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iR g AT PLE R 5 NIERE2E S (transfer learning) (4 HLHISRAE VL, E T T 1550702524 S I H
ANFEAAR B, 2 2T H A e A8 1 AUEE) BORE R 73 A I, A1 AR e 23 28 45 AT AE Uk () RO, 1T
F5 SIE S5 B0 P AR A [ 2R Y ) Bl 2, 23 0ok B SEEORT H ARk, Y50 5 R AT PR 25 e A2 LA 2%
HERR 9> K48, BARBA S KRECHREUE, -5 V580 2 AN [FH SO 7EAH OC A2 70 A1

FH T U538 H BRI 2 AT AN [R], 38 2% 27 T AR 22 (vl 2 G qmT /s 7 A7 TR) B 22 5, e R B
FERCREE T T 185 S5 B 2 B0 R B 1 s/ S B AT (] AR 22 7A@ . X e vk i E
REJ 5 ST B S R AR R R BRSO A, A AR AN H Atk (8] H It =2 ke, O 2 Qb A OE 49 A1 R I ).
5 P FORE 2R 40 A1 2R 25 P pR BB HE Kullback-Leibler (KL) #UE [61, Bregman #UE 7 Ml K¥MEE R
(maximum mean discrepancy, MMD) &9 | 1% 2% >] (transfer subspace learning, TSL) [7)
KH Bregman HUEAE N HCBEA S 70 AT K EE B5, {H 248 FH S 50000 bR B30 o 75 22 Aa AT 36~ LI 70 A
FEAG TR, B HIE N T LA 22 IR ST R 2 e, DRk, A S — 3o A A R AR T el i /M. MMD
XA gt &, eI A A A PR H BRI R R 2 20 A M PR B OR B AR A0 A0 2 .,
IEFE AT 53 M (transfer component analysis, TCA) 1 MMD 154 ELRD o0 A IBE &5, BEA A
HI&EM. (joint distribution adaptation, JDA) 101 @it [FEf k1% MMD Fl56 4 MMD [ 85 55 K 5
Nl ] 22 S, F A AR B A I R A UL gk — s B2 BRBEAE SR 18] Sk R JDA. A IR
JE2E S TR AW R RS, MMD W5 72 N H FIREER A2, a0 IREERCM 4 (deep adaptation
networks, DAN) 14 5] N Z %45 & MMD, it 2 A0 5 28 AN R [ P 2R B e /M B3I B
M 2% (weighted domain adaptation network) 15 FI FHYEFN H Az b (2875 S 56 2ok MMD; B4 e Y
% (joint adaptation networks, JAN) 161 F|H Z AN 2 2 A MMD K2 2] IE I 25

W2~ 3] (spectral learning) 7] AR R I SR AL A 25 ST U — /N e AR L ST AR T R Y
filh b 22 S1R e R [A) B 5 R e R TR — A B R D) ) T e ) A, TR SR I L
7 0L ) R A3 LA AL A, T ELRE S ORAIE 22 TR v S R 2% 2 1181, AH LG MIMID, 38527 ST 43 A 22
S [P RAE LA B LS EARRIRE AT DL RR PR 2 [R] H B A SR 55 in) e ) 21 J6 PR 4ERRAE 23 18], {2
MMD 38 e 4% 7% [ v g A S T] R RE 2 2 A I B 2 R 2 B A 22 5, ANAN RE DL FEAN [RI R 22 70 AT 1)
F B, TR B 2 ) T ASRAS 4 A 4R R oR. — 7 T, " REORIFEE NS RS AL, 5
—J7 1, BT RNEJREE R RE e, KA R T A% G R T R i A M AU P I 1 I R, B
REfE AT 0 B 4 R B AL AR 1), Long 25 ) 3 H AR A% 2] (transfer kernel learning, TKL) J&—Ff
AR WA B 27 2] 705, TKL R U455 5 SEAZRE R AT E ARt (i A% 0 I PR A0 bk 5 22 A Dy 3 ) M 5 A
ErNE R, ATFESHAEE B E RN A% M TR, HBAESH B MMD §E 5 RS 401 5 &
MEZR I3 A0 22 7. ABJ2 TKL RIERC 7 iU, ZBE T 2 REZR 70 A (0 5. DAL, A 0 B0 B Tk 2
STHIA A G BT RN T 72

Ty —J7 1, IEAE A S BRR) S T BN H bR B B S FIAHE, XA S L R TG
AT, R 2400 J B — A R P SR B R ) AR I 5 ] AR I s B £ 4 AR R 1)
AR, BRER Gl F B R 26491 ) SEBRFAVE R H & PR B2 1 Al IA) 2 5 G A I 2R B B B =X, A
iR EERIE R ) A HEA R O RINLES 5 = BeoRA OR P 50 32 B8 B AR ik 73 982 > I B A
2205 R[S i /ME (empirical risk minimization, ERM), Rt EI7E 7 S 8% O AERR 14 A1 5 U SRR AH OC 1) 22
4yBaFA (differentially private) 200 fF& 2 [BIAEALF 21, Eban, Chaudhuri 25 221 38 i % Hesh A E A
MBSEH AT 1o IENLTRE Logistic [BIVAMISZFEEAL (support vector machine, SVM) ] ERM ZE 4}
B, FLEE BEORIE AL 28 AT 5 Y MR AT etk ; Wang F1 Zhang 1231 g — B8 (Y A0SR M M 23 2807
1%, 2T ADMM (alternating direction method of multiplier) HyZ:44 H i in] 8 1F) SR g 3% 1 o 2 2D A AR
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R, SEBL T 1 A IENMETRE) Logistic [BIHE) ERM 2273 FaAA. Bl iR 78 TAEEE 72 70 A1 X
HUER5 ST 502 N 1) ERM 22 0 Bl 75 ik 24250 (B H BiiX 26 TAE B AR FRBE A 5 e B < 18] 1) 7 A 22
5, R 515 2 iR R A —2

