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FURI IR 1), £ rh K& 2 BESHE 2 S BUE R MRS AL HEEE KU, e, 7ESEBR 734 NI T o0 2 RS 4
PEREAT G0 — DU AN TARVE R B I RER 1, IXTeRe g N 1l ZRmiAs. PRI, g ) iR R 20 A 3
A R TEARE 22 BRSO BEAT B DR (R S AR 2 e A 2 > 2 AR 1 ) AL

UEAEk, Bl wh o % S Bt R A (R4 OGVE FE AN I BT, RS2 =7 W R AL, AR A —Fh g%
oA SRR AL ORI LS 27 1 07 32, R 2 21 T LE AN R B2 A2 5 77 BUla i i 32 22 51 3L iy,
A 25 S it B AL . H 268 TN, 24 B IR S B SAS R IE 7T AR, SOk [5] e 7
B B RS A BT R 2 SIHE SR (LRI I B B SR R T VA ™ MO 7 o vh 2 S0
R EAE S, MELUE T SE bR s P AR R B AN R RO, RN, 2T ST R ) B R A AR
FMEYPRAR 1 15 SR URETH SR T AR L e L, AR SC L i R 0 T B A B B 2
WAL R, SCILE B RS R R

AR H —Fh B B T I B S S IS A HE Y (federated unsupervised cross-modal Hashing,
FedUCH), M T-7E70 A NBHE A7 T 27 2 o B IS S e A A, R CRA B R L. B
PRSI Ay 27 2] EE NI HE A, 2 SIAN RS Hods (8] AR L. (BRI R N, 27 o
SURFEFZ I A B RS TR AR R RN 2551 . %20 7 i A M 258 53 52 3% 77 i 2 1) 2 A6
SR ATASTAG IR0, 3K 2 (15 =) B8 25 5 A5 1 R TS VR SRR AN [ 2 AR B AR M - AR AL,
XA RYERE P EARMFEI. BB TAE W68 Rk, ASCheth 4R — JR s 1alxd LEIE Ak, i@
AL A P AN TR (10 e JRy s 7 A TRt B 1) ) S A AR R AT 20, LR B e A B A e Mg 78 0 22 )
FIBAR 2 BESEAE RN, TINS5 X A B RS e 75 22 ST R 51 3. AN, ANTRVREZS 10 J) s 7 462
R 2 3 T R B A4 SR AR b B S RS R, IR 2 2 B A R BOBS R IR XARE ISR
R T i 2 1o UL J= BB, TS A3 20 5 FR I R AR A5 DR K O, D bt il R, AR SCIE AR —
MR — R ERES AR 2RI S, HE— D IR A SR S A R AR SO TR T

(1) ASSTHE HH — ol PR IR o M B B R 2 e A 2 SRR SR AE IBRHSPAE T 0EAT T M B B s gy
i 2 2B SRS 1R LA AZ AR AT DU R4 B0 K RA B S5 A T A ROt e AT Jo M B s R 2 e A A R AT Y
2.

(2) AR SCHR HH A Y 2 SR R A 7 A ) R s AE AN RIS 1AL A I ZRgE AT X LR Ak, JFAE R — s
WREAT IR ZRTE, A MTAEARZS N S A IR A AR R (R 25, 22 1 2 B S 50 AT PR SR (1 =)
PRI R 72 . 0T L SR MV R SR IRAIE 1 AR SCHR Y T VE A R

ARSI AR BT, AR5 2 b, [T SRS IS A A R AR 2 S AR A, AE%68 3 719
i, AR T R BTG MR B S RS MG A A R A Y Fed UCH. 7R3 4 49+h, HEATAHOGSRIG IF /R 526
GERAERE 5 W, BAEi e

2 MxIfE

2.1 BESKE

PRSI A B RN A R RS BR WU g — HR SR 1 M AR DO AR s A A5 (8] (7]
FEES (Hamming distance) AT =AU ER. B KBS BASIG A 77 5 K] 20 A I B Ao i B K, R
I IX PRI 15 AT 3t — 20y B T SR LS 5 ST AR L2 ST R T3 .

LI B A A 7 T 5 LR R RS B 1F0 oh SUARSE, 0n: 3 ¢
PREFIA AT (semantics-preserving Hashing, SePH) M1 Wi B A B /3 il i 45 (supervised matrix factorization
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Hashing, SMFH) 12 4§, 13X 638 72 75V ToVE A IR AN [FI RS 2 [ AROUR S 1 SORER, DR b PE A R P AE bk
DAL T 5 TR FE 22 S R R 7. A B T IR FE M 4 N 26 58 K SRAERE /), IREEES B IE AT (deep cross-
modal Hashing, DCMH) 13l FIVRFEMGEIE LA (deep visual-semantic Hashing, DVSH) 131 2575y fE
i ST VRE A = U P RS R R

To B S A G A B ETC R TR PRI AT 5 T DR 9 2 S BRI A I S B 1A I8 SUR G, 78
FEFRENES AT B 7k, Ding 28 M4 32 P R FERE 20 A 75 (collective matrix factorization
Hashing, CMFH), 33 # £ K (1) B [5) 0 B 20 i 27 =1 A JL AR 2 8] Lia 55 190 52 tH b & AR ARG
7 (fusion similarity Hashing, FSH), ¥ 3& T~ Bl AR 2 (8] il & AR AU RN BIVLEH 23 (B HR 22 2 G A b, fx
AT R TG B B 7 VE A BR BE SR AL, 7T DLSERS A A 22 S HOE IS R AR DG, FRAEVE SO SR 7 T %
PRI CMBIRE SRS A (unsupervised deep cross-modal Hashing, UDCMH) 161 45 & i 2%
SIS RERE A AR, K RRAE B 5 08 A5 A 2 S AT I SRk, IR LG 15 LG Ay (deep joint-semantics
reconstructing Hashing, DJSRH) M7 Ji i B4 A5 5 2 3] 5k e K AR B b B4 2 RS 6 61 S M), AT 4290
AP 2 TRV AE FRVE XORHK. FE T BRA RIS 0 AT AR RS A5 (joint-modal distribution-based similarity
Hashing, JDSH) 8] ji ot ¥4 S R 5 LS 1 SUMIOGPE I 2 RS BR G AR AR R B, S IF R fF | 2153
O 038 s YE . Yu &5 1) SR IR B BT AT — B R BRI 4% (deep graph-neighbor coherence preserving
network, DGCPN), i idh B %7 S TR Z s S I Q0 L [A] )8 SOR B, TR 1 20 A B A A8 1] 1 A AL
PEANERS 0] 8. SR, 33X 6077 V2 5 25 SR DR B B SR I R Ao 22 X 4 DU SRASEAS 1) R AH AU, 3% 2
T SR TR AE P 4R it i XS I ELANIE FH T S B B FH P 0 B D i . A ST, JRATT T3 10
R BE B B A J7 1%, Wit 1 — Mt IR T e B s A A A HE SR, L RB RS 72 2048 o 5 SRR 1 4y
AT AFE TR, RN i HEAT BRORL DR3P R IDEHR O B i IS e 7 o 21

