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A TR AL ESREDLSF I BEGANEZIK: 1) £ LR EBAEEEH T3 F 4ol 52ty 2R
2) 4ol R R IEAL A A F 3 F 44 BRALRACF AL ? AT X AN AL, B4R I T4 5 B W35 AR A 5 3 Ao 5T s
oA B, BARM, BRI S T AR S T B I ME A4S L, AR 24 5 S T AT AR IR B 4E
M, vAiZ B 4E 5 48 S35 A AvA A 5 3], A BEAR KOG S 18] 5 B 18] TR 44 5 L0k, 4R i 69 5T 4ol A B VT A W) 4431
AL A& BT H A AL S AL, RO A GRS TR T R A AR R AT P 4 AT, T B F S AN Gb, A BLAT BLAFag
A ECR; G, FINSHRESHARE, MAENGTEF X RS ER, NI RABESE R EAHF BLES
AB R HEE EE 10 Fras AR A A ik HEATRT G, 0GR T 42k H ik 09 2.
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Anchor-based Unsupervised Cross-modal Hashing

HU Peng', PENG Xi', PENG De-Zhong'?

'(College of Computer Science, Sichuan University, Chengdu 610065, China)
*(Chengdu Ruibei Yingte Information Technology Co. Ltd., Chengdu 610094, China)

Abstract: Thanks to the low storage cost and high retrieval speed, graph-based unsupervised cross-modal hash learning has attracted much
attention from academic and industrial researchers and has been an indispensable tool for cross-modal retrieval. However, the high
computational complexity of graph structures prevents its application in large-scale multi-modal applications. This study mainly attempts to
solve two important challenges facing graph-based unsupervised cross-modal hash learning: 1) How to efficiently construct graphs in
unsupervised cross-modal hash learning? 2) How to handle the discrete optimization in cross-modal hash learning? To address such two
problems, this study presents anchor-based cross-modal learning and a differentiable hash layer. To be specific, the study first randomly
samples some image-text pairs from the training set as anchor sets and uses the anchor sets as the agent to compute the graph matrix of
each batch of data. The graph matrix is used to guide cross-modal hash learning, thus remarkably reducing the space and time cost;
second, the proposed differentiable hash layer directly adopts binary coding for computation during network forward propagation and

produces gradient to update the network without continuous-value relaxation during backpropagation, thus embracing better hash encoding

« AT ER BRBEIES (62102274, 62176171, U21B2040 U19A2078); VY145 BHE X1 (2021YFS0389, 2022YFQ0014, 2022
YFSY0047, 2022YFH0021); 1 s S FEABMIT Y 55 2 & T ¥ 43 (YJ202140); H EHE 15 R34 (2021M692270)
Wi BN T 2021-08-30; B LT TH): 2022-10-13; SR AT BT H]: 2023-04-28; jos 7E4% HE R 1]: 2023-09-06
CNKI 444 ¥ % I 17l 2023-09-07
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performance. Finally, the study introduces cross-modal ranking loss to consider the ranking results in the training process and improve the
cross-modal retrieval accuracy. To verify the effectiveness of the proposed algorithm, the study compares the algorithm with 10 cross-
modal hash algorithms on three general data sets.

Key words: unsupervised hashing learning; cross-modal retrieval; anchor graph; differentiable hashing; common Hamming space

jilll3

1 5]

WA LI R 22 SRR R IR RO A e, P4 b TV AR T DR R 1) 22 SR . T DX G R 11 22 A AR
PR R B AATBGB AR, BT 2 0N AT &, E R 2 — A ERBk . B REaSA &  — AN v ik $5dl
A TSI R T 5 8 A EEE, IR ER R T 25 T A2 22 AR SR DN AT 508 1 567, (R
TANFEA I B 2R BN SE 0 PARTE BRI 22 57 (B R “ e iy 7)), 32 3500 V2 0 B AN R RS ) ) AH LA,
NS A 2R R K. T e A VY Bk A A, A 2 S B R VA AR 2 B AR UYL AR,
JiK 2 R SAE J5 25, FEAT RIS A A 2R P THTI 5 Vh S5AT A i AR v 1) ) . BRI, el 7R R G I A 22
(I RJINF, BEACES AR (1 A7 Ak S5 A0 R T 5 BAT L0 B0 2 SCRT N A .

