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Abstract

With the rapid development of science and technology, information on the Internet shows the
characteristics of multi-modal coexistence. How to store and retrieve multi-modal information has
become a current research hotspot. Cross-modal retrieval is to use one type of modal data to re-
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trieve semantically related data of other modalities. Most of the current research focuses on how
to bring related samples as close as possible and how to separate unrelated samples as much as
possible in the common subspace, but ignores the ranking of related samples. Therefore, a triplet
cross-modal retrieval method based on TopN pairwise similarity transfer is proposed. It uses
triplet loss and Locality Preserving Projections to construct a multi-modal shared common sub-
space. Meanwhile, it transfers the high similarity relation from origin subspace to common sub-
space to construct reasonable ordering constraints. Finally, the effectiveness of the method is
proved on two classical cross-modal datasets.
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Ja BB A F5 8 (Locality Preserving Projections, LPP) [6]F2 — i 4 i (1) B R AR 4 53k, LI AR
I B T RAESR IR 7] SR ORIF ARG S5 B S0 A S 4 2 [R] A A A AR R 2 T (1 Iz i Ok R R, I
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ﬁ*ﬁﬂ%?dlléf?ﬂ@%%ﬁﬁ{&“,e‘} s 53 2 BB ISR DX 288 A SCAS Bl ST I 2% () 2. R IR BEATLA T B
75 (Stochastic Gradient Descent, SGD) [9]F1 2Lk AS B AL AL (I SEIEARAL M L& [ S 5. BARkd, T4
— A N EEE, RINGRAL— MBS, RIS 2k #ti AL 24007, 5 2k + 1t Nk S50 6",
R, AR T

351 TopN Rkt FHABLEE T #2 (1) = e H s S ke = A4k

N BESURXS y o AREER Y, fRK/Dsize, #@SE{B A}, W& {f,, f}, WHRRE T, %
SEKr

Kt 25%1{9“,9{}:

1) %ﬂﬁ;‘:‘%%%[{&“,@‘} ;

2) TEA T IR

3) For k=1 to [n/size]:

4) HEA N 2RI P13 B AL FASIAREE HY = f, (X30,) BT H' = £,(X56);
5) I A L) T E AR 1

6) If k% 2 == 0:

7) IR IACE S50

8) Else:

9) B AE S50 ;

10) End for;
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4.1 SRR

ARSCTTVESAETFUR R 2 ST HESE TensorFlow EsEBf), KR ESERSH N " =1.0. o' =1.0 M
N=3, HZH B=05MA1=015, 2:>]FIr=0.001. (EAE=IJCAFRAN BRI =4, EEK=
fl’jé’ﬂ(H anchor, H positive, H negative) ﬁﬁ/@ H anchor =H positive %,ﬁ:c %#ﬁiﬁ%ﬁﬁqjﬂzﬁzkﬂﬁﬁ%&ﬂ:ﬁﬁﬁzkag
B, MRV H = H PN, 2 SEUE A ST A A SR B S B AR ZE
4.2. BIEE

Wikipedia 348 [10]/2 M 4EIE 77 R P 841 2866 Xf B SCART, —3840 0y 10 Fh2k5). Hrpdag—xt
BUG SCAKT B — 3k UGN - — B T ax ok B A IRl R i o % 808 i W J L AR 2H (Visual  Geometry
Group, VGG) TS I ZR B A ST 4096 4E ¥ S5 46 EURARFE: I B SOARH IR 18 3 7] 2458 (Bag of Word,
BoW) [11]42HXH 100 4 J5 6 SCARKHIE . 555 ¥ R 82X 43 2006 X MG SCASKHE A UINZREE AT 860 X ]
BRI A .

PascalSentence ##5££[12] 1 1000 Xf BUE LA A, =357 20 28, 45— 50 X G SCAXT
Forp g — X BUESCASKT H— Tk G R 5 BUARARIRR IR, T G R Eol, RAEHE —BOUAR
FEIRNERNSEIRSCAS . [RIFES 42 L 4096 4 VGG FRAEAE 9 J5 4h B G RRAE AN B Y 1386 4E BowW FEEAE 9 5

BOSCARFE . [ s 55 0 4 700 S EMGSCAKHE I ZR 82 A0 300 Xof BAG SCAIHE ik

TEVNGRAE R, R A I GREERE A 7RI R ARV E s 2 I0, MRER N RN ZREEAE i 2 00

4.3. T 4E4R

VPSR ) S A A AR 2R SR, SR PR S BRAT S AT R RS, e — 2 I BB AG 2 OUA, 18 M 15T
H RS REG, 104 Tl ARSLI0R AR 2 AU F 1)°F 35K FE 348 (Mean  Average Precision,
MAP) [L3]fENTFNHERR, KA MAP AU eI R 45 R IR, EH MR RIHAEE . MAP
LU R R AP R FIE, A W(12)FiR.
_1SRe
AP = Ré . rel, (12)
Hopn R RS RIET n T kR CIHM E N RS TE SRR ST B B rel, /2
TBZRRERGHRIUEEMK, MR RIFE RS LMK, Wrel, =1, HMlrel =0; R ZFE[ n
i R s RSB E . BB T, MAP RIS R 45 R T MAP@n fRERBUG &R
ZESLRT n AT IR

4.4. B EH MAP FHLE

N T RAEARTNEA BN, SIANZA RTINS, EATTEIRE Bk T3 L ses .