LR 5 S AR B AL R B FE AR M 2D, Bl AR DG AR /& Wang 45 291 SR HIH T Logistic
(B U 1) 22 43 B R B e Fe 52 2] (hypothesis transfer learning) J7%, AT E B A L TR IR IR R =
JEAN H bR (B )6 &, R LRI VISR (SRS 3l % 22 SRIahia ) ol Hir
W) 2] HAAR DCH FUOGIEIT R 5 ST AR i, ik R ZE B R 2 AT 552 2] BT H By 2 %
(covariate shift) {4310 2N ZREHEIC S B8, 35X J7 W AR B A 5 BB IR R 70 A0 22 5, B0 i
A5 B 2% A AT AR (R B 70, 05 BRRL PRI RS 22 SHE S — E KX 3.

A SARS A 7 7 A 7 2 ) SR s B A H AR, H Ao A Bt A 7 R IE S
TR AR 25 TR0 A 10 77 0908 HOAR A%, H— AN SR G 4K 007 s B Hh i R i AT B I 5. AT i) 32 22
TAEMITTER A T

(1) $EH— BT BG A AZIE I E W BT 2 S B0, SR T TKL P, 1R B A A R0
[ (reproducing kernel Hilbert space, RKHS) H [FII X 5530 25 70 A F 454t 3 A, A 31— AN AR #%
FERE. BARR UG, ASOR RS 70 68 08 B ARBEI O PR 10, 385 51N [F) 2B FR 10 R B P B ok A
AT R B, A5 SR IR] P 4 Tl 25 4 e SE AP R B2 SRS 91N B IE R 240 29, R R 40 AT A% G T
FIARAE A AR, (2) b Jo e BT M A% 2 S B SR At —E IR AL IR Y. A3C5I N Rahimi-Recht FEALE
B 130V 43 B YE AN H AR R BENLEER, A3 B A 5 AN 5 A R O R BB 5 5%
SR e, RedEd it — N ET B Pshr) SVM 7028488, 7 7ohric H bt i 55 70 26
R A I ST 5 PSS 1) 22 70 BEAA ORGP (3) AE A TT BRSO FI B Bt 5 EdkAT 1 7870 O SE58 73
M, 5 2 AN FEAE RGBSR FE XS L DL R R G IS BB 20 A, Bk 1 AT T U7 VR )
AR

2 FERILFPHIBREIEE

B FA 7 A 7 4 AR RIS S = {(zs1,v1)s- - s (®sm, ym)} FEFREESE T =
{x01, ..., 2o}, B EFREACE LARICEHE, H—AN R A 285 07 B 45 il R Bk T @A A T Ay
B R TR O MG B T R S 2] D5k, R SRR L. ARG, eI BUE G A
WHAR B R AT RES NG R, 2l TIEREEIRFARY 7.

2.1 IBZRFEIEE

Bt S M T BIFRFIEZE IR Fo = Fr, FIRAREE] Vs = Yp, HREUEGMED I P(x,) # P(zy),
I BRI AT P(yles) # P(yle,). 797 £ RKHS FOX 55380 HARISIIBER 70405, Bl P(g(x,)) ~
P(p(wy)), ITRAZ Y S FE EHAE RKHS VLS JE AN B RIS A% .

2.1.1 BfrREE
BN HbstZ Ky TR ERHE 2 RS 2R IE RS {Ar, @1 ):

Kr®r ~ ®rAT. (1)
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R4 Mercer EERIFHE {Ar, @) EIFEEEIEE S WIUE, BRI K RHE R & K E TP
g~ Ks7®rAL", (2)

Hrb Kor RHZFIRK) S M T Z I RIES AU RE. FHEFE g € R™*™ fRE 1 H AR R 45
B R, BRI .

Nystrom I {LL (31 FF Mercer &P B 50 IUSAE RGN H b AT RARIE L. (EbRifE Nystrom
Brf Ks ~ ®sAr®y, Hf «/7 FOREEE. Long 25 ) I TKL @i BAEiE Ar fAston s
HAZH A, iR B A B REH (A, &) SMEE BIEECEE AR BRI

Ks=dsAD,. (3)

ERREIZARE Ks € R G0 &g (RE T HAst K BIOCBEEEH, RIS JLAE 4 R Hh 242

B HERZAERMR. B2, il f/AME Nystrom IR ZETE 1 B/ Mo 22 7 R RAOUREE, A
171 ST UL AT ISR ) 320 5 7341 (4% 55

min | BsATs — K|, (4)

HAr | - || RARFEFER] Frobenius Y84 (F — J540).

5 /MU Nystrom 1AL R 22 54T T E R IFIAN B brsgiis 780 58, Rtk TKL S0 7 R80R1 B A
B SRR AR B B AR R e A 1B SR BB T IRIEURT BRI T (%) 40 7 e S T A AR A mT R AN AR [R], PRIk
AN B/ MTD 2553 AT 2 0] (1) 22 57 FEAS Be 3R 1506 2 S 73 SR IE A8 5 ST PERE, %At 70 AT 18] 1 PR 25t 3 42 2
/M.