2.2 BAEHIES]

PR ST R (Google) T+ 2016 442 H g — F RGP 4t Ka FA 1) 7 A ML A 2% S HOR 201 e i
2 77% i e S AE MR 55 3 U R JL[FERI RIS 7 SRR, R ORIFER I AR AE 25 /7 Ui, AT DR 4
PEBEAL. AR, 27 iy Z [ BUE 2 A AP AT M BRI 5 ST B ook Al — 178 21221 H T K 2 40
TAEAREIE T BRI BHIE (federated averaging algorithm, FedAvg) 4 5% H AT St SR 2 2% F iy
Z VA EE A AT I ) Li %5 7 $2 Y FedProx HEZR, E75 7 i 50 57 I 51 N5 & S B R AR Ak 1)
BRI, M2 A AL SR I A e M Wang 45 18] 32 Y — PR #E AL IS P2 77 1% FedNova, H 7870
FEAEAN P vty Jo) AR AR 0F 4 SR AT (R DT RR, AT DI04 IR 55 4 5k % 7 i ) BB AR ) R i . e, —
B2 F NI RLIZ N2 P i SL AR R A e s 1) AN P-4 ) R, 5 i T o5 2 ) 231 RN 2 A 5% 2
>) A PR AN SRR IR S AR P i R A R 58 R AR A, M DAL TR RUTG
PR R SE bR s, Boiln, —SeTo I B IR STHESE (25,261 e £ | HIX e vk R B TR 10
I RAERE 2], KA 7055 75 FE 31 22 AL R 18] 003 SORE G, DR IBE R 2% 31 5 2% 7 i A 280 ¥ DA SIZ R
e RICHE R A AR AL I SR8 R

I, B RSBSOS S TAE RS T — @ k. Liu & BT @i A 2 B HdR 2R
BRI ARG B AT 22 3] . Xiong &5 28] 412 HH FE T ML B2 2] FF i@ JE [V E R /T (co-attention)
ML Rl A A AN RIS 1 FLAME SR, Zhao 55 1290 3@k I 25 B 2 Zm Ao I EE 7 ity (14 AS [RRSS A5 25080 2% S A
BULEME B, AENE SCREE A A 2SR IR 4 AR, Chen 55 B0 £1%F % P it AR S AN — 3K
e R, s FH 50 25 R0 20 00 PR 110 T 5 ) o S e A SR 2 AR 2 P I AR 2 [ (R A DG M. Chen 55 B 2 H 2
GBI A (hierarchical gradient blending, HGB), H i & &8 & H M )k L& /46478, Rl
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SRR 1) o (R 6 AP R B R TR B AR SR A A . IR AR IR 2% 5 B U5 ¥ P A AE I S i R S 3L
Lt Es, h IR S5 a h S AR R 2 S R L U, IX TR R T R B B AT ST,
TR b B AT AR S GE—ARE, AE M TR E R T R SRS ER R

AR R R EBIREI ML G b, BHITCA — S TR AR L AT R, Xu 55 B2 42 I &
HIE A (federated patient Hashing, FPH) SEUES MU RIBETT &1, Hor AIFER T — M55 48 M AT 45
0 2 B PR AR S e B, e R ACA A O B 0 SR M S A P2 4 G R B RS P RSS2 ] A 1 LR
B, FINHIER T FPH fEPS LA 35 ULHCH B8 2. BXFRES BT R (federated cross-modal retrieval,
FedCMR) ) B YCKHR BB S R S 2 45 &, NI G 00 23 A AP 50 T ISR R R AR
PRI SR RE 18 21 A s Kool 1) R, BTSRRI R i I e ) 447 AR . I, Yang 45 1391 5
N4 SR SR B 7 T R AR R 5 %5 7 i Joy PP A5 B 8 SC— Btk AT (2 2 e 9% s o ) 4 SR R B SR . AR
111, RIS 2R T3 R MM T2 7 i 2 A A B (N A S, M DO TSP ) A B AR (S
BEASERITEDL.

PRIk, B0 H AT 205000 B s T s SR R AR FTER I, A SR ) — AR TG B B S e A
BB HEAT BAFA ORI N 10 3 AT NS B MG A5 2 20 [, I ARy — JR) AL ()X LU 1E T A RIS P 41
TRZENH, TERTES P 15 RS AL A b 2 ML A A AR IR AT 20, TN ox A Hh 2 LA A A 2 S0 R 1 51 %,
DRAAANIR] 25 7 i 2 [11) 25 A 28 B8 AN 11 P ] s

3 A&
3.1 REHA

AR/INE B BRI SCAS P RS 0 Bl 2R AR SCER S IR TE i B S S IR A5 AR Y. (FedUCH), B2
TEE 2 FedUCH BAENS A T R 2 B HUE B Je B B BES IR A L R . AR ) FedUCH
TR T AREERORE IR DR 2 ST 224, 45— A SRS A A 2N i, FAR R G289 N E] 1 F7s. FedUCH
AR S 3 R AT #R 20 Z BASHE AR AR AR AF AR A HAN 5 HAt e s AT A
e, AT ORI B 5 1 2 A A B AL

FEBRFRIC M B S RS IS A 22 I TR, IR S5 a4 B e IR LS B IS AU PR L T R A%
FU. ZJE X TR R RN A ST, IS5 4% 5 R i AT I N B A

o B PUMPEHIAIEA . Wk, AR U k (k=1,2,..., K) 75 R FRAESR IR IR A 2
B ASEE VR IR R, X BB AR R I (R AL SR AR AR R 85, e e B S A A e A 7 ik
238 A H 2 AR B 1] (K SCRAPE IR @RI B 5 5 . 5, IR IA A 152 TmgNety, A1
SCRME AR TxctNety, K SRS AR RHAEMUN A A S, BR8P RS ™ A2 e 7 AT A
DL J3E BEOR T SEA8 2% R B, AT IS B0 e A SR R L.

o RS BRI & AR E S S S R R AR T R IR AR ImgNetyy IS4 ©) AN
SURMEAER TxtNety 1ISEL ©F BATINE, SRIGHINE S KIS A B SR AL B IRS 2% SRS 4%
SRR A WG A B SR, SNE IR FedAvg 1 BN oK B AN 5P i 1) BN STAR G A5 13
G BT R A, AT 3RAS 42 JRIPA A5 B8 TmgNet®, TxtNet®.

