZWATEEIEFGEIR R, 2R
J 85 7 He A i SR SR B0 45 b S BR AR A SR A EXC
FB RS CX BB R BIRET, TR
Wy EEEED, BAARRIT .

D'={X"EX',CX"} (9
Hor, XA\EX'Fm WX RS ER EX ST T B RE A
o BZHITFEEIATEIE R, EHE RS
A FRRND=(D', D, -, D"y TEARY AL BT
$E T, ASCK HITL W] R T7 1%, S8 T A
RIMEREMHETE. R0k, VFL AT AR 1) f 4% H A
P AR PRI RINERE, A SC LR R i 5 O Bl kAT
YR B0 (4 PRI B U v B 9
FAce, I 4 EEUIF:

argmax Acc(XVFL—-HITL|

XVFL-HITL

0.D,min {(0,0; D, Y))
X

2 F TR, XVFL-HITL @i 85 B “ 53
KHIE” N&ES 5T EREANIRBRER, ERY TR
ARSI SEEL T 0 VEL B ik, b5, i@
RGN HITL %R 25 S e ist,  7EXT I 2R £ 1
J& BEAH BRI Y B A %6 . XVFL-HITL 53204
T .

BN: fFRBFEART z, Z25HEM, %
5B G F={F o FY= i o s
S M RBREAS YRR K, %555 AR
RYESE s

s FERRRERE A z Hh B RFAE Shapley 1H ¢.(2)
R IEJE 3RS D'

1: WGtk 45IEFHES=-0, FHEERES A
NEFESREE, REUES 1=0;

2: WHEATERHEFEIFASH

3. ARYE S PAREB SN, ARRA;

4: forj=1, -, f) do

5 for i=1, ---, M do

6 = RIE 6K 577 P s
7: P ZFHEIRFEA R X (R (8) )
8
9

(100

X R AR B AR A
nimFEW S S 5T A IR, R
BNEJRNH=[h,' b, h;
10: end
11: RN H AR = i A 1B 8 5y N 45
BT R V()
12: THERHIE RIFHIETTIR(E ¢,) (R (6) )
13: end
14: for i=1,---, M do
15: il PAMAT RRAGE IO REE DT IR B 280
HARTER “ B HHRHIED



.70 - B 51

Al #6%

16: end

17: fori=1,---, M do

18:  mum#EE P RFIE S AR T« B 3R
B (IRHETTEME, 1EAE AR SY "RIESA P

19: P ARAE SV PR A R AE 5T R AE X AR 2 1)
M, AR B S s

20: end

21: BUMERE S E T REES W, )

22: Y 1HRHE 5 B AE Y 0 B R B E

FHE>0.5:
23: SRR HR SR 5
24: else

25: JRUBARZE AR 5
26: BB IE 5 I B AR B e 4 RE AR
G IDN

3 KB5S

3.1 ERE

(D 44 VFLAFU T HERE R Z 2
K 4 Rl AR T A ) R A B s A, DU T AE
VFL I 2 T7 3 5t o AR CR & 5 H 46
Adult™, ZEAEE R AN )RR 4,
T3 — S NI 2 kit 5 75360, %8s
LAE T 85 NDS i #AAHKRRAE, 5 an4E
Wy ZEERE. SPRGUIRN S . Bl EILA
48 842 MFEAS, HAP O 14 MR — > oS
b2, HAPHHE “Education” 5 “Education-Num”
FEMRITOC AR, DRI AE 24 P Ak RIS 531 BRARFAE “ Edu-
cation” . FERFIERIZ T, A SCIKHEHRFAE N 25 1)1
JREAT TEEM . RN DG HE B
fiE, W “Age” “Sex” “Education-Num” F1 “Mari-
tal Status” #MACLA S5 J7 1, IXEERFAEIE H E VA
IREEA R s W K BE St 2 5258 (5 BAH RHIE
4 “Relationship” “fnlwgt” “Country” Al “Race”
HELE S 5T72, XRFHER R ARt 2 JE
KA N TAE KA BOIRDUEEAE B RHRFE, 1 “Oc-
cupation” “Capital Gain” “Capital Loss” “Work-
class” A “Hours per week” 7HC4A 25753, XLk
FHIEIE S 5 MEEBORILE A G . AT FH 80%
MEAR AT ISR, HAREEEH T,