VTAER, BSAEAS I A5 X BT ] T IR iR AE A7l R NI RRAA R A 5. T I, b BRAICRRAE (A a5 A, 25
RS IE A5 27 DK A [RS8 — AN A LW 2 [0 o, 22 T p AN RO ASEAS Py 800 T by AT s BT 5
— 7T, AR R RSO, AR FIARMBAE T DA DA % Y0 B B 8 e R T B4 31, i IR 2 v DURI g 5 (R ealiig
B AR OB ST 1O R A T S B L, DA (R A 52 2] S AT LAY AT M (s s
W52 30 ik U PR T M B R B AR AR A A5 2 2D OO A B B AR AR A A 2 2D T A R R T S R
85 MR RS WU ]S A JL R S, BT RS U RN T, X8R nT S RAFIRRUR. R
M7, X6 KRB (IR A T AR AL S FLE B0 U100, I L) i 22 ANBEORE 1 135 I b je A DRIt T B )
PEASASIE A5 2% > VR 32 B [ N AMIF 5T (3 D) T, R n] KRS T 3REUR A R i B vh 2 2] B 515
AHIME B, TR FEMRRA 2 2 7 AR S N . AR ST E R WS A A A5 2 2] ik,

TG B S AST RS W AR 27 > 2 Y P SOx e eox IRAR OGS B IR S RS 22 5, BETTDREANR] ARSI AS 21— A 22
St g s e v UM RUE O I JE M 5 TR R T S R, AR K 2 7 vk 3 R PR SO TR AR b, A A s
T A SR T I E R T S A AR R UL T R 2 AR B Hh v I £ 15 R, AR ST I A A
WA IR AR OB T B IR AR T (EUR, X T I B AR G 5 T TR T AR AN N G R B
HAMR RN 24 O (kN?) (0] S22 O (N?), Jeh N A I ZRAR B B SR ANk AT s Bl A AN L
PRIk, SIRAT 1R T 1 5 A e o SRV L B 28 S X DRI 22 BAS HHs . e, | T A — (4w 24> NP
A8 (NP-hard problem), b fift g1 il #5, BAT /595 FERF: (1) SESLAEAR o 2171 b (gD B S A AT
etk iZda st FEANLGR B AR S0 7 OR— 80 508 R R, (2) @IE Egnfs "™, BARZE LI
W7 N we A B AR B ER AR TP SR A7 a2 3 ) R, RUEE DI o B vh SR 1 i L AR SR A B 2 2 54
e, WIRIRE AT SR RRR L.

BEXE b3 () R, AR SCER HE T 2T A 5 BEAS IA A5 5HE (anchor-based unsupervised cross-modal hashing,
AUCMH), ZJVETC TR I 2Rk et 18], A e B AT SEAIR IR I () R A (A B2 2 2. i 1 T, Herh CNN 5 Bow
3 ) R T I ) I s FIRRAE R IR, £, AT U S RS %, £, AR RES = JoHiF k. Bk, Ak
e P F1 s A v ) A, A S — Tl i e PR BB A S VT D v 2% 5 VAR P 20 B R A A il R A R S A 1]
S ) s PR A B 1 7 B, % TR R A N GRAR I — A 1, A e ) IF 1) 52 24 BE O () 1% ] 52
J¥ O (mn) BZAC TR ISR LA ISR B, Hovh n O — S5l v B SO I AN B, me DAy Bl B v JBI SR R A
B, Hon<m < N HIR, A B BEAS A 25 > 10 B OO0 ) R, AR SCHR HH — Ml o0 16 45 2. 128 2l i
T 2% 1) % LH O B W AD, P ATTE  28 A0A RR rh B T S P AT AU, TN TR SR AL o, AT AT A HE 2
ENGrds—30, B SCE RS BEaS R A M EGe. B Ja, RIS ESISA % o) B T TS (W) BBESER) —3L A
SCGINZTeHE PR KA A B RESIG 75 2 o) i B 2% RS BESHE T, 5| 2B BESG 75 252 o) 5 RIS RS
R RATS IR R 2L
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BT SRR ARHEZL R