BURIOCHR M CCA T IZRME T %, B 4 25 (Al K e A B s e B AE I A JL v el eh, H IR AE 12
505 I iR G B A S B 2 A (R A DG P e K

% MR SB35 # (Kernel Canonical Correlation Analysis, KCCA) [14]%1 % 3 S8 k22 # 2 A2k 1tk 1
L, A FH A% R KOS A 5 S 3 s A% 2 [R], P CCA T V20 A% 2 1) o (1 5 A A e i3k 47 DG B

TR LA SC IR /> HT (Deep Canonical Correlation Analysis, DCCA) [15]45 F I £ 45 0 254K 5 2 bk
SF, ¥ S EEEpUE B AL AR, B R A R R B RS O 2 (AR DS M K
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T UM S B K AY 5 (Semantic Correlation Maximization, SCM) [16]1H 8RS B 4 5% AL E 1E N
WXAER, Hirm K E B ARESRHE 8] 1 AH G

A - AIE 27 21 7772 (Joint Representation Learning, JRL) [17][7] i % T b i 25 B 3047 A L 745 ) (2
21, HEINL, EE S EHEREEATAN, RIS HOERE MM ELE, DU 2 ) BB S8O0 M &

XL I 2546 2% (Adversarial Cross Modal Retrieval, ACMR) [18]F I AFAE SR ER N 45 45 A2k s, AR
I ARAE NN BRI R BT X BU 4, 456 =B, RS o SR R AR B RO 451 2 2 R g /D AN
A B AR IR 2 R) ) 22 0

T = T HIIR FE G 75 (Triplet-based Deep Hashing, TDH) [4]15] A\ = o414 248 F = Jo 41 57Ut Bl ok
BRI B8 [ B A B 2 RS TR R RO R, DAYRZD 73 AR S AN v 20 A2 B0 1 DR B

PSR AIE % > (Graph Representation Learning, GRL) [19]4 2 #5245 £ 4f w21 %% 15 () B -7 == () v, A G
) S SCRE SR R T a5, SRS FH B R X 2 SR EBURFAE , ) FH 43 288 388 AR R 38 o 307 1 R e A A Y

%1 IR AR PN B MAP (8 ELEs L. MR LU R

1) WSS R ITE R TS B RITE . ISR R 2 E R BRI, JEZ IR, TR
JEE T9X) 24 7 A 3 A 20 1 B0 o 285 S B L e T v R A

2) ASTTHAEMIEHEAE | MAP S5 /AL T H e, R PR AT Be e T B s = o b R R 4%
SRR A FH 8 B M DG IDCAH DGR AE AN 43 BS AN AH SCHREAIE -

Table 1. MAP Comparison of all methods
1 BFHEERMEUIRESE LB MAP Xttt

EICEE WiRzS I-T T—I Average
Wikipedia CCA 0.224 0.282 0.253
Wikipedia KCCA 0.329 0.329 0.329
Wikipedia SCM-Orth 0.340 0.335 0.338
Wikipedia ACMR 0.439 0.361 0.400
Wikipedia DCCA 0.444 0.396 0.420
Wikipedia JRL 0.520 0.568 0.544
Wikipedia GRL 0.567 0.552 0.560
Wikipedia AR T7: 0.600 0.609 0.605

PascalSentence CCA 0.272 0.237 0.254
PascalSentence KCCA 0.315 0.316 0.315
PascalSentence SCM-Orth 0.465 0.335 0.400
PascalSentence ACMR 0.434 0.416 0.425
PascalSentence JRL 0.439 0.464 0.452
PascalSentence DCCA 0.556 0.653 0.605
PascalSentence GRL 0.716 0.709 0.713
PascalSentence AL T7 0.751 0.689 0.720

45. B n TIRBEL R MAP

ZERAT n DR R R P RARK AR EE, KU LU 2 5 EAR R AE Wikipedia 0 S A
PascalSentence £#E4E (I HT n Wik R 45 10 MAP {5, Bl MAP@n, b n 20 5BUE N 1. 5. 10, 20. 50.
BEE n [/, B n KSR 45 R0 MAP (HI8 K, UL BIAE RN BE A RO 2 B A e s s Hs, 1 Bk
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P FREE FTAS REM RS . 7€ Wikipedia £ 5250+, MAP@1 Ltk MAP@50 #&F+ 9.7 /N E 4 55, TIAE
PascalSentence Z#2 452864, MAP@1L b MAP@50 tH32 7} 5.9 N A 40 . 45503 2 fin.

Table 2. MAP@n results from two datasets
= 2. FANEUIESE MAP@N 5 8R

HHEAE A n 15 I-T T-I Average
Wikipedia 1 0.698 0.819 0.759
Wikipedia 5 0.655 0.768 0.711
Wikipedia 10 0.640 0.746 0.693
Wikipedia 20 0.631 0.726 0.678
Wikipedia 50 0.625 0.700 0.662

PascalSentence 1 0.873 0.829 0.851

PascalSentence 5 0.850 0.800 0.825

PascalSentence 10 0.837 0.788 0.813

PascalSentence 20 0.818 0.767 0.792

PascalSentence 50 0.751 0.689 0.720
5. &RIE

ASCHRH TopN O AL EEIERS 1) = Se B S I 2 077, I THRTHE RS K R 4RI IL . &

Je gl N=Ju AR R IR R M B 2 RS LI A ST 8], AR5 R SR AR DL RS I A% S A SR 4R
2 (B AS 2 T () i AR ABLRE Ok RIT RS B A L1 (Al ORFFAAUREAAE A L7 (] i in 4R 24, DLIK B4
kG 2 UL G B () 45 5 . 3853 Wikipedia 11 PascalSentence 51N/ T Hidi 5 1 kB 9206 2 B A S0 05 VR A 2%
PEALER T . ARR AR H RGN AR 1S br s S HOR L RIS S AT R 45 SR HE

E&WmE

HE K AR R ST H (61771347); | R4 Bafili 5 B FH BLAliifF 71 3£ 4x(No. 2019A1515010716); | %

A4 T e IR A AIE 7 18 B b 55 B AR50 H (No. 2018KZDXMO073).
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