(2) BRI ASCAE 3N Ui S BN G
M50 VELI RN Z N2 577, 3NS5
e AERFEARID CAAER 0T, 1E34N% P b

o BREAE, Al PyTorch SEEL % & 7 i (1) VEL 28
Be, &% Pt 3k FYIZR— DU 2 A B 48 ) 4 45
B, BRGNP, %5 5@ & P b AT
FFR LS, BIRZM L. BT (RS2
FTT G s, BITHZ % . i) 2% AT 2
WL AN I 2, il 32, 168116, 81K
WAL E . RAh, WEBERECNRLU, fliftak
ffif ADAM, 222]3%°50.001, VFLIZRE #4100,

(3) MIEALE: LI AE— &4 Intel(R) Core
(TM) i7-10875H CPU @ 2.30GHz 4t ¥ 2%, 16 GB N
TEFINVIDIA GeForce RTX 2070 & B+ 5 HL_E ik
1T, SEEGFREEA Python 3.10.
3.2 ZWHh

(D AR HT

A H ) XVEL-HITL 1 Ry it SR A sz 4] o
RRF S BV V&R 7 VEL I /2, B RURY T
B BEA . XVFL-HITL 7] LA Z AN S 55 R A
AREFARY PRI TR (A S . B 2 I ARRPEF
Bl & 78 T XVFL-HITL i1 5 () F4E 8 2k, Hop
Shapley {E AN IERT, RN ZARFAEXT B T = A (g it
TER, RISz e 2 S BOE 3 T AHR
Hh, Shapley fE Nl FoRHHIfER, RIFREE
BN 2 AR O FAE . (HARIES, Shapley{d
) 24 DR 7N S5 TR R i R IR X T 485 SR ) DT iRk A
fEo B2RRTESS5HMMT, I Adult 2
PR H 300 X AEAM MRS XA E. TLE
e, MTZ5771, RAARMEFERE B BARRE
IEDTERE, TMHRSS5HTMNERA “S5T7 285
RRE” “ 2 577 3 E2E0FME 7 IXFE I BERRFAIE DTk
B, TR TTERE 1% S5 7 A HURRAE DT k8 1) 2R
e XFZ257 202577 3 2 RFERBER. X
FhOTVERT LT BARRHEDUE B ER , 85 T REIE
WS k.

BI3MIEZR T 1000 6 FEA T RIS K. A
T HIEMTH L, AR R 25 1 AR AT R e R B
PR AR L o B X AR RE A Hh OGS B AREAE B AE
TTRRE B A XHE P35, T RLE HARE “ falwgt”
A1 “Capital Loss” ¥ 5T #k A2 2/ o “fnlwgt” 7E
JFaadRER RIS ERNmS, &2—N5T
T RIPRIRTF, “Capital Loss” 1EEHE LM T e
FEARF LA 0, BEAREEEE. XML
gEWESE T XVFL-HITL (A 2k, R At R R AE
R T A I E 1 AR



E g AR HET NAE ALK A N 5] DR 25 ST AR ] R P ATT A2 <71 .
Agef B .
Sex - Relationship
51 Education-Num l a0 fnlwgt - |
<) [ = .
T | G
% Marital Status - £ Country + _
T L0
(RO R I O O\ O N SIS O XV VO P OEI_I I N> ®
,Q'\ ,Q'\ 9.\ 9.\ 9.5 /Q.Q ,Q'Q ,Q.Q TS S RN 9.\ ,Q‘\ ,Q‘\ ,Q‘\ 99 ,Q'Q I_Q ,Q'Q RSN
Shapleyf{ Shapleyfii
(a) 257 I0ARERS S (b) BEI2ARERLE RSV
ST LS | ]
swmnese .
Occupation |- I
™ . . :
= Capital Gain | I
o ;
Capital Loss I
Hours per week _
i