o AR BUHT. 2o R ST AR N E A RS AR A e A R R R L R A AR P IR, B
S AR PR 1) 22 SR R 2 s A R TR A 1 AT (10 53 #0852 A i Y AR 3t 2 S it
iNLEgiy: ity

&
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Model aggregation

ImgNet/ ImgNet!| -+ |ImgNet/ ImgNet® TxtNet® TxtNet/ |+ | TxtNet/ TxtNet”
FedAvg FedAvg
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/ Model Model \
upload updatc
Client 1 Client & Client K
__________________________________________________ I
| Round r Round |
' |
' Tmage ImgNet® TxtNet® Text
features features
jKD ‘ZKD
Round r ! Round
Feature Jasper
ImgNet” CR TxtNet/*
mene I i extractor golden
retriever
Images Round r—1 ! J!" Round r-1 Texts
ImgNet/ TxtNet/
Latent Inter-modality contrast regularization

representation . o
Intra-modality knowledge distillation

1 (MFZhERE) FedUCH 1REIZEH
Figure 1 (Color online) Model structure of FedUCH

FIRB AL FE T, BB A LR K AR iS5, N FedUCH KRk
H A R = om N
K
min Y prEypr[Te(©7527)], st € {V.T}, (1)
k=1
Hrb p BRE kAR s SPITRAGERER B S BIA 4 /SR DTk N, pr — R E NS
Fi A B KN R L], S8 pr = 15 Bpe o pr [T (0% 2%)] Fom i k NEIRINLRIRK, o+ K
ISR P iR GE DR FIREUNRE A, X T BRI FR, A SO A 2 T2 P i AN 08 1 =350 H AR
PR A B AR B bR B AL, MR B AL S (8 (5 TF A R AR & P o A M Y BiE Rl (71, BRE Bk
TR, XTT28 r 008G, 27 iRl o RS SN 73 K 2 /i B 240 oF, il 0L, &ff% EE %
Fru AR 4 ©F F1 oF HHUT E (E > 1) 5B T REEZEEHT ML 1.
(__);»;,rJr(i) _ (__);;,rJr(ifl) v Jk(@:’ﬂr(iil)), (2)
Hod n FoRE T i T A AL 2= 3] 2% i =1,2,.. . E.
TE_ IR w0 B R R P v s 5 4 A 2 RS B E SO UM SR 2 ST A i R
T, 5 P i P 4 b 5000 M DA 220 ) R A 22 S BIOHR 23, DRI I P A B 2R A 50 P o A b )| 2RI 52 2055088 7
TAPHT oM, B 2 FRAIK T A A A S SR R AR R O T R b 1) A, FRATE R P am R e il 14
J&y — JR A (R 6T bU IE DU 4k, A5 270 7 i P10 s 2 A5 284 B A% 7 0 Fr SR Ak 2 B2 B0l ) ) o SRR AR, 9
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A FH B 22 5 2 K 1] )1 SORT B I sl ond 2 7 i A o s 5 22 ST AR N 51 3. A, RATSIAN 2R -
JRy AR RS P RIAR AR T — AP AR OB A o S B R R AT AR, ISk 1 s, BA1E4 T
Te M RS G A AR, T 30 AN 2 R 55 A AR i TR VR AR S R A S TR A

Algorithm 1 FedUCH

Input: The number of communication rounds R; the number of local epochs E; the set of clients C = {C1,Ca,...,Ck};
the set of dataset D = {Dl, D2, ..., DK}; the hyper-parameters p, ¢.
Output: Global image Hashing model ImgNet®, global text Hashing model TxtNet®.

1: Server executes:

2: Initialize ImgNet(-, 65)7 TxtNet(-, 95);

3: For each round r =1,2,...,R do

4: For each client k =1,2,..., K in parallel do

5: Send the global model ImgNet(-,0%"), TxtNet(-, 05") to Cg;

6: @,‘:’H'l, ®£,r+l < ClientUpdate(k, @g’r, @g’r);

7 @g’ﬂrl, @g*”rl < Models aggregation with Eq. (3);

8: Return GZ’R, @g‘R;

9: ClientUpdate(k,©V:",0T'7):

10: ©)" <= VT, 0" « eTr;
11: For each local epoch i =1,2,...,FE do

12: For each batch b of D* do

13: Calculates the local corss-modal Hashing loss JkH with Eq. (4);
14: Calculates the global-local inter-modality constrastive regularization loss j,SR with Eq. (8);
15: Calculates the global-local intra-modality knowledge distillation loss jg(D with Eq. (9);
16: Te = TH + pTER + T EP;
17: Update @Z’T'H, @{’T'H using Jk;
18: Return @Z’T+l and @Z’er to server.

3.2 ARSSERImIEIT
FERE—RC IR 2 ST v, % 7 i H B £ 5 2 52 BRI 1Y, 2= IR55 48 71 57 4 %5 b i

B P AL I JR AR, D AR SR SN, FAMER FedUCH i % 7 im 2 56— He Bk
HARALIERE, T 2= IR 55 WL 2R & BT Jm) A A O i 4 JR T 48 5 T — R I AL A, e 22
ERMZ, FedUCH [FIREEH] T BRI R & om B RN LR S 3 5. o TR 2 i Jo Fs A
R FRR B 2 P 8 A AR A A BB 23R K, R FedUCH fERE AL IR G BOK 2 M AL 12
[ 08 43 75 % - i (B HEAT AR S 4t =2 B BSOS IS AR A 0 Ay R B AT SR 1T P9 2% 8 ) A
B rh G5 K0 52 2% B RF A RS AT AT B AR IER R AL AL L A b A5 T AR R SR 5V . (R 28 o BRI
PALER S, I 2 7 S s AR 1) =) B e i A TR S 80N % EA% B 2 5548, 2 =55 4 A FedAvg
Sk W ORGSR R IR S I 1 4 SR W A BB 43 IR AR AN - i, e v JIR 5% 48 i (14 5
RURE R E XN b