BT B AR Tobrid 8, Tovk BN B AR IBB F MR AT P (ye|d(2)). BRIIL, FRATHZE
FAREE P(o(xy)|(ye = ) L Py p(ay)), AFERANEUR U KIT, —FH EHIREFPARRUIE 29, ST
33 P(p(y)|(ye = ¢)), BRI S EIZR—A5500 K8, RIFRILES 0 KM H B H iRk 7 bt
ATT, 152 HbrEEE i bric. BT 010 2 R AL, XL OhbRic i BAS B v R A, (e 2 4T
1A N RTRESRAS PR AE A R Rl I A HAE IE TS R, — M Redt— D42 =20 A Jd Be A2 B A
H AR o 28 IR .

N TR RO AR AR R B, LA FRARCHFE U(a,b) € R™<", TR y,, 1y,
PO bR id)E TR —2, A Uj=a>1, B 0K U;; =b < 1. (a,b) FIHE R CURHE B AR5 AT 551
R U e, H A ST 1.

PRSI IO S IS AR M Ko MES G, 152455 7RI H PRI RIPR 1045 B DL A
AL RE AR . S REE AR IR IS A o5 H AR IURFAIE R 48 1) S i :

sy ~U O Ksr®rAL!, (5)

Hrf @ RAEFEN Hadamard BT By € R AMUALE T HARN PS5 M2 B, Rttt 4
T VEART F BRI AE B B FISART AR TS b > 0, S5 AN 18] 2K S0R 451
F B8 B (L5 R AN R 2 B MR A KR 85 0, 25 b = 0, TIFER AN R [ K MR O Mg 25 4. 33t
3B L PR AT B 2K BIRE AR Bop, BRI g € {1,..., G} MBI B, TR A%
5347 I B 15 .

> O ) aw) - KV ©)

g=1
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Horbr (9 F n(9) 3 RIFIRUESERAN B Arsgrb () dric)d T30 g IREAZL.

530 (4) A (6), FFLAIL G A AT ASR AR 5T K 22 R FEAR AU 240, 15 BIBRA 2 A AZE T H AR
EEEAE
FOS IO

|BADS) — K| 2F’

s.t. )\i><->\i+1, i:1,...,n—1,
XN>0,i=1,...,n

HirEh, po) = !&@2 da(SW, TW) FoR HIENETSHL, g = 0 M NG ATELR, B
<I>f<,~0& =®5; 20 =z, z¢ {m,n,S,T}. i1 H A b o AR A, M LOE A IR (cross validation)
SRS AL FLIUE, BIEA SR Wang 55 291 52 H (BN RHEXS 55 7% R A - BEEAE R0 2 57
HIEEE T2, da(S,T) —-2(1——26( ), FeH e(h) 7 SON— ML RGP S, T KRR (IR
SR AR R 7 N IE L 7K. T IE E AL AR AR T R A A ek ), R AE R (7) oK
A RFAE S I R IEE PR A, b ¢ > 1 R IERE e R 3L, i T K B5EIE&s, [
I S B ASC R AR R ALE LR L PR AR AIE o) 50 1 U R At B K IR ik 1

2.1.2  HAEZRIERE

I8 B 2 [@s @r] WIS A BRAA A= SUT EIRSFERE. BT, 4535 5 50k
IAFER A 5 B 60 BRHE RS, MRS K o

o[
Krs Kr

BAD, DAD,

e =B,AD,. (8)
BrAD BpAD,

Ks FHEREFFERALEE (i SVM) 7T LLELHER F T B B RE Krg = ®rAD b, A0 T3
PR T EA R E AR, R
9: = Krs(@©y,) + b, (9)
H &, b 4 BIFR I RO SVM BRI B 3 T 1 B R 45 2K T A
2.1.3 ik BirKkiz
AL TKL ISR, ¥ B RR BT A AR R s — RIRITE R SRR, 12 A=A, - An)
K on AR SH, B A = diag(\). BRBAREME A > Oy, i =1,...,n—1 12K

(I—¢DHX>0, Hp 1 e R AR, T e R EHEZCEN T =1,i=1,...,n— 1
=4

G
= é‘ ~(B% Bov) © (B BS)).
_0 g=
< (9)' (9)
Z G dlag <I’SgU KS‘I’SgU) (10)
g=0 g:O
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AT 2 1 AN S UL SR AR E R i) R

min XQX — 2v'A
A (11)
s.t. CA > 0.

SE B 1] 8 R AZ A BRI N BEBR” (eigengap) AR, BIHR K » AN K T4 F BI%F
e B3, R ERATR B 5 R0 r MHIERS, KB RN s € R™X7, Q e R, A e R™L
3 2 PRI TH SR TT Y, [ I e e 75 1) S

P (11) A8 A Fr kg B H 3132 nT 45 2 A& i) 8 (dual problem) JE. B Ze¥4 1% Il & i s 4 B
Hek %5 H

LA ) = NQA —20'A + a/CA, (12)

b a= (a1, 00,...,00), a; > 0 BRI HIT. JREHAE K T miny LA, «), 2 X A )5 H
(R AR, o x]RS R, AR4E Hadamard SeFVFEREMIPER, S Q M IE@ M RE, ML (11)
PR I R TR, B A E— A R e AR A, T A o 73l A T R RN A8 ) R e
fREVFEE SR A, o /& KKT (Karush-Kuhn-Tucker) 21
A* _ Q—lv _ %Q—lc«/a7
at’'CX* =0,
CX >0,

(13)
a; > 0.