I

X O QP OO Q I >R

NN N N NESCNSENCSRNRN
Shapleyfi

(¢) ZH5I3INRLETSY

\,
N
\,

2 XVFL-HITL N#2 551t &1 fire s 1

1 0004545 (i ShapleyfH

Country
Marital Status
Capital Gain
Relationship

Education-Num

Occupation
R
=] Age
i

Workclass
Race
Sex

Hours per week

Capital Loss
fnlwgt
0.00 0.02 0.04 0.06 0.08 0.10 0.12
Shapley{i

B3 1000 AT BIASRFIE STk



<72 - BRERL Y SRR e

(2) BAIHERG ST

Ay F By M T XVEL-HITL % VFL R R
RE TR SR o S6F EE T BB AL 200 o AR 0 TR AR L ) 5
(VFL-Random). VFL. 2% T Shapley {E 31 THFIE T
MEARLIZ (VFL-Shapley) A1 XVFL-HITL X 4 f
J5 VR AE Adult B4 5 N O HER AR S, DUIE A
XVFL-HITL % VFL #5822 452 I FH o

SR Y 37 I+ 35 B HITL ] B A7 2 it 3F: 5
BRIERE, $RHELLRBIF: B —AEA, HARHIE
W48 ) E U, B, AR R — AN
BRI AR, R “<
S5TiEIU”. SR, BEAZFEA R T & R 2 “>
5HFE, FHEGEES . XM, HA
A R BE R AR FR A T BE R AR . Bk, F AR
W52 B i B 45 b “ Education-Num” 1 “Occupa-
tion” FRImTELIA 5, AT LA E JR 46 AR 28 R A R 1Y
fEX TR 2R . 540, TEX— i FE )
) - SRR A AR T B AN HERR Y, 3R] LA P
PUEIEFEA R AEE . B IX A5, HITL o
FH P ) IE AT BE bR 24 R BN HERRFAEAEL, AT 2
R P RE

Kl 4R T 4R 53R VEL R RLLE Adult Bodi 4
FHAER AT S5 . VL B HER 2 83.67%
VFL-Random 4b 2 Ji5 £ 784 1 fff % 4 80.65%, VFL-
Shapley AL HER %4 83.69%, XVFL-HITL 4t

100

5 AR T B AR R N 94.99% . VEL-Random /7 2572
BEALEAT R REI, AT R 0B 5 bR 2 R IR
SRIVRAE, PRI 4E SR R4 % . VFL-Shapley N
PR R4 RIATRHEIE R, = H SRR RHE 5T
HRME 5 R TC R HRAE “fnlwgt” “Capital Loss”, IXFF
HRAE BARUR T — 8B S, (HIXLREE KTt
BRE R T DA R M RE R S A PR, g B
(2, b B O Bt R A BT s A R S
PRS2 A CBEE . (R, AR AR T S RS
$&Ft. fEXVFL-HITL H1, H P25 R 245 3t
WGRBHR AT A . T 26 F P AR LA 1 5l A
B E BAEREXN, ARG RIS R RS Rt
BB E IR BRI RGBS B AR, G
I FH ST AN SR AT CN b AR AR Sty 7 ik
IR 2. IXRE A AR FRAE AN T N ) S B3t %] i
R IE, IR THNRIVNZGEEE, BT R
fH. SRYsEREN, X AL SGBENURE IR 5 %
VFL-Random F1{& #& Shapley i H 2 3 17 R 4E iE $f
77 % VFL-Shapley, XVFL-HITL A5 5 i 2293 5]
PEE T4 14% F1 1%, Ui 1K HITL 49 A\ 0] ff Rt
PE i R B IR A B MR

KIS R T 4R R VEL A RLLE Adult Bdi 4
TR R IR B g S o Bk il 4R f A A S
P, HH XVFL-HITL /57543 2R R B /e X
A XVFL-HITL AR A 1) Pt 25 5 3 400 S S