QVrtl _ ni@v,r

e ®)
®T,r+1 _ X @@T,r

G Za'n E
Hon = S0 g, FRBEZHEHIENEE, ol !, oL ! il sl AR S E RN 4/
AR G SR A A R i ) SR AR TR 4 R e A R R RE A TR T A ) i b 2 A A 1] A 2 3
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5. AR, FRATREE R A & R e A AR 5 S AN o bR LAY B B RS A A A2 ST R, T
1 o AR L i 0% 2% ST 1) B4 22 A S B (] 1 SRR ALLPE.
3.3 EPimgit
FATHLL DGCPN 91 Jg il 13 B A H 0 AT 0 o B B RS WA A B AR, A R X B G IR B 3
st SRR PR AR — R RS [AD 0] Ll T Ak S5 AR PN R 28 TR /M A
3.3.1 ZTEBBESHAEIREIIZ
DGCPN W9 Y5 PR A3 e $004f 5 04T 8 2 (8] (1) SC IS JE SR M) S A (B AR AR M LB, 750
BEBARARR PG T RENRCR. BRAAESE k& A% i P ARAE — M OGN ZR B8 1AL it S E
JiFE: HY =ImgNetf(FV,0)), HF =TxtNetf(FT,0F), F* s EUG RSO B M. ik ar DL
BRI FAAS S SR A EERE: o(HY , =HY) A1 C(HE, HE), VAR AN SRR 2S5 (0 A AU
C(HY,HF) ft c(HF, HY), K O, ) RonRZALE. DGCPN 1) (1) H br ek £ T
JH = Q.+ M9y + A9, 4)
Fodr X\ AN RTREERUR TTRR I S AL
Qc: HTI"(C(HX,HE)*lﬁI)HQ, (5)

JICAERRLBE LR, Te(-) FoRMEREIIE, T FoR C(HY , HI') KA SRR, |-, #o 12
RS
Q= [C(HY 1Y) = Sec(HY , HI)|
+||CHL H) — Seo(HY  HE |
+|[CHY HE) = Sge(HY , HY)| (6)
FoR AR — SR B AR S, S Ll BY, HT BEBEAS— MBSy (HY , HT) RPN S0R 1A
P, |||l 7R Frobenius J3L;
9 =|cwmy v - oy 1|,
+||CHyY  Hy) — C(HE Hy) |
+ ey, =Y — [CH HO |,
ey, 1Y) - el 5|, (™)

DRSS N SRR Rl — Bk, Hoh [o(HY , HD)|Y RoasMGERE o (=Y, HE) 1 BT,

3.3.2 Z/5 - BEMESEXTELIENL

FETC I 2 SIHESET 2 P Sl L Y240 ) A RO TR AR AU A D e B A5 B R S e A
{E, BRI 7 it 2 B 5000 A ANk 2 3 B30 i A b A0 X LA 22 i) 2 F) 22 2 00 20 A
UREE R A5 B AN AL AL S RS IS A A5 70 2 5 B AR B _E AR UL AR, 28 T 22 B 2 7 S 62 7R
IR, (AR A tE Iw 22, B R IERE FRE. —foRUL, RN 25 I 1) 2 BESHUE R 255
BRI AR, P SRAS (K B AR S R AR M SRS AL T A2 7 o _E RS R AH B S 1O, 2R

2186



HERBYEERE B3 E H 1M

Global text Hashing model

Round r

Local image Hashing model

Features
Features

Jasper I

golden
retriever

I ontrast ]

Contrast

|
|
|
|
I regularization I |
| loss I |
_____ |
|

Output layer Projection layer

Texts

Images

.
|
|
|
|
|
|
|
|

|
|
|
|
|
L
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2 (MEREE) £/ - BEMEZSEIELEM L

Figure 2 (Color online) Global-local inter-modal contrast regularization

WS A AR RE A TR 1 2 S M AR TEARUME S S, B T ERE 1T &) i AR e A 1 Y
IR, AT SEEL T SE LR P RE.

A TAER R & 46340 AT 2R — RAEESTIX L IENfL. Bk, ik — RS 4
Ry W A A R A (R R3S SR AR 3 573 — A 25 A e A A AR AT T U A, e A AR i F I U Pt A S
RS2 2 RN ALY SR, Lk 30 e o A5 8 e 0 S8 R 81 A Bt PR TR AR ABA P 3L, I itoxed 25 1 i
ARG A A S RE R 51 . DAASHE BB 9], LR B Fr) Pl 4 s A AR TR R mT g = ) 31 4 JRy SO
AR e T SO AR, IXREREUS I I 42 JR A 5 Ja) AR A rh S5 LI A2 L, (RIS B S i
oy Bl SCAS G A B R o 1y SCRMBLE RIR (R0, TR Ja 8 SCAS e 7 B R i 255 Jo B Ik o oK 45 7R f
7. L% P BRSO, A 2 P, AU 42)R) — JR AR s 1A ) U 1R U4k i s B 5 3K

X BRI SCAS P AR S R A, T A IR SR AR B A7 DOREAS RIS S RO R L 21 58— ORI 25 18]
B e a2 W D9 B E K BE R A . O TR, WA 2, R Pr(,wr) RN E R
WA R EY, Horh wr RN AR BUEB IS HL, « € {V, T} XT5 kA% b SORKHIE FT M E,
S5 r RAERSORR AR GV RS B R AT LRI A

ZE"T =PET(FT W) (8)

[FIE, SCASRFIE I SR r — 1 587 SO M A B R b B R AR B I RFE AT AR R

Zpm =Pl ET W), (9)
B A2 5+ 565 BB R IA 7 A0 rh 45 45 S 5 G T AR R A
Z" =P (FY, W), (10)

AT bR SR IR RS R 2o R FE e 80 AL O 2 A e 423 ] o [
IR RIAT A2 51, W 20 A 200 2 IRBEes, $K 2V f1 200 2 g, B,
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Global image Hashing model Local image Hashing model

Features

Images

3 (MBEREE) £/ - BEESHMIREE

Figure 3 (Color online) Global-local intra-modal knowledge distillation

5L T A TR B OO T AR — B, SR R R R L ELE AL e TR s Sy
exp(C(2) . 28) /) )

exp(C(ZY . 25)]7) +exp(C(2Y . ZT)]7)
Sorh exp() FRULEAR o MIRMIEIEE O, ) 2Rl BN FRAE 2 11 1 A A, « %
TR AL

o RIS I RE L E U I 520 2 M A 7 R L 00 7 R 5 75 4 R
PRSI O OAPEVE S, IR A M B AR 1A 72 ST R 031 5, % 53 VML e 0 LS T AR AP 1
BT 52 RIS, B 1k T BB AR TR S S (RS (ELJ, % TR S 1 24 T Vot
ISR, e SRR T T o IR 4 SRR e O A R, 05 2 T SIS P 2 ) AT,
FSCRE It B I il 2 S SCHEAS P AT RJk, WA T 2 SOH T B 4 PR A e 1. BRLE, JRA11
BINT 2 o LA P AT AE G M KBRS Y 4 5 1

3.3.3 HNHZIE

SR E N B0 rh e ST A IRRIR K R A, BRI 7 21 AT LU AR B % 7 i R AT R AR B 1
R B9 SR P e A BRI, T AR BN AL RE S A (BT A JRR A, AR
KT 2 P i ) B, T AR IR . AR R, % B T A B0 I A e
i BT BN AR TS, FTEVE AR H AR IR B G B H AR, — R AR A R TR
BEAT RAIRZR TR 186371 (R, Dy 1 BE— DRI T 2 A A R B TR AR, R SR R RS B R B A )|
Zrrp 25, BATRA RIR AR SRS AL 2R 5 = 0 - TR P RO A% 3. i 3 2 DL B Ju ol it
AT FIR A R R .