2.2 ESRFIBRFIEX

FEARSCHIER Sk, S =07 R A A v SLIEON H Am sk s 1) 52 SORR AR, X 7 BBl A
AR5 R A de it H QAR IEEE. BEAh, SR SRR A PR B I 2k — D Ia6 70 25 4%, it
T SEIL AT I3 A & AL, ELIX 2 AN T 3 G b T S50 i T DA i 38 9050 ) A A 80308 KT 7 A AR 2
YR FERA R XU, Dy 17 A R L o), AN IR T ASGE R SRR AL R R

2.2.1 HIER: MEVLRBUSEREE

AT G TR A 5 T A B MR A O R0 77 0SS AR DL A XA M 5 R
BH . Sarpatwar % 29 (R, BLFECREEE T RIB A — A BENLER YL h(), JFE PR
CIBEHLR T h(-) HRAR A B R S R, (I 250 BB U 0 P BT 7
HfEL. 1P Rahinm A1 Recht 59 F7H2BRAL M 045 GERUS T U i 510 7%, VEHHBEHLER B A(.) 7
AL

@) hy) = Eulea(@)iul®)’] = [ pl)e™® Vo = ka.y), (14)

R
Hop (@) = e, k() BB PEABKERE, pw) ARFESOMETZRE. miliER
W R, BANRRECRIEEN, M4 R EdESRA SB I AR, M R — M
R, BENE LS HTIRIOAN T, DA SR F TR IS A B T AR A S AN B . X T R R R A
k(a,y) = e M==vIE 47 w ~ N(0,29T), I T FoRBAIAERE.,
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Rahimi F1 Recht 3% 25 i BEATAE HLI-REAE ) —FRRE 777258 2 (2) = V2 cos(w'z+b), b IR [0, 27]
RIS AT, WA R By (20 (2) 20 (y)] = k(z,y). N T HE— BN 2,(2) 20 (y) BITZ, % D A
MR I3 AT T 2, BRI A B IR T AR AL, 193] 1 AN 808 R B RS

h(z) =4/ % [cos(w]@ + br), cos(wh + ba), . .., cos(whz + bp)]’, (15)

Horb D ONBENUVRR L2 18] A 4ERE . s 756 J5 Ml 75 R MBI Hs = [h(za), ..., h(@am)],
Hyp = [h(@0),. .., (e EHER AR, 00k, SRIE T 28570 PO 7 10 R 465 Kodis UL A BE L
BRAR () R, BIATEEAT T AR R IEAZ 10 73 SRA5 AR & 20 AT G L 15 A

2.2.2 BREH: BREEDBRASLBTLS

R A8 T EER IR BE MU B A i e TP R AL B 32848 (R 3CBL SVM R#), e A AL
PRD7 IR e ARRRE y. 5 R A28 T DL E A 2 5 a6 70 28 %8, ] Re & D oR i th IR e 25 s . DR b it
IERABPAT —AFERL SVM 402588, (135 G 2L RE1F B IN0E 75 (1) 73 K481

KA Chaudhuri 55 22 $2 H 5 XS AR MEAZ 0 H AR L3 ERM Z 53 B Rl 5092, SR A 418 F IR I8 E
HURFE AR ZEBUE D = {(h(zs), yi)|i = 1,2,...,m}, KAGEER SVM 732588, IS5 zhi H
FREREL Qpri (w, D) TR0 R

min Qpriv(w, D) = Q(w, D) + %cp'w,
1 i (16)
Q(w, D) = §||’w||§ +CY t(w'h(zs),yi),
=1

Horbroo() RRBURRKEL, © NIENMGE B, 2 REHIPUR R ST R ¢ IRMWBREE N
v(p) = Le Alellz (o3, Hrh o AbRENERL 8 ZREFTE « MK B4 TRAZR, B
N e BRAE E SRR AACRY TR, BT SVM R BR L ¢ ) SESEA T, R Huber 45725 B %L
RE?.

¥k (16) 3B AR TR IC N wpriv, G SFH wpny M EREEERENRE Hy E
AI1S 2] H bR EEE IO bR 0. BRI, BRSO FIE R B EHRE 5, IO e E A g
—IRFRUEST 54, (H TN )2 A R AR B, -G48 Toi2 3R UG A R e 3.

VARSI PR T 22 0 RV IR YT BRI RS B L e S5 N EE 1.
2.3 EXAREEZRE S

18 m,n Zr AR IRISCRT B ARSI RE AU, d, D 73 A AFEARYE FE BB HLAFAE 2 (A1 4E L, r IR B B
KEFIE R RIECE . WL 1 D8 2 R EENVREBUE IR RIS 22N O((m +n)Dd). B3R 3 H, 5k
HArEh 250 Ba Al SVM 7328288, R EMTHE R TR0 BARIR AR B TAUE R AL IE AL
IR RPN, DR E 5 2% B N 5 AN N 22 2y B FA ) SVML AH [R], BEATLRFAE R32 F 145135 4> SVM
TE S AN %, TR SRAF AU MR I B[R] S22 FE RT LAV 2 O(mD) B4 B8R 4 iy 3 AMZSE
FETFE LT E O(D(m+n)?) BFIH. X (1) BAZIFEE 2R ERE O(rn?) BH. 2 (2) # (5)
H H PR IBFE R R AMEE TR E O(mnr) BFE. ZJ0ORRIR R AR TR O(rn? + r3) BFA] BL P08 5