AL LT RS 40 T

o ARTCHE T A Tl T B S BRI A 2 2 UL 2R T e R B RS Bt T 2 B A A3
A2 ), AT #1225 1) S DL A AL 2R . SO it o DR SR ) 148t VR A R

o Jofif R A 2 3 T ARG AL AN R IR, A SCERE T FAT o W A SR A 22 SR RE AT AT A 22 I 4 T 1) £
HEIN R B O BEAT VAT, Hn Al B 17 A% REEA T 4 48 00 2% BB ST | %0 VA AT R AR i i) 0 =K,
ORI HUP SE BT PE e

o ARSCHL T BRI T KT BRI T, %07 R R A A RO I I, AT AR S RS
A2 20 AL G LT B I T K, 12071 TR b B AIG T 7] 5225 ) 4.

2 HBXTIIE

1 LAk, TRRWAT R BUI T R0 4240 th 2 B B0 b B B A DG, TV BRAS RIS 2 8] (9 22 5,
DS A [ (R RS 2 B B — > 2 LR 0 B 2 T v, 2715 AT M0 AR G M P A 7 10 55 B2 W A 27 ) 1EAT ]
i, AR A28 H AT A G Ay 27 3 I FF UK.

2.1 BEBHBESKEEHES

A B IS RS W A 5 2] B 0 R IFbR i K 2 BES AR B 500 Fir AT 2% o) e @ S (R S, [ B 4 A ]
T 5t I /Ao 1 b o 1 L RN =2 B A< 9 =0 o 1 A% 4 e S o R E I (2 5 R n N DA 23
BEARME 752 ST v, AT R SR B B AT S s i 1202, FL A b, SR [20] $2H T —FE THER 1Y
W A HE SR, 3 g S [ 2% ST PR AL 2 M 25 ) (REAMBEES —4L), RPRFAEAE A [7) 2 2 ) A 0 HE e 03 e KR B R
B, AT SR 11 AN R RS (1 50 LS 1) — A 2 T W 2% [, DA 12 20 1] v m o P W B 20 00 P R A AR AL . 7
SCHR [21] , AEE SR T — R THER IR S BAS 5)) /7 ¥ (ranking-based deep cross-modal hashing, RDCMH),
ZTVE B SR TR DR A R A A 5t 0 W B SUHE IR, ARG %08 SUHE 5 B B IR FE IS R IA 5
o R A LA TR B R AE RN RE A5 bR B S 4. SCHR [22] $eth T — AR FEHE P HIME A (rank-order preserving hashing,
RoPH) J7i%, A iERA =3 T HBH P OR B8k, HAi 2 s 3R A O BEARE I 3 2 T-OL Ak, STk [6] 24T
ZOCAAR T R TSR R (K B 75 4% (triplet-based deep hashing, TDH), 1% 5 VAF F = Je 4l bR 254l
IR 3 AP Z B FRIARNT O R AR M, DA R I B S 48] 2 () B — FR P o SORH ORI O T A PR TG 7 VI I [w] )
IRAG T AR ) )8, SCHR [14] 32 H T — PP ] 43 B9 748 43 W5 45 W 4% 757V (separated variational hashing networks,
SVHN), % J5 %53 A% B BIAEESE vh 2 =) 3 (815 S nht, R 25 BEAS T UAE 2% [B) BN [R] B 307 (i o 58
AT S5, SCik [23] 3R T B S AR AR X FR M 4% (modality-invariant asymmetric networks, MIAN) 2244, 1%
BRIIR R T BEBR BT AR SE T A RS 9 FOBES T AUPEOR KR, SCHR [24] 38 T — B H A R i3
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PRI ARSI A 7 2, %07 Rl a2 &R, R BONIAS—BUR ok A i 2 9008 SURBE R FE. AR
TR LA W B A R R 1) B RS A RE A NS R PR e, R L T T R & R A bR . BT 4
PEARTE AT ES Bt EL AR IS (KA 45, R T A B e B S N 1 N H Ve
22 EREBESHAEFES