FART, X T2 kA% b b i) GO SOAR MR U, AT TR L3 ) A\ 2142 5 BB s
AN 42 R SO Ay B R A9 B RA s SR T ARS8 HY A HE. [RIEE, R o3 Sl N 21 = 50
PG A A TR AR A SO G A A R b A5 B st S fE P ARy HY A HE . BRATIAEAR S (R4 b I
WUPARA R (¥ ity . BRSSP IR ZE AR, 48/ ) S RS2 7 A (R R st s o 5 i 4 JR B R 7 A

TR = —log
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FABR R 2 I (BRI, 76 [F)— A P LA R 7 B R A A L 474
TP = D(H, HY), (12)

Horb D(-, ) HIRAE RBP4 R 5 ey AR Ayt 22 R) A 22 5, XD 22 53 ] DAY KL (Kullback-
Leibler) #% K ffii &
min o pe[F (275 05)|1F (% O))], (13)

Hop F 3R UG SOOI A R AL
i )Ry — SR AR AL EU I DA MRS P TR 2 P o S, A THE AR 18] S A2 P9 20 it
29, MR T AERGS N SRS IR R R AR ZREEAT IE WAL, SR 28 ()% P i R 0 B

T = T+ pn IR + o TKP, (14)

Hrb o, o NIRRT S EL.

4 SR

4.1 HIRE

FESZI | Wikipedia 38, MIRFlickr-25K 39, TAPR TC-12 401, MS-COCO [ I NUS-WIDE [42
5 AN B S 2R B SRl PR R AR SC BT H I T B B s S e Ak R 7. IR R4
H1, Wikipedia /&ME— ARSI TR, AEET 10 MEIIH 2866 MEME — SCAXS. IAPR
TC-12 fL7 255 PNEAIHT 20000 N ZFREEEG — SCANT. MIRFlickr-25K HJE T 24 /NI 25000 4~
ZAEIE — IR MR, ASCENE DCMH Bl dr iy seib i B, Lk $E 20015 MEARBEIT IR, MS-
COCO W&JET 80 MM 123287 N ZHrZEEME — SCAXT. NUS-WIDE #d 47 269648 1
B XA MG, A EUR — SCARX AN MRS R, FRATER T 21 AN WLk
S 195834 W FEAREAT SLLG.

T _E IR SR SRS I B AR, R MR AN 008 4 1) SCAR R AE R R 7 SR AR ). o,
Wikipedia $4E5EKH 7 1024 4Ef) LDA (latent Dirichlet allocation) $FfEF 7R, MIRFlickr-25K Al
NUS-WIDE 35573 5% ] 1386 4EA1 1000 4/ Tag $FIEE R, %I T IAPR TC-12 Al MS-COCO %
AR, K Bert 584 431 $2HLT 1024 4R EE SCARRHER R, AT BUEAAS, $5R FHTE ImageNet [44]
B4 EFIZRA ONN-F #5] [283REL 4096 4 FIRFIER IR,

TAPR RN s AR oy ke R AN DR EE, FRIRHGH 7k R R AR B 2R, Rk R A5 I
WEFHEIEAES, BARREIEER SR NE 1 Fs. R, Rl 2R 58 o 5d0E o A0 AR
P, FRATISR F Je AT AR 21460 s B R R KR 52 75 (Dirichlet) 434 X & A5 347 AR R
srAn gy, I L EN DM SH o K2 EEEIRE N IEMZF S MR, B 4 BRT o =05 K
Wikipedia 485 1 2 AR R 500

4.2 SLINYETS

A FedUCH 7% P2 06 A6 8P LR AT M B85 B 6 i, RBORIE T 3 A
B BLASIA T 71 1719) 0T FedUCH (WRRIENE. T 3 I I B A 7 L 26 45 O AR D, 9
S sS4 705 0 T O 5 L TR S 0 7 B b5 S 7 B, RIS T 264 0 5 R L
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Table 1 Patition of the five benchmark datasets

Dataset Retrieval set Training set Query set
Wikipedia 2173 2173 462
IAPR TC-12 18000 5000 2000
MIRFlickr-25K 16015 5000 2000
MS-COCO 121287 5000 2000
NUS-WIDE 193834 5000 2000
040 o o o 1 7 31 15 21 34
150
145 . 17 36 22 50 1 9 10 53
2419 8 0 3 17 4 2 1 30 0 125
341 4 6 9 22 59 0 (57 3 7
100
g416 [6s 0o o 1 2 1 6 6 0
é 513 44 20 10 [59 28 16 31 11 22 75
6412 28 42 . 69 3 8 8 1 35
—~ 50
7 3 2 31 0 4 . 2 0 16
8418 9 4 37 1 0 2 1 24 20 ~ 25
94 4 1 10 23 9 4 21 3 m
T T T T T T T T —0
0 1 2 3 4 5 6 7 8 9
Client ID

B 4 (MEHFE) Wikipedia E&E L o = 0.5 B RIFRET FEXIDER

Figure 4 (Color online) Label imbalance partition result for a = 0.5 on Wikipedia dataset

WA S A6 SCER P B U0 SR TG IR B S B VE A 5 Tk, THEL T IRRE AL T AN g R R
RE B PSMEAE LA A J VRO 5 ST R A S5 . AR A R M k).

FERFRAAL SRR T, AT AR RS T AR INZ@EER K R, K Wikipedia FIE(E
¥R R = 25, MIRFlickr-25K 1l IAPR TC-12 HJIES4X R = 30, 1l MS-COCO # NUS-WIDE K]
BERIR R = 35. fEREIRIIINEBE S, SANE bR AR Y25 5 505 e A iy e
BB WOEN 1.0 AR BN SE 1 A o, 2B 0.2 PHEER] 0.8 HEATHES B S IR IS
R I PR RE, SR EN BB S A & 10 Wikipedia f1 MIRFlickr-25K: p = 0.6, ¢ = 0.4;
IAPR TC-12: = 0.5, ¢ = 0.5; MS-COCO: pp = 0.4, ¢ = 0.7; NUS-WIDE: = 0.3, ¢ = 0.7.