1) BASSCHE R SVM 232K LLAN, FM IR HLES, W4%6 [0 U3 (kernel ridge regression), B 31X L7 2 1 i X8
Py, AT DL M0 25 43 Fa RL R 3 8 4 3 AR SCHR R SR AE 2 o
2) HAKRE LN Chaudhuri %5 (221 1] Algorithm 3.
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Algorithm 1 Differentially private transfer kernel learning
Input: Source data S = {(®s1,Y1), -, (€sm,Yym)} provided by data holder, target data 7 = {@t1,...,®tn} by inquirer,
eigen-damping factor ¢, Gaussian kernel parameter v, random space dimension D, privacy parameters ¢, A, c.
Output: Predicted labels g; for target data 7.
1: Draw D iid {w;}2; and {b;}2; from p(w) = N(0,2vI;) and [0,27], respectively. Parameters {w;,b;} are shared

between the data holder and the inquirer;

2: Data holder and inquirer respectively calculate random projections of & and 7 by (15), obtain Hg =
[h(xs1, ..., h(@sm)], Hr = [h(xt1,. .., h(2tm)], send to the aggregator;

3: Aggregator establishes e-differentially private approximate SVM classifier as (16) with { Hg, y} and privacy parameters
€, A, c, releases approximate minimizer wp,iy and then obtains the pseudo-label of the target data using Hr;

4: Aggregator computes approximate kernel matrices Kg = H Hg, Kr = H}.Hr, K7 = HgHr and adaptive
tradeoff parameter p, solves quadratic progamming problem (11) for optimal eigenspectrum A;

5: Aggregator computes domain-invariant kernel matrix K 4 as (8), returns the predicted label g by (9) to inquirer.

IS AR M IR TR O(r(m + n)?) IR, HFREE 00 7000 b = Z R J B e TR Kg 3
17 SVM KJilZk, RH SMO Kfgss, Hat S M2 E 2400 O(m?). BRILEE 1 T2 M THEN ) 52 %
FEZ19 O((D + r)(m +n)? + (m + n)Dd).

PRAEAZ R B V) U B 52 0% B AR AR BRI — IR, Long &5 B $R W HETH ST %, B2 Xt
s RAFE T EAZHE PR A A Nystrom J7VEREATIEAL, ZER T BB AT IR AN EA SO & LR R R

IRIE.

3 LI

KRATREASCFIFAZ B AT U BT 22 3] SR 4 L, i 5 2 A2 SR AT ak
BN LB M ZH o M, BOIE T ASCELR A R, IR 5 2 SR A R AN 2 7 B L R 4P
T2 PP B 2.

3.1 IRFIFEBAAE
3.1.1 SKIGEIE

MAHIEE: Reuters-21578%) iZiERIEIK | 1987 IS AL B F &, & H el &)z
HISCA 7 BRI ASE 2 —. Reuters-21578 L& AN KM 728, Horpf K 3 KN orgs, people
F place. ¥ 3 ANKEFFFEALL A AE J9URIAN H AR, nTAERL 6 NESIE 43 21T 55 orgs vs. people,
orgs vs. place, people vs. place. A T A FIILLER, BIR A Gao &5 3% KA 1) FilAb B4R,

B HIEE: Office 1 Caltech-256% Office & MG M TR FEMEEIESE, 1 Amazon
(TELEHERS )« DSLR (B SAHHLH SR i A AT FE PR A ) AT Webcam (190 4% 454 Sk 4 S O AT 2 I
) 3 AR K, it 31 ANEHI. Caltech-256 J&XF R ARG HIIEAERIEE, B 1 XG40
Caltech, F£11 256 M2Jl, Caltech-256 F1 Office FEA 10 M LR AL, XN FE LTI PLAr % 4 /N3
A (Amazon), C (Caltech-256), D (DSLR) il W (Webcam). KX 4 AN i BEHLZL A1 NI B AR
i, SERTIE 12 DGR S, SR T Gong 45 BO KA Office+Caltech TiALFEEHEER.
X ik B R RN SURF RHAE I a1 &6y 800 4ER B 77 BIZRAE, BT B 77 Bl BEARHEAT 1 bR b 3,
BT R K PHERREEE Amazon T FAE R, EiRSZIBIEENSIHE B LE 1.

3) http://www.daviddlewis.com/resources/testcollections/reuters21578/.
4) https://github.com/jindongwang/transferlearning/blob/master/data.

1616



FERE EERY: F51E 10

*1 BEHXA BRBESSITER

Table 1 Statistics of cross-domain text and image data sets

Type Data set Subsets #Instance #Feature #Class

Orgs 1237

Text Reuters-21578 People 1208 4771 2
Place 1016
Amazon 958

Image Office Webcanm 29 800 10
DSLR 157
Caltech-256 Caltech-256 1123

3.1.2 HAELLE:

ARSI #% 5 2 ik U & ORI RTVE R B4 (1) fEGr2K 5  Hk SVMG
(2) - W B 2 S LR R W SZ BRI &ML (Laplacian support vector machine, LapSVM) B7): (3) JE4% %~
SVER S JT i BSR4 98 (cross-domain spectral classification, CDSC) B8] {EHRFEXT 7% (spectral
feature alignment, SFA) B9 ZIEVLHL (kernel mean matching, KMM) [0 TCA Pl; (4) #% 5 >] 122
2Tk B2 %5 2] (domain transfer multiple kernel learning, DTMKL) #1287 50 (geodesic
flow kernel, GFK) [/, TKL %],

ARUERT L SEEG I A1, R AR RS E SR [5,9,41) IR IM L, S SVM 1E A AE 52K
g, S H] H AR 70 SR UER A 0 & SRR fabs. 1T B ARIEREE Y o hRAE, 1ESEg T Ieii A AL
XIGUE (cross validation) SRIEFEHRACHISEL, RIGE X & ESEUS 0], 40 SVM IEIZ% C,
CDSC, SFA, TCA, GFK {7024 k, #AT PR R IR BB AE SR, KRR SIAE S A S B0l B
N H ARG T IERER L. TKL FIARSCINVEA L F B S 4. FEE e R4 ¢ A SVM IENZ
O, G WENORERT ¢ =20, C =50, BgLEY ¢ =11, C =10.0. Bb4h, MR 1)K
KEHERGAEL r HEEN min{200, n}, b n X8 HVRBFEALL. XA INE, G £ CAREERE
 ERMENER k(2,y) = o'y, EEGEIRE ERAREIE k(e,y) = e lovl® milii S50 E N
v =4, B A R IIGREEA R RRAEE 5 B A GRS 4 p HEE SVM 3 2R3
133, FEFRCHERE U(a,b) IZHSE—®EN a=1,b=0.9.