95+

90 -

75 H

—8=— VFL

=== VFL-Random
=== VFL-Shapley
=== XVFL-HITL

70 1 1 1 1
0 10 20 30 40

50
PR

60 70 80 90 100

B4 AT TR 300 L



ERg ZEGEXCAE s T N A [ % A 0 1A B 2 o) R ] AR T )T 7 <73

0.6

== VFL

=== VFL-Random
05 === VFL-Shapley

=== XVFL-HITL

00 0 10 20 30 40

50
pLEE R

60 70 80 90 100

BIS  ASR i T RUR JRt L

2. X SN XVEL-HITL @ F S ik 5 g i
IZREE, BRI SCEA 1) a 58 At AT B8 4
5 SN .

zi B ATiA, XVFL-HITL RECE AR50 7 Bafh i
BI$E &S5 A AR . M &4 VFL-
Random A1 B $2# Ffl SHAP [ VFL-Shapley, XVFL-
HITL F5E A AEf 2855l S i 129 14% A1 11%.

4 4ERIE

ASCHEH T H T NTE B (PG A RS 2 5T e
J7% XVFL-HITL, & {E$2m VFL W8 M Re &
JRORH AR TR (R B A, A VL R AL AE S XU 37
SRR . IR gE R, XVFL-HITL /£ R
H 0 5 A 1 ) B ) PR P e ot N 4 B kAT AR
1E, A% T4 F§ VFL-Random Al VFL-Shapley i 4T
FROEE e, BIRIHERZR 2 4w 140 14% A1 1%
2 b, XVFL-HITL F i 25 F B A A e B af
GRS T H P RIRRIE R AL, [RIBIERE N VEL 1S
55 PR AL T AR A A 1

EEPEE

[11 XU W, YANG Z H, NG D W K, et al. Edge learning for B5G networks
with distributed signal processing: semantic communication, edge com-
puting, and wireless sensing[J]. IEEE Journal of Selected Topics in
Signal Processing, 2023, 17(1): 9-39.

[2] DU HY, MA B H, NIYATO D, et al. Rethinking quality of experience
for metaverse services: a consumer-based economics perspective[J].
IEEE Network, 2023(99): 1-8.

[3] BHARDWAIJ R, NAMBIAR A R, DUTTA D. A study of machine
learning in healthcare[C]//Proceedings of 2017 IEEE 41st Annual
Computer Software and Applications Conference (COMPSAC). Piscat-
away: IEEE Press, 2017: 236-241.

[4] MALEKLOO A, OZER E, ALHAMAYDEH M, et al. Machine learn-
ing and structural health monitoring overview with emerging technol-
ogy and high-dimensional data source highlights[J]. Structural Health
Monitoring, 2022, 21(4): 1906-1955.

[5] ABDULLAH, ALANAZI. Using machine learning for healthcare chal-
lenges and opportunities[J]. Informatics in Medicine Unlocked, 2022,
30: 100924.

[6] YANG Y, He K, WANG Y P, et al. Identification of dynamic traffic
crash risk for cross-area freeways based on statistical and machine
learning methods[J]. Physica A: Statistical Mechanics and Its Applica-
tions, 2022, 595: 127083.

[71 ABU AL-HAIJA Q, KRICHEN M, ABU ELHAIJA W. Machine-
learning-based darknet traffic detection system for IoT applications[J].
Electronics, 2022, 11(4): 556.

[8] SALEEM M, ABBAS S, GHAZAL T M, et al. Smart cities: fusion-
based intelligent traffic congestion control system for vehicular net-
works using machine learning techniques[J]. Egyptian Informatics
Journal, 2022, 23(3): 417-426.

[9] FERNANDES M, CORCHADO ] M, MARREIROS G. Machine learn-
ing techniques applied to mechanical fault diagnosis and fault prognosis
in the context of real industrial manufacturing use-cases: a systematic
literature review[J]. Applied Intelligence, 2022, 52(12): 14246-14280.