4.3 FHNIERR

5 USSR TEMIE, ASC#H mAP (mean average precision) 47 {4 it A B 1245 15 A5
THEMRERYERE. mAP [FIIN & 1 S BASAS A PR AH AU 18 RS B RT3 [] 45 SRAHE A5 00, AR BB

1) https://gitee.com/JZL629/feduch.
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% 2 Wikipedia % IR R ERESTEL

Table 2 The retrieval performance comparison on Wikipedia dataset

Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
Standalone [19] 0.239 0.282 0.333 0.344 0.203 0.220 0.229 0.233
FedAvg 4] 0.323 0.382 0.417 0.435 0.266 0.269 0.294 0.313
FedProx [7] 0.311 0.362 0.418 0.422 0.242 0.271 0.272 0.260
MOON (6] 0.346 0.379 0.442 0.450 0.281 0.282 0.297 0.295
FedUCH 0.364 0.390 0.454 0.460 0.311 0.321 0.336 0.347

R LRI R A AR BEERT, e mAP B2, R Bk, mAP e CanR:

q
mAP — > AP, (15)
=1
Hrb ¢ RARBERFERINEE, AP, R i« NEHFEARR TR R, BIAES i NERFEARR
Ak ANREIGE R, H AP #iE SN

Sk L(P() x R(j))
St R()

Hrp P(j) Forl j DMREGER PRI RAEE, R(j) Fonsh j MERERESD 5 ERFEAM
K, WEARARM R(j) = 1, RZ R(j) = 0. AIEFEANERFEAR BT 50 MR 4RI mAP
(R P RS R e A B A R RE, B! mAP@50.

4.4 XFEEsCIG

RESUEA ST 71 B 250, FRATHE 5 M iz A s Sk R A 48 Bk AT 7 RE XL
SEOG . A DA RS AR R AR B i fExf thse gt i &% B 7 Standalone ) 751k, HRIRTET
TR 2 =) B2 AR FH 2% 7 i A i 5090 1 2 s A A e A R4S B A R Atk e [RIIN, 3 FHIERFR 7 >0 07
RGN RIGUE A SCHTHE FedUCH AR Z0PE, B8 TIP3 5% FedAvg 1) PR S ik R 1C
H 2 SIHESE FedProx [T Al MOON 161, SApfifixof bl 52 56 45 B 56 e ] 5, Standalone AT B 2% 5
Jii53 R DGCPN 9 VR g ZEfih (1) 2% P oA . 75 B E R K &, DGCPN 1] DA B 4 AT = 0 0 B
PERLASIE A5 73, B0 DISRH 7)) JDSH 81 55, FRATTRE7E 7 Rl S 58 PE4H 23 BT A 5] 0 i B s B AS
A TS B S B R R AL RE SR AN AR it B i SR A 23 il 4R D T A LT FedUCH
A b7 B R R P RE

4.4.1 7& Wikipedia 1B _FHIXTELSCIG

ML T H AR E 2, Wikipedia & — AN/ AR AR 4R, HIL BT X b7 i AE 2 e 4 1
PEAFASIA A 2 S M RCR. 3R 2 i3 T 7E Wikipedia 28R4 EOSUANKS 22 BMGORT MG AS 22 SCA K S 00 465
B, AR PUR AN % P o S Il 2R (B Standalone J5i%) MR R R, FTA BRI AR R
THEAEPIFMES EXIRZEM T Standalone 757%. MAN, FedUCH HIAE R MEREEIL T H A 3 FIRFNES L
BRRIT, A SCAR R R AESS E FedUCH IR R MEREEIT 1%~4%, 1EEER R AR L
L 3%~5%. A, SEER A REKM, fEAA 2 il A As BRI OU N, B ST HE SR BE s 1E fr

AP, =

(16)
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#* 3 MIRFlickr-25K ##E R R M REXTLL
Table 3 The retrieval performance comparison on MIRFlickr-25K dataset

Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
Standalone [19] 0.679 0.697 0.702 0.711 0.693 0.717 0.733 0.746
FedAvg 4] 0.729 0.753 0.769 0.777 0.742 0.763 0.781 0.790
FedProx 7] 0.727 0.747 0.758 0.769 0.743 0.764 0.779 0.791
MOON [6] 0.735 0.756 0.775 0.785 0.752 0.772 0.794 0.802
FedUCH 0.748 0.765 0.785 0.793 0.761 0.786 0.805 0.814
# 4 IAPR TC-12 #HiE&E LR ZMaExttt
Table 4 The retrieval performance comparison on IAPR TC-12 dataset
Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
Standalone [19] 0.521 0.587 0.603 0.612 0.513 0.554 0.590 0.594
FedAvg 4] 0.573 0.623 0.644 0.650 0.564 0.586 0.633 0.634
FedProx 7] 0.585 0.623 0.649 0.653 0.573 0.614 0.629 0.640
MOON [6] 0.572 0.628 0.641 0.643 0.567 0.605 0.638 0.628
FedUCH 0.602 0.641 0.652 0.661 0.591 0.630 0.645 0.650

7 S AR R PR ) A% S 2 S A e A AR DT B2 1 2% 25 i £ A M el B IS S R R
PERE. RN, FedUCH 1 42 JR) B AL 25 W A B R GT JR) AR AR BEAT 51 U ZRAN IE AL 203K, T B S oo
TR A S R R v B P i R O 1) 2 S BE D TG R T RE.

4.4.2 7 MIRFlickr-25K, IAPR TC-12 #iE& FAIXTEL SEI6

MIRFlickr-25K A1 IAPR TC-12 ¥EEL AL E 2 T4 N2 R854, Feuiss R
%3 M 4 Pion, BT HUE B R0, MIRFlickr-25K A1 IAPR TC-12 ¥l £ %173 RN 5 /7 3 () 5
A EE B 2 KT Wikipedia 0848, FUILRENR P i dSr il 2k (RP Standalone J772) tH AT EA3RAS
BT BLAS K R I RE.

TEPFIRE RAT S5 b, RS A ASAS 7 1R AN TR AN P it MO Z Y GRATH AR 7T LAEAR 3%~5% A
RYEREIRT, X —DAE B T BOTRSBAS 2 S A 2. R, A SCHR ) FedUCH 18R RERETE H A
AR 2 S VR R SRR S 1%~3% HIPERESETE, 1 U B TE % 7 ity Ja R AR B 2 5 L R, FedUCH
ER 2 22 3.

