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Step2 1 [gi]: hormomorphic encrypted g;
f*;i'}rl- =NV [h;]: hormomorphic encrypted h;
{idi, [gi], [hi]} {id, [gi], [h:]}
Party 1 (Passive Party) Party 2 (Active Party) Party 3 (Passive Party)
EEEE N
idset  idset @ instance space for @ instance space for idset idset
: d1 g1 h1 :
1 21 ) current split (1) current split (1) g 21
idset  idset 1d2 g2 h2 idset idset
12 22 (2 {idx(idset), [gil. [h] (2 {idx(idset), [g:], h] 12 22
i€lnidset ielnidset i€elnidset ielnidset
idset  idset Idn gn hn idset idset
1k 2k 1k 2k

(3 Decrypt > [g. Z [h]
i€lnidset i€lnidset

{Max(gain), argmax(gain)}
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Party 1 (Passive Party) Party 2 (Active Party) Party 3 (Passive Party)
wm | Bample | Amount of given credit |
Payment X1 20 1 0 0 X1 5000
X1 3102 2 - 30 1 1 1 X2 300000
2 cuelL E X3 35 0 1 1 X3 250000
= L 2 X4 48 0 1 2 X4 300000
i S . X5 10 1 0 3 X5 200
X5 280 1
Root
Lookup table
Party ID: 1
[Record ID: 1 ] m threshold value
Partyl: |4 Bill Payment 5000
Node 1 / Node 2
Party ID:3 Party ID:2
Record ID:1 Record ID:1
\ Party 2: 1 Age -
Party 3: - -
1 Amount of given credit 800

(X5} X1 {X2, X3} {x4}
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Step2.3
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Party 1 (Passive Party) Party 2 (Active Party) Party 3 (Passive Party)
T Cerarpie L mount ofghencrmit |
X1 2 X1 20 1 0 0 X1 5000
X2 17250 3 x2 30 1 1 1 x2 300000
Training Set  x 14027 2 X3 35 0 1 1 X3 250000
X4 6787 1 X4 a8 0 1 2 x4 300000
X5 280 1 X5 10 1 0 3 X5 200
| e (gl | Amountofgvencrd |
Predict X6 4367 2 X6 28 1 0 [ X6 5500
I input
(D Party 1 query for ‘1' Root Lookup table
from its lookup table
Party ID: 1
&R ] parey1; N ey

@) Party 1: 4367<5000 1 Bill Payment 5000
Node 1 Node 2
@) Party 3 query for ‘1' [ PartyID:3 Party I0:2
RecordID:1

from its lookup table Record ID:1
(4) Party 3:5500>800

NP Record 1D | Feature | threshold value _
L 1 Amount of given credit 800

{X5} X1} {X2, X3} {X4}

Party 2:
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ACM Transaction 2019

Yang Q, LiuY, Chen T, et al. Federated Machine Learning: Concept and

Applications[J]. Acm Transactions on Intelligent Systems, 2019, 10(2):12.1-12.19.
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Cheng, K., Fan, T.,Jin, Y., Liu, Y., Chen, T. , & Yang, Q. (2019). Secureboost: a
lossless federated learning framework. arXiv preprint
arXiv:1901.08755.https://www.fedai.org/research/publications/secureboost-a-

lossless-federated-learning-framework/
Yang Q, LiuY, Chen T, et al. Federated Machine Learning: Concept and

Applications[J]. Acm Transactions on Intelligent Systems, 2019, 10(2):12.1-12.19.
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and-applications/
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\

EXIBMENIREIGN, MBS IS IS

26


https://www.fedai.org/research/publications/secureboost-a-lossless-federated-learning-framework/
https://www.fedai.org/research/publications/federated-machine-learning-concept-and-applications/
https://github.com/FederatedAI/FATE

), 2 e e e nmy

Federated
Learning

H
B W R

QHERMES

| ERURREEEE [~k Al

Broadview"

WAt sdrirms s cn

IR T ML
#*u:man‘“ﬁvmn*s

HRASHBRRrRSER

f

F-EBBEIZR

1LEBFIRENER ABFFES)I TR
2BFESIEN 5.BEFE SR
3EFFE Ik 6.FedAIERS
'S
B BEBEHES R
LR SRR E;;;jf%%ﬂqlﬁ'\]ﬁ%ﬂx
2LRGEN N
IBIBEEE LEBRARIP NSRS
4 BT “ LRLZTIHE
5k SEE B 3 EBmE
2 4. Z5H
S 2 5.7EH1 885 S RO RZ A
1LENSRAGR =]
2R GEH
S BAAEE % P m=s swEtnsEsOM
e @ L@ R HIDML
o AR i 11 #HDMLER
2 & i 1.2 ERDMLIER
Ve e 2. ERIREFAERAIDML
i & 21 RALRPHEES]
LEX SHAHS A 2.2 FERMRIP RS
2RGHRH B | 23 maipseD
3REIIFE iR m IPBEEE
4 JER T 1R =
5Pk SR =
5| 88 BEIRE SIBOREIL
O £ 8 BIRE SROREIME)
e LIRS 3%
LEXSHAZR 4 L) 2ETRBA
2R G58H P
3 EEBEELES 4§$;ﬁww*ﬁm
4 YEBEFRIR IS SRS
5SS R ot g
| |
& &
)\ 8 BHE S SHIFES S s +8 B IRENATR
LESBE S50V LERSH
2 BB S SNLP 2EBES
3BHF SRS 3EEH
4R ERE 4z§§§$ﬁﬂﬁﬂ
5.5Gi#2ohiE s
6Pk SR

N A

b 5 i Kt




28



K&k, ]
g;[p; j;ﬁﬁ’i‘?’?o_kﬁ%;

|

\A%Z:i;h:go k%

) O

KISE . RSN, 0

oz

7 )

ey

—

Bt

(iifo }%E%?wi-FIEo

29