PO SVETE 18 AN 2Kl I PERE, ik 2 Fon®). B4R, 5050 HVE SVM REETE K Z 4L
155 IS 0% P HERA 2, 32 R DR DI R B8 A A ok B AN RIS 20 A, 1SR 43 985 )
T SEME T RS, M IE A B 2% 5] LapSVM il i H brisk Jon B 2 88 B ARk it 20 3 4544, S 7
AL G2 73 SR 0TV AR RO IR, 088 25 21 5 vl bR o 2 > 1l VR e BEAR, (HRAE SCAR T R
Kot B S K R AN AR ).

NAHIRE. H Reuters-21578 HHREMIE T 3 MRS FAESH, BHBE 2 N UAS LTS,
FEMES AT 7 FAEF R R 2 PR, ATRERIASOTNEENA 6 MRS E
77.78%, ML hrHESRIE SVM 271 1 9.38%, {UIRT TKL K 77.79%. F5E E, Reuters-21578 % di
RN K BERE A Z R T2, S8 CDSC, SFA, GFK 2577 V0K s DA J B 40k 1] 6 =2 (g B 45 ).
FIF MMD #ENIX 555045 () KMM, TCA 1 DTMKL J579%, BT RBE R 44450, 35 5 HAE
IFIRRCR. TKL MA S5 i 4 H A sl (845 31 O A% R 5 5 YAl 0 S PR A% R 3R 47 DT T, 38 R 4k

5) #5r SEEe 25 RBAE S5 FH EH Long 45 191,
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Table 2 Average classification accuracy(%) on the text and image data set

Data set Standard learning Non-kernel learning Kernel learning

SVM LapSVM  CDSC SFA KMM TCA DTMKL GFK TKL Our
Orgs vs. people 78.55 82.68 80.97 77.20 80.48 81.58 81.19 81.00 84.79 84.71
Orgs vs. place 66.71 68.67 70.62 74.59 68.47 68.15 69.20 76.31 80.75 80.75
People vs. place  59.94 60.68 64.53 67.08 57.33 57.61 57.80 58.50 67.83 67.87
MeantS.T. 68.40 70.68 72.04 72.96 68.76 69.11 69.40 71.94 77.79 77.78

+9.42 +11.14 +8.31 +5.25  £11.58 +£12.01 +11.70 +11.87  +8.86 +8.80
C—A 55.64 56.27 52.16 49.32 48.32 54.70 54.33 55.95 54.28 54.70
C—W 45.22 45.80 38.54 39.31 45.78 40.76 42.04 42.68 51.19 52.20
C—D 43.73 43.73 43.64 41.96 53.53 46.44 44.74 48.81 46.50 46.50
A—-C 45.77 44.23 42.28 42.33 42.21 45.33 45.01 43.28 45.59 45.95
A—-W 42.04 42.74 34.94 34.94 42.38 36.31 36.94 42.04 49.04 45.76
A—D 39.66 39.79 37.81 36.86 42.72 39.32 40.85 41.36 46.44 49.68
W—C 31.43 31.99 32.28 32.50 29.01 33.66 32.50 27.52 34.82 35.00
W—A 34.76 34.77 35.73 34.72 31.94 38.00 36.53 34.34 40.92 40.71
W—D 82.80 83.43 81.80 83.38 71.98 87.90 88.85 79.62 83.44 83.44
D—C 29.39 29.49 33.33 30.50 31.61 33.84 32.10 35.26 35.80 36.06
D—A 26.62 27.37 35.88 29.41 32.20 37.79 34.03 37.68 40.71 40.61
D—-W 63.39 64.31 80.76 68.14 72.88 82.37 81.69 77.29 84.75 85.08
MeantS. T, 45.04 45.32 45.76 43.61 45.38 48.03 47.47 47.15 51.12 51.31

+15.93 +16.06 +17.45 +£16.34 £14.70 +£18.35 +18.80 +16.29 +£16.45 +16.50

AR RPRFAE TS, Jol N SRR 8 HOAREAE R, b MMD & e 584 R T BR R R 1 2 B 45 1, BRI A
PR APERE.