4.4.3 {1£ MS-COCO, NUS-WIDE #iE& EyxfEE S2ih

MS-COCO F1 NUS-WIDE F X NFEASE I 10 T ARS8 555, & 5 1 6 b5k T
g EArA ik R R, iR 5 A1 6 MISLIRgE R, BN P w L I SR S S e A LA AR
KRR L OEEEHEBIL T FedAvg Hik W, XEER BT FedAvg HIE KR RS REME
J2 i 2 6] (R B0 AN P A 1, T 2 it A B0 RS R ORI, ) AR 2R e DR BRSO 2 e 8 SR
i 5 B OCHIREAS A A ENR, I HASE RSP 35 n] B2 S 80K P di A AT R 25 2 AT 32 RS iss A A R 1k
REMIIS T T %, AHXT T FedAvg J7v2:, FLAMIBEHR 2 2] 77238 i AN [R] 5 sUER M 725 2 vty 2 10 1) 25008 A P-4
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% 5 MS-COCO HiEE R MaESTEL

Table 5 The retrieval performance comparison on MS-COCO dataset

Method Text to image Image to text
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
Standalone (19 0.557 0.623 0.675 0.707 0.494 0.583 0.608 0.616
FedAvg 4] 0.602 0.683 0.714 0.710 0.591 0.643 0.663 0.659
FedProx [7] 0.614 0.680 0.722 0.739 0.586 0.646 0.665 0.669
MOON (6] 0.615 0.679 0.738 0.726 0.597 0.649 0.678 0.683
FedUCH 0.635 0.715 0.753 0.760 0.621 0.665 0.705 0.710
% 6 NUS-WIDE & LH R MR
Table 6 The retrieval performance comparison on NUS-WIDE dataset
Method Text to image Image to text
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
Standalone [19] 0.663 0.724 0.739 0.754 0.668 0.731 0.760 0.765
FedAvg 4] 0.647 0.724 0.744 0.757 0.648 0.725 0.764 0.767
FedProx [7] 0.675 0.727 0.745 0.759 0.684 0.738 0.761 0.761
MOON (6] 0.664 0.722 0.747 0.751 0.681 0.722 0.759 0.768
FedUCH 0.682 0.737 0.756 0.766 0.690 0.745 0.775 0.781

P, TR BB B - P 4 SR AR 5 R A 28 rp A B PR R AR ALY . SR, B AT IR 28 =) it
B R TC MR B S A A A BAT 55 IR 2 S0, AR ST HE Y FedUCH 15 2 T-BS A0S FL £ AN AR 2%
TRRESE, R AR BT FAIRC S 2% 2] O a8 — & AT R PERE SR T+, BRI &, 7E MS-COCO #i#ii £
b, FedUCH 5T F B AR 47 AR FR S AR SR BT VR RERS 32T 1%~3% IR MERE, 1 #E NUS-WIDE
Hi4E I, FedUCH REBEIRTF 1% 2 AL R I RESETT.

4.5 JHEACIE
4.5.1 EHHRLSIIS

N T BAIE AR S AR T VR T SRR S, Wi T a0 N ARR T VAR 2 BIER ST FedUCH A [R] 45
BRI St B 2 T T 1 A AR 2R M B 1 DT ik

o FedUCH-1. F[ FedUCH % ot Hh A% EL 1E MU AL A B AN R 28 AL ) 1228 AR 25 [R) T e A
BRI TS FedAvg HEAARZE &

o FedUCH-2. FFk FedUCH %5 1 uify HH [ MR Z8 PEABE B S £ B4 56t L 1 D) A B

e FedUCH-3. F[% FedUCH % ity Hh f 56 b I DU A A, {30 {5 B3 Jen iR 78 T .

F T~11 A PIRCE TLE 5 ANEUESE B 32 F1 64 bit A ED Y B SIS B ARIEE 7~11 SEIh S
B UFERRAT H IE AL A AN AR 2R S FedUCH HOES RS K R I BERUR AL T FedAvg J7V2.
B % EE IE AR B B S R R PR R R, Fed UCH B3R5 AN [RIRE B I BE RE S A R AR RESRTT, X Ui B
4 R R B T B AR AS W A 2 21w R RO R B B, FLGF B TE UL A SRR R 28 T B R 354 25 T
P AR R P I A S R AL, FedUCH-2 76 R 2 HUE UL T MBS SA R M REL T FedUCH-3, iX
Wi B 4 R AR L 5 S AR R S 1) SO B R AR T R A A P i U L.
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Table 7 Ablation results on Wikipedia

Text to image

Image to text

Method
32 bit 64 bit 32 bit 64 bit
FedUCH-1 0.382 0.417 0.269 0.294
FedUCH-2 0.386 0.421 0.311 0.321
FedUCH-3 0.385 0.432 0.312 0.329
FedUCH 0.390 0.454 0.321 0.336
% 8 MIRFlickr-25K FR)HRIZER
Table 8 Ablation results on MIRFlickr-25K
Method Text to image Image to text
32 bit 64 bit 32 bit 64 bit
FedUCH-1 0.753 0.769 0.763 0.781
FedUCH-2 0.761 0.781 0.772 0.792
FedUCH-3 0.757 0.777 0.769 0.785
FedUCH 0.765 0.785 0.786 0.805
% 9 IAPR TC-12 LHIHRILER
Table 9 Ablation results on IAPR TC-12
Method Text to image Image to text
32 bit 64 bit 32 bit 64 bit
FedUCH-1 0.623 0.644 0.586 0.633
FedUCH-2 0.638 0.646 0.621 0.640
FedUCH-3 0.630 0.648 0.615 0.642
FedUCH 0.641 0.652 0.630 0.645
% 10 MS-COCO _LHIHFER
Table 10 Ablation results on MS-COCO
Method Text to image Image to text
32 bit 64 bit 32 bit 64 bit
FedUCH-1 0.683 0.714 0.643 0.663
FedUCH-2 0.705 0.748 0.660 0.677
FedUCH-3 0.701 0.734 0.658 0.670
FedUCH 0.715 0.753 0.665 0.705

4.5.2 FREEMSLE

NIGUEA ST T FedUCH MR IE M, AT 7 FIH DISRH 71 F1 JDSH 18] /5 97 7 ity G M B
PEREAS I A 77 1AM FedUCH AR MERE. K 12~15 2 3id3% T DJSRH, JDSH HFf /7% 7E
MIRFlickr-25K Fl NUS-WIDE £#i4E b st g . iRHE L4 FnT LUE i, AR SCHT FedUCH 15
RS R MR T HAB IR B A AEAR 2R 7325, XAIE T 3 e B B R S G 75 M R T VR A R 3A 5
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% 11 NUS-WIDE LAyERIZER
Table 11 Ablation results on NUS-WIDE

Text to image Image to text
Method
32 bit 64 bit 32 bit 64 bit
FedUCH-1 0.724 0.744 0.725 0.764
FedUCH-2 0.732 0.751 0.736 0.772
FedUCH-3 0.729 0.748 0.730 0.769
FedUCH 0.737 0.756 0.745 0.775

%= 12 AH7FEN DISRH B, £ NUS-WIDE #iE& FRYSSig 4R
Table 12 Experimental results on the NUS-WIDE dataset when the local method is DJSRH

Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
FedAvg 4] 0.573 0.620 0.660 0.654 0.525 0.616 0.649 0.701
FedProx 7] 0.552 0.610 0.644 0.629 0.561 0.621 0.642 0.673
MOON (6] 0.569 0.616 0.652 0.664 0.582 0.639 0.673 0.695
FedUCH 0.581 0.624 0.661 0.677 0.596 0.644 0.679 0.718

% 13 AHi5AKN JDSH B, £ NUS-WIDE #iE&% FRSTIER
Table 13 Experimental results on the NUS-WIDE dataset when the local method is JDSH

Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
FedAvg 4] 0.661 0.694 0.717 0.722 0.700 0.723 0.751 0.760
FedProx 7] 0.663 0.705 0.715 0.733 0.702 0.724 0.731 0.763
MOON [6] 0.678 0.699 0.721 0.735 0.705 0.728 0.749 0.758
FedUCH 0.689 0.717 0.728 0.743 0.710 0.737 0.759 0.773

£ 14 AM755%A DISRH B, £ MIRFlickr-25K #iE& FHYSLIG 4R
Table 14 Experimental results on MIRFlickr-25K dataset when the local method is DJSRH

Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
FedAvg 4] 0.667 0.684 0.695 0.684 0.667 0.677 0.687 0.698
FedProx [7] 0.666 0.677 0.682 0.672 0.678 0.683 0.679 0.683
MOON [6] 0.673 0.681 0.690 0.705 0.687 0.710 0.726 0.736
FedUCH 0.681 0.689 0.711 0.725 0.693 0.720 0.735 0.741

RRIPERELIA IR T, SXAUEM] T A5 R A — R i IE A
4.6 SHBURMSH

FONELE 5 AHIREER 64 bit WMASTD_ LT T S HOEIE S, WTRAEBE o A1 o X
FedUCH I3t 2 R PEREIEEI. FATHL ¢ = 0.2,0.3,0.4,0.5,0.6,0.7,0.8], JF¥ 35 1 = [0.2,0.3,0.4,0.5,
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% 15 AHER JDSH A, £ MIRFlickr-25K #1B4&E FRISIG4E R
Table 15 Experimental results on MIRFlickr-25K dataset when the local method is JDSH

Text to image Image to text
Method
16 bit 32 bit 64 bit 128 bit 16 bit 32 bit 64 bit 128 bit
FedAvg 4l 0.738 0.762 0.772 0.775 0.757 0.789 0.777 0.795
FedProx [7] 0.733 0.743 0.763 0.760 0.748 0.755 0.770 0.792
MOON [6] 0.742 0.755 0.766 0.781 0.765 0.772 0.782 0.800
FedUCH 0.749 0.769 0.784 0.790 0.776 0.795 0.801 0.812

5 (MERFE) 5 MERBREXAREGESHSHERESIRER
Figure 5 (Color online) Experimental results of parameter sensitivity of text-to-image retrieval task on five benchmark
datasets. (a) Wikipedia; (b) MIRFlickr-25K; (c) IAPR TC-12; (d) MS-COCO; (e) NUS-WIDE

0.6,0.7,0.8] PR A AT SEEUBMESLEE. 4 p M o BSEA SIS T & il mAP 1, &
T ZABESEE e FHTE &P il mAP [HHCESk S Huem. B 5 fle 2 5hidsT 5 4
B EA RS HA G0 T B ASA R YRR . 285 B rp s ae g5 o ar, A FHESEUE AT
TG B SRS BIRE R YRR R K, X T SCARR &R BURAT S5 s e/, Bk, 75 K24
THEOUT, 2 S p B, o A FEEUE X T R R 2R AT 55 B ME RERE IR /N, U e S48 o B,
(AN TR A T T B A 2R SCARAT 45 I PE RE RS M e K, 6 T SOARKE ZRAT 55 I MR RERE M /1N, 75 B
52, BIR p A RIBUEX T B R R R SCARPERE 2 K, {2 FedUCH V328 BRI A FE, Ktk
BARKE FedUCH XEBSHRMWEA —E I EHM.

4.7 EBTES R

TE SEBRIEFSHERL R 2 A 2% 2 R0 7 ity (4038845 0 O A AR BR 1) T e 8 IS 2% ST (1 1 BB G IE
ASCHTHE FedUCH 152 bR A AT AT 1, FRATTI T BRHAE S & 7 iy b 10 M B AR A ey A 152 23
USRS . LIRS A 7 AN 8 iR, FedUCH Hhgg /o s i B 48 A [R) B 4 b AR B e 5k A
7. 9L FedUCH s /i B ) 56 A, Wilkipedia 20656 B3 22HEAT 25 AMBOTBASHEIX,
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6 (MERFE) 5 MEERBEEEGREXAESHSHBURMELIER
Figure 6 (Color online) Experimental results on parameter sensitivity of image-to-text retrieval task with five benchmark
datasets. (a) Wikipedia; (b) MIRFlickr-25K; (c) IAPR TC-12; (d) MS-COCO; (e) NUS-WIDE
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Figure 7 (Color online) Experimental results of model convergence for text-to-image retrieval task with five benchmark
datasets. (a) Wikipedia; (b) MIRFlickr-25K; (c) IAPR TC-12; (d) MS-COCO; (e) NUS-WIDE
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Figure 8 (Color online) Experimental results of model convergence for image-to-text retrieval task with five benchmark
datasets. (a) Wikipedia; (b) MIRFlickr-25K; (c) IAPR TC-12; (d) MS-COCO; (e) NUS-WIDE
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Abstract Federated cross-modal retrieval uses decentralized clients to learn a shared cross-modal retrieval
model to reduce the high maintenance cost associated with centralized multimodal training data and solve the
data privacy problem in cross-modal retrieval in distributed data storage scenarios. However, most existing
federated cross-modal retrieval methods rely on many semantic annotations, limiting the scalability of the retrieval
model in large-scale applications. In this paper, an unsupervised federated cross-modal Hashing retrieval model
is proposed to learn a cross-modal Hashing retrieval model not dependent on semantic annotations under the
premise of protecting the privacy of client data. Because of the unbalanced distribution of multimodal data in a
federated learning environment, local information is insufficient for the model to learn the inter-modal similarity
of the overall data, which affects the retrieval performance. To solve this problem, this paper proposes a global
and local intra-modal contrastive regularization, which imposes constraints on the local Hashing model of a single
modality with a global Hashing model of a different modality. This ensures that the local Hashing model can
fully perceive the overall semantic similarity of data and enhance the supervision of the local cross-modal hash
learning process. Moreover, this paper introduces a global-local intra-modal knowledge distillation strategy to
further obtain specific global knowledge of the intra-modality. Experimental results on five benchmark cross-modal
retrieval datasets demonstrate the effectiveness of the proposed method.

Keywords federated learning, multimodal learning, unsupervised learning, cross-modal retrieval, unsupervised
cross-modal Hashing

2201