T M B B RS I A 2 20 38 R S RS AH O P TGRS i vh 27 I B4 W —EH WA, BT H
Tt 2 A AR AT AR, SO AT )2 I N S 3, RS 1 2 U SOk (18] B T s
PREIRG 75 (cross-view hashing, CVH) J5 i, i i F 22 BEZSHs RS P RIBEZS [ AH AUV ) R BEAS 2% ) A )
WEAES. SCHR [11] $2H T —Fr b & A ALIA 75 75715 (fusion similarity hashing, FSH). 1% /5 15K B A A (1) 5 T B O Rl &
AR RN B A JL W 2 ) v, R 7R e Al 5 DN A S A IR R s 75 7 28, A2 S R N Sl Rl A ABL R 1)
R AS. AR IR R R ik, e ATTME LA R 2 AR P 1 s B R G kv S, S LASRAT AR R
R RAZ A, AR — LU TR FE A 28 I 4% (deep neural network, DNN) 1977 A3 . X 2877765 ] DNN )
e S AR e VE S A SRS TS B b ) 2 UGS L, AT SRAS M i S R IR 3k . 9, Sk [26] 2 T8 I B R G 1
IRz BT A M 4% (unsupervised coupled cycle generative adversarial hashing networks, UCH) 1l i F MG
FAIEIN A 25 K27 21 48— ) B RAL. R 4 N Ec b AR A5 R (5 R, SRR [12] St 7 — T g B 1 A4 jeony
PralEE RIS HF1 (unsupervised generative adversarial cross-modal hashing, UGACH) J57%, % 7727l 78 43 F) FH A ek
UM% (generative adversarial network, GAN) [1)JC 5B 3R 7R 2% 31 e 1 RAZ IS LS B s FE R L 25 015 B,
4SBT G 1) 2 JES A5 g Bth. S0, SOk [17] S T —Fh H T T0 I B S S A0 2R 10 22 B A2 A ot s 75 U7 ik
(multi-pathway generative adversarial hashing, UGACH), 1% 7% 7853 I T A2 B B 25 18 G I B s 2 21 e,
DAAZ 0 5 RS Bt vh WS P T S5 A1 R SCIR [27] 3210 T ol (1) B 38 I 26 RS2 A D12 4 T 28 1 7 SCAE 4 Smgs
DA% 2] TAEERR, FEBE T — R ARRRR I GRIEAR B (9 B AR A AR, DAs/D —AEAL S IS B BR. (2, X g
T BN kT BRI 28 A I, BAT AR s (K I () A0 2% ) 53 4, HEDUHT T~ R BEA
3 ETHMNBRESKRAEE

ARG TEA A 4R ) T B T I S RS G A . LR P A A5 ke I AR I A 11 i) G IR, FLO A
AR AT G A 22, 2S5 A AT I TR R B AT SRR 2, R R R A G T S S e 5 2% ).
3.1 [l A

Ay S R M IR 9 A I A IR, A SO R 2 3L A D = i) RR— D RAT N AN SO 0 25 8 R
B, Horp i, FORE JABURFEAR, 1 RORES jANSURREAR. ¢ N i, N SCARRIRBUOCARRAE, 3w il — AN I SO

PSRRI A5 2% 2 1R H I AN ] IR AR PR AS DL bl 0EAT S, DRI G 55 AAAS ] (R A 2 it vh 22 ) Bl e T
RRLAS RS bR K020 RS LB 7 = (i), RISCARBES 7 = (1), BOR B A RIEHHRB ), B 7 K
RT L d,, Horh (50, F£(0,) 4350 BRSO A [0 75 50 5 ©, 1@, 43 3y 13K 16 ik 440X 197 1 190 4% 2 4
o= () R = () SRR SCABES 0 RAE K = ) € (-1, +1)"5 By = fi() € (=1, +1)" ;s LA
A A IR BE . 70 2 B IR DA 23 0] L, AR SO A B BAG A TR SCIRE AR AT et ST, 75 WS AT Rt AH BLud sy, B
AHRGFEA LA G R A AT TR AL EE . A 7 B 5, AR SO WA < bkt > SRIF DU IR RS : d (W, 1) =
% (L— (R, hy) . AR, AT AR < Bkt > SRS b R 2 TRI R ARBLEE . e, 6T LA BE ) — ki fd im i b, HC
S0 M B = VI PG RSB S R B B cosny) = Am ) =
%(h",h’) s Il 45 x 9 T
32 AIRORER