[10] GAROUANI M, AHMAD A, BOUNEFFA M, et al. Towards big indus-
trial data mining through explainable automated machine learning[J].
The International Journal of Advanced Manufacturing Technology, 2022,



g BRI

120(1/2): 1169-1188.

[11] YANG F, MUELLER M L. Internet governance in China: a content
analysis[J]. Chinese Journal of Communication, 2014, 7(4): 446-465.

[12] MULDER T, TUDORICA M. Privacy policies, cross-border health
data and the GDPR[J]. Information & Communications Technology
Law, 2019, 28(3): 261-274.

[13] Bl e, 308, AL DU, 45 BRI A P e e AR BT gL BT
(e N RN P 2 22 4200 0 (— RBUER (R IP 250D 1S3
ARI] B S 5 5k, 2020(3): 17-21
LU K, LIU H, REN B B, et al. Research on user data privacy protec-
tion of smart libraries: based on the {enlighten-ment of cybersecurity law
of the people's repulic of China) and {general data pro-tection regula-
tion) [J]. Library Theory and Practice, 2020(3): 17-21.

[14] #5i, BUKHT, £ 2 0%, 55 BEACR REh AOIBHS o 2] Sk rak 1], & R
BleE SRR, 2022, 4(1): 29-44
YANG Q, TONG Y X, WANG Y S, et al. A survey on federated learn-
ing in crowd intelligence[J]. Chinese Journal of Intelligent Science and
Technology, 2022, 4(1): 29-44.

[15] PR, 2ok B, s D, &5 S GRS 2 53 7 vk L B AL A 42 42 4%
IR[I]. Mg 515 B 44k, 2023, 9(2): 1-20.

CHEN J Y, LI R C, HUANG G H, et al. Survey on vertical federated
learning: algorithm, privacy and security[J]. Chinese Journal of Net-
work and Information Security, 2023, 9(2): 1-20.

[16] VEPAKOMMA P, GUPTA O, SWEDISH T, et al. Split learning for
health: distributed deep learning without sharing raw patient data[EB].
arXiv preprint, 2018, arXiv:1812.00564.

[17] LONG G D, TAN Y, JIANG J, et al. Federated Learning for Open
Banking[M]//YANG Q, FAN L, YU H. Federated Learning. Cham:
Springer, 2020: 240-254.

[18] ZHOU J, L1 X L, ZHAO P L, et al. KunPeng: parameter server based
distributed learning systems and its applications in alibaba and ant fi-
nancial[C]//Proceedings of the 23rd ACM SIGKDD International Con-
ference on Knowledge Discovery and Data Mining. New York: ACM,
2017: 1693-1702.

[19] MOLNAR C. Interpretable Machine Learning[M]. North Carolina:
Lulu Press, Inc., 2020.

[20] DAS A, RAD P. Opportunities and challenges in explainable artificial
intelligence (xai): a survey[EB]. arXiv preprint, 2020, arXiv:2006.11371.

[21] FREITAS A A. Comprehensible classification models[J]. ACM SIGKDD
Explorations Newsletter, 2014, 15(1): 1-10.

[22] ZHENG F, LI K, TIAN J, et al. A vertical federated learning method
for interpretable scorecard and its application in credit scoring[EB].
arXiv preprint, 2020, arXiv:2009.06218.

[23] MONTAVON G, SAMEK W, MULLER K R. Methods for interpreting
and understanding deep neural networks[J]. Digital Signal Processing,
2018, 73: 1-15.

[24] RIBEIRO M T, SINGH S, GUESTRIN C. "Why should I trust You?":
explaining the predictions of any classifier[C]//Proceedings of the 22nd
ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining. New York: ACM, 2016: 1135-114.

[25] LUNDBERG S M, LEE S I. A unified approach to interpreting model
predictions[C]//Proceedings of the 31st International Conference on Neu-
ral Information Processing Systems. New York: ACM, 2017: 4768-4777.