BlfG RS, EEBEH S IBOOR RS E, BOYEG I R 2 RE S 3 & w2 18 L A
FEAF a7 e, PR A SRR SFA P A GERS, 73 RACRART SVML ib4h, EETRAT
55, ATUSIE] RO R Al Z2 5l B UK, CDSC B0A B At fie MU AU ] I BER Al 22 57, s e 2
ZAT S FEURBUT I SO A 5577 TCA Al DTMKL 3560 T3k 4r 288 SVM, 443 T 43
AR FEXS EURIT R 2 S B Z . Al i T MMD AL REE A0 1 % g ik &, ARE A 3ot
X G AR BEAT B, R 2 W, AT T B-IB 2 RAESS B e T AMER 2%, 8 51.31%, M
EEFRALSE S TKL 3271 7 0.19%. £ 70 FRAESSH, Y80 B An g 18] 140 59 3 S T Al A RT BE D
ANARIRD, DAL 22 )[R B Xt 55020 2k 20 AT R 2R A o Al B SKES , (EZ0EREAE 55 FP AR B T AR T TKL
DUk

3.1.3 EERFHSHEBEMNBNMEIES SRR

ZERFUHDTEENARMEIE. NRIEHERA M IEE R B H LRI T 0 KU R, £ 18 4
I HATSs p SGHAT T 55564434 (i Conditional) s A 7514504 (TKL) X5 BG4 (1D
N Our) IR EESEYS, 3 3 AT 4 735l I 7 SCASAT MG EctE 46 B s LU SE . mT L. X526 AR Al e A5 2K
¥, Conditional J5 &AL SCAM EEE IR 1 2 A0 FRALS Ik B T BRI IR R, B B SO KR 4R
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Table 3 Validation of joint distribution adaptation on the text data set

Method Orgs—people People—orgs Orgs—place Place—orgs People—place Place—people Mean+S.T.
TKL 81.46 88.12 78.43 83.07 69.92 65.74 77.79+ 8.43
Conditional 81.62 88.20 78.52 83.17 70.01 65.65 77.86+8.49
Our 81.46 87.95 78.52 82.97 70.01 65.74 77.78+8.37

* 4 EGHREE LNEKS S HERBMIMERIE

Table 4 Validation of joint distribution adaptation on the image data set

Method C—-A C-»W C—D A—-C A—-W A—-D W—-C W—A W—D D—C D—A D—W Mean+tS.T.

TKL 54.28 51.19 46.50 45.59 46.44 49.04 34.82 40.92 83.44 35.80 40.71 84.75 51.12£16.45
Conditional 53.97 53.22 49.04 45.86 44.41 47.77 35.35 40.19 83.44 35.62 40.50 85.08 51.20+16.57
Our 54.70 52.20 46.50 45.95 45.76 49.68 35.00 40.71 83.44 36.06 40.61 85.08 51.31+16.50

FHUR T B AR o S B T R RS TR BRI EARICAE PR IS4 0 < b < 1, &R Conditional
Ik 5 4 2 AN TR AN R R 350 I 450015 2., FOR IR T R 2R I 45 MiE . %5 18 3[R 28 bR id
HFE SR YT RS F LR I RCR, R MR T RuEs R A e Mok R, RN T
RN S A3 A 1 T 1) AR SC O VE AR T A A R R MU IE () 7 V2 TR AL

SHHRBM . A CERHFIEFEAE 2 MRS FHEREEE 220 ¢ AT SVM IENIZ4L C.
g b, ¢ REUE AT H AL P R RRE TS S G S OR B E; ¢ Fox SVM BN R Z 1611 R4,
C Bk, VBB RE A A IR 2, 2 BBRE I G, C BN, B RME. AR, RE ¢
O AERATBITE A, BT BB AR S5 1 B 43 RV RRANCE B2 .y 1 E BAX e 250 (1) 5
MAH B EEE ¢ e {1,1.1,1.2,1.3,1.4,1.5,2,2.5,3,5}, C € {0.1,0.2,0.5,1,2,5, 10, 20, 50,100} = HU{H,
TEATRSUR MG E I LU ITE S5 S 0P8 8RR 5B A 0 JR i 1
. AJRAVEH, (1) X T ¢, SCARRM EUG T AT 55 Hh (1) B A BB G L 730l 22 (1.2, 5.0 A0 [1.1,1.5]. T &
GEAR R AR B S s LR, PRI ¢ R s BB YE B A X R AR . (2) X T O SUARHR 1) AL
BV R (1, 100], PG EHE 0 e AR BUE VS L2 [2,100]. BT 7EAR K2 BCIUE Y5 1 P9 43 20 B K8 —
B, WO RUARSCEEXN 4 ¢ A C AEAR 2SR HUE G BBl N AN BURK, 1T HLAE I L BB Y6 L P, 35907 LTS
ARERAR 22 FEHE 7V 10/ 2R IE R K.
3.2 ENRIERFSTH

it 10 B FA DR B SR D6 SR 23 FEAR A SR AR (R 1 B8, %350 20 R FH SCAR TN MG R 4R Je s 1 o R 1 e
I AT BE S B AL S (R 4E RS D BRFATIE e, DA AL, AR AR MBS FA, %357 m i 2
e~y BEIEREA R R SR B R RIS R AR

FEHLZBIEE D, RRAATE « M. (RFF ¢ M ¢ WIUAR 3.1.2 /N, WZESBRFL SVM H11
Huber %4 h = 051221 A = 0.1. WEFHLZAI4EE D FERFA TS ¢ 2 BIHL {500, 1000} 5 {0.01,0.1},
TESCAREIEEE Reuters-21578 FHATA SRR E L, 5 Z /0T SVM BLHEES S 0 (1) 45 S AT %
tb, ARSI HHR R 5 B, ATRAEER]: (1) IIABRARFERF )G, SVM 43208 iE 5 R %, A
T B4 RS FEACE B /ME BN B, T HAERM SO B IR FELL SVM w27 20% 150 268

s %) %%g: “(dp)” FORTRINZE BRI B (£ 6 7). 9 T AT, “Our 549 51 th 12 F o A - 049
IR K.
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Figure 1 (Color online) Parameter sensitivity. (a) On Reuters-21578 data set; (b) on office and Caltech-256 data sets