TEA S, AR AN 2% 2 R TR L, BR T IR 5 =M%, Hoth ik |2 = 2 J5 )= ReLU.
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WA — E G B AR S B BT W6 A5 2 AT A WE A J2 H tanh FOAF 5 BRI 8K sign () MR HARH, PL—AS
FEA B, o HA N AT EZE I 2845 21 5 J5 — )2 A B A, PR s tanh 4 BROE B [—1,1] 2 18], 285 74
#4 tanh % H 7 B AT IH— AL E N sign () £330 ZAEAL A, sign () BRI E LU0

+1, x>0

sign (x) ={ (D

-1, x<0
A5 B E sign () AN RS AE A 0 2% AN e LR P BE BE R BRisd AT Db, A At iz il f, 2 SR Y L3 X
1528 (straight-through estimator, STE)[zx‘MiﬁﬁﬁM{. FLARHL, 76 W25 R AL FE I, B K sign () N2
P2 (1 H 2, LA (A P25 (R o, SRR R AR5 IR 3RAE sign (x) T B3R DURAL 485 75 R 10 4% 3% I,
HH T sign (x) ARE B AL, Bl IRATT4 % =1 LATHSERR B, AT vl R FRE T BRIE B BT I 2% S5 2, 11
ST, AT T sign (x) ~ x HEATBR & VT
)2 PG B SRS I 25 (R B S — SR R 2 R, B AR A T S 1 e e A A O A G ). 5 LA PR A
SR SRR, AT UE A5 J2 B R A SR AE AR b nl s A5 38 T (477 5, TR AEREA 2 A R rh 3
MBS 8. T, AN 77 1 6 SR v S50 H AR O] 25 8] (0 453 A, 3RAS SE AT I R e (A1 4.4
RS TR).
3.3 ETHSERNBESES
R RSB T R T AR A5 R, LA PR G M I RS e A O 1 IR BN N 58 B — i
R 7 R AR S I 1] O (kN?) RIS [ 28BS O (N?) , Hor k A = s (W e AN 4. DA, BRI T %28
TR AR ORI 5 S . 32 SCHR [30,31] JA R, ASCH T — ikl Tl s 1) 18127 21 0 1%, NN sl b Repe 2
SRR R DA i R A A P, DT P DR R e LA s ] ) .
58, MV TB DL m AR R A = (i )7 = () U 4,7, BRI BLR
Sl FT I 2 RS HAR AR T BE AL B m S B SOMAE A BG4, D A BN 22 B HHR, AR SCR A fEAR P
WNGRTT xS P2 I S BEATARAL. B, SRS E 4R O h BENLHB LI n A P SO0, 4 F— AN 2k 10 P SO0
B =ig. Y, » SEH B, B D n DAERMBHLR T, B T ARG BN UHRAE— DLEE. i
fldeid, A AR S N B = {i,1),
A AT A S A S L B AR, S SR AR SRR RE T SRR BT R B R xS
a’ (x € {i,1}) HIATABUE:
{ cos(a;,xl), aj € Ni(xp)
Sy = @
0, oAt

o, NG () 3RS x 75 A P kAT ABREALR, AALBEAERE $* = [S7,85,..., 80 e R AR JA, RIS« vt ds i
(IR 7P W
W3 = cos (S5,57) 3)
APZAHLE 7 W TR — 1k, WA G+ = (D) 'w, Herh D st s, HIGx e 3 2 Dy, = Z“ W
S, R FHAZAE S Hh i BEGORI SR AR (BA I ] DAt — AN JL L