[26] CHEN P, DU X, LU Z, et al. EVFL: an explainable vertical federated
learning for data-oriented artificial intelligence systems[J]. Journal of
Systems Architecture, 2022, 126: 102474.

[27] DUBEY P. On the uniqueness of the shapley value[J]. International

Journal of Game Theory, 1975, 4(3): 131-139.

[28] KANG Y, HE Y, LUO J, et al. Privacy-preserving federated adversarial
domain adaptation over feature groups for interpretability[J]. IEEE
Transactions on Big Data, 2022(99): 1-2.

[29] WANG G. Interpret federated learning with shapley values[EB]. arXiv
preprint, 2019, arXiv:1905.04519.

[30] WANG G, DANG C X, ZHOU Z Y. Measure contribution of participants
in federated learning[C]//Proceedings of 2019 IEEE International Confer-
ence on Big Data (Big Data). Piscataway: IEEE Press, 2019: 2597-2604.

[31] GU Y, BAI Y. LR-BA: backdoor attack against vertical federated learn-
ing using local latent representations[J]. Computers & Security, 2023:
103193.

[32] WU X, XIAO L, SUNYY, et al. A survey of human-in-the-loop for machine
learning[J]. Future Generation Computer Systems, 2022, 135: 364-381.

[33] SRR, V2R, MR AR, &5 . W3-80 - R TR A IS I A LR & 14
SRR RERGUEARTTIE]. B REREE S HUOR AR, 2022(4): 571-583
ZHANG J, XU P D, CHEN S Y, et al. A hybrid physics-data-
knowledge driven approach for human-machine hybrid-augmented
intelligence-based system management and control[J]. Chinese Journal
of Intelligent Science and Technology, 2022(4): 571-583.

[34] NGUYEN T N, CHOO R. Human-in-the-loop XAl-enabled vulnerabil-
ity detection, investigation, and mitigation[C]//Proceedings of 2021
36th [IEEE/ACM International Conference on Automated Software En-
gineering (ASE). Piscataway: IEEE Press, 2021: 1210-1212.

[35] ROMANINI D, HALL A J, PAPADOPOULOS P, et al. PyVertical: a
vertical federated learning framework for multi-headed splitnn[EB].
arXiv preprint, 2021, arXiv:2104.00489.

[36] TSIAKAS K, MURRAY-RUST D. Using human-in-the-loop and ex-

plainable Al to envisage new future work practices[C]//Proceedings of

the 15th International Conference on PErvasive Technologies Related

to Assistive Environments. New York: ACM, 2022: 588-594.

VALTONEN L, MAKINEN S J. Human-in-the-loop: explainable or ac-

curate artificial intelligence by exploiting human bias? [C]//Proceedings

[37

of 2022 IEEE 28th International Conference on Engineering, Technol-
ogy and Innovation (ICE/ITMC) & 31st International Association For
Management of Technology (IAMOT) Joint Conference. Piscataway:
IEEE Press, 2022: 1-8.

[38] KOHAVI R. Scaling up the accuracy of naive-bayes classifiers: a
decision-tree hybrid[C]//Proceedings of KDD. [S.1.:s.n.], 1996: 202-207.

(fEE T

R (1982- ), Y, A, HEAHR TR
FoKEE BSBEE A BhE T,
BT 7 AN RETH L I R R
2RI 252

ABEH (1997~ ), 5, Hebkib PR AR
55 B S BREREBE LA, £ BRI
AR LS ) RUBEH 2 51 %



ERg ZEGEXCAE s T N A [ % A 0 1A B 2 o) R ] AR T )T 7 <75 -

BEX (1989- ), J, fHL, LRI K
EEHMMLEGEEET NS, TR
FONBERAERT . X ERBE AN ML 25

BRiE (1984- ), Zr, fiit, Mtk 7R
KGR GG R B, TR
AR . A B KBRS .

Mgk (1970- O, 2, flid, LA RIE
KEAEOF T b 8% . A4 B0, FEF
FUI5 AR R B BE T AN RE T 4%