FE. (2) FRAES (B 4ERERG N, A SCEERI 2 FUER 48 Ft, X2 K4 Rahimi-Recht FEATRHIE S B0
FIRZ I AU RERE A 55 2 () O 42 D S ImmA5 2 74271, (3) Bt BAEWIE ¢ Z AR, e /b, B2
ORI I B, IR FE 2 sierh e HUE D 0.1 I, 2250 Bafh SVM B SEfE 48 K 2 HE 55
WS T8 e = 0.01 B EEAFRYSLIGEE R, HR TR BIASOTEN 73 FAE R 3  BUEMFZIED, X7
VRERATHE R T AR VR IR A 73 2 2 I B0 B L O B AL DR 201

SREAERIFEM. [EE D = 500, ¢ = 0.01, A = 0.01, FRICLE EUREHRE N 2 5 FAT 55 Ediz 501
1% /b5 B FRdg o 2 8h RIrssm. 1 EL C—A (Caltech-256— Amazon) {ENSEIGEE, SLi0eh Rk 6
B, Tz FBAE5, AERBBIARRIAR S ES SVM 17 A8 B FIFTERH R 2200, (HRLER I 1 1
ARG, SVM B2 2K IER A AR N B, B2 S0 00s L ) i 2 ik 50% oA, A STV
5 FE i e e AN I 15%, e R AE AR S0 B 70 AR 55, e O 5 AR B RA W A B M HY IE
{ES

4 BE

B EE WU AOBILAS 7 21 IR 55 PP A £ BB 20 A AN R B T, ASSCER Y T — PR IR & 2 A A G I
(T B I RS 24 31 05 1%, R R U7 R B AR A AR 28 % 0 5 TeAn Bdls O P 22430
ARG EE 4 BRI A2 SLUG R B, 1207 IR BUR IS 500 Bl N 12 REAS R M MR VF 22 SR ME DT V5. IEAL,
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Table 5 Impact of random space dimension and privacy budget on the text data set

D = 500 D = 1000
Public version

Data set e=0.01 e=0.1 e =0.01 e=0.1

SVM  Our SVM(dp) Our(dp) SVM(dp) Our(dp) SVM(dp) Our(dp) SVM(dp) Our(dp)

Orgs—people 75.24 79.97 48.43 79.39 48.18 79.47 46.36 80.96 46.44 80.88
People—orgs 77.12 87.63 47.37 79.14 47.78 79.14 52.71 77.45 53.19 77.36
Orgs—place 70.18 77.95 48.99 67.69 50.05 67.59 46.88 71.91 47.56 71.72
Place—orgs 63.78 83.76 54.23 72.54 53.64 72.54 51.67 82.09 51.87 82.09
People—place 60.63 70.57 44.01 59.42 45.59 59.42 53.39 67.04 52.00 67.04
Place—people 57.94 66.39 48.65 62.02 49.12 62.12 46.80 63.60 47.63 63.51
MeantS.T. 67.48 77.71 48.62 70.03 49.06 70.05 49.63 73.84 49.78 73.77

+7.90 £799  +£3.30 +8.47 +2.70 +8.48 +3.29 +7.57 +2.89 +7.58

*6 BEBIIBMIES CoA LMD ELFIBFN

Table 6 Impact of class number on image transfer task C—A

#Class
Method Mean+S.T.
2 3 4 5 6 7 8 9 10
SVM 96.55 96.27 89.10 77.73 70.90 64.41 60.97 57.79 55.64 74.374+16.26
Our 90.23 92.91 89.37 76.87 72.84 65.32 61.88 59.07 53.97 73.614+14.63
SVM(dp) 55.75 36.57 25.34 20.34 16.40 14.11 12.01 10.70 9.81 22.34+15.14
Our(dp) 93.68 89.55 81.47 67.45 60.49 55.41 49.35 45.23 41.96 64.904+19.39

i VT LR IR BEALRRE RE SR ZE SRR SVM pKds, — B RERE AR 10U B i
FaAh 4. SEIGEIREIR, RIMESZARH % BB AR LR, A S5 2t T A A e ) 73 G

R 2 B R AL R — A EE I, AU R 2 05 ARG R R R A

SCESRFIRAT H AR 4 2] — ARG a8 EREAT R AP, Qo — 2R, SEILEE A
ARt BE BME DN R T, I R XUS 122 2337 Jg 22 2 5 MR, U552 A R ik 7E 1 TR

SEHk
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Transfer learning based on joint distribution kernel adaptation
and its privacy protection
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Abstract Transfer learning solves a learning problem in a target domain by utilizing the labeled data in a
different but related source domain. Most prior methods to reduce the distribution difference between domains
depend on the maximum mean discrepancy (MMD) distance, but MMD can only match the moments of data
distributions between domains. In addition, the increasing privacy protection awareness restricts access to data
sources and poses new challenges for the development of transfer learning. This paper proposes a transfer learning
method based on joint distribution kernel adaptation and puts forward its privacy protection approach. We learn
a domain-invariant kernel by directly matching both the marginal distribution and conditional distribution in the
reproducing kernel Hilbert space. Besides, both data sources are designed to access the same random projection
function firstly, then the aggregator is set to release a differential privacy kernel classifier based on objective
perturbation. While implementing kernel-based joint distribution adaptation, it avoids the data source and the
aggregator from directly sharing the original feature data. Comparative experiments and parameter analysis on
multiple text and image transfer benchmark data sets verify the effectiveness of the proposed method.

Keywords transfer learning, privacy protection, distribution adaptation, spectral learning, differential privacy
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