P= %(af +G) @)
WAR, AL L Z;Pﬂ =1. Bk, Py ATRARIAEE AN SO0 (i, 1) 558 1A B SO0 (i, 1) AR DG EZE. AH
IS, AR L RO T RS GRS (R A A
. eXp (cos (h_"].,hj))

jl Z;lexp (COS (hlj, h;,))

5
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AU, AHERFE] Q" . ph T T EE A L) 25 18] (K AR 0L P sl A4 - e i A (RO AR BLP G, B Q7 A Q7 3
TP AT R KL 808 (Kullback-Leibler divergence) LAJSE f 73 W 2 [R] R AFALL I 5 4 A\ 20 1) RO ARABL I 22 ) A B
Bll: £ = Dy, (P|Q") + Dy (PIIQ7) = H(P, Q") + H(P,Q") = 2H (P) , Xt H (x) 29 x W4, HLH (P) i 30 KUk, wT LIS
B R B R

LI5S (s piesc) ©

3.4 BREHFFS
ARSI Ay 2 2 5 N IS B R AL S OR BT 8, ASCHEIR A 27 ) I R b SNBSS . Bk, A
SCRH = TeHE P4 2K (triplet ranking loss) fff 5 AH A AS KA BLISE 46 28 AR A SGREAZ TR TR AR ADURE K, AT 47l
PRESBESHA PP RL 5%, X = Ie PR R RY = g (i k) g (i k) > 03 # 1 jil = 1,2,....,n} , LoF1
(h‘ h’) = y+cos(h’ h’) cos (h’ h’) v (0 <y < 1) A58, HCLRR AR SSREAARALLE 5 AEAR SRR AL 2 24
Ty, AT PRAEAE RS B HE P oA A IR AR ARAN S REA T, 2R, ANHER 2] R 2T B3k H AR, WA
B DA A DA S ST 4 = e e i R T

L= quzlf 1| & 7<" If 1| - ™
Horp, IR R ICER AL
5 BEiEMK
g FRTIR, S UG T AL R R BEHLRAY — HE AT B i N Aol 28 I 48 28 ] Alv o )22 i s — AR o,
IR AR (6) A (7) WA BHUK, RN AP T B (0 < B < 1) BEATA G BB 4R E:
L=BL+(1-p)L, ®)
e, FIRIBBIE T BRIE (1: ADAMP) 30T S 8088, A Bt 5% 1 B,
3% 1. AUCMH (1 & Ab il 7.
N BSOM IR D = (x,y Y, « WEAEAGKIE Ly /D ny SFHSH g RS Hy . Hi A E m, HEAR
Mk U KRS E o
L. BENLYIIG ARSI M 45 240 0,0, .
2. BENLHL N D L e m AN B SO R e Al AR A = {iA/,tAJ}:; = {a;:,q;}j'":l .
3. while K18k do
4. BEALIA D T3P n AP SOR H Bl MR B SO B = (i 1 } =il
5 FFREAMERS, kT4 7 5T 8 '531 AR, 1381 G A1 G, A= (2) A= (3) s,
6. FRHHEAREM GG, TEATE P = - (G’ +G).
7. M PR (5), A3 (6), THHILTH 5@5@%@%7&%} .
8
9

FIH A (7) RS I Pk L, .
KHTBEHURR B2 T Bk, fe /MG 3 (8) TR L LUK 9 2% Z 5004 T S8
0, =0, - a(BVe, (L) +(1=B) Vo, (L)) (x € {i,1}).

10. end while

it A AF 201 AUCMH A5,

4 KRR

I HIE 3 A 2 AE R 2 RSB 4 (R, MIRFLICKR-25KP? | TAPR TC-12P% I NUS-WIDEP™) | J#
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TFS56 TP HE H ) AUCMH #A 3%bE.
4.1 HiEgE

AR SCR A SCHR [26] — R FI AR SRR 4y 7 v FLARHL, A B 4R 4y AR R IE R I AR B o), SRR R R
LA S A . (AR T IR, 0TI W B T2, 2R PR 0 BT B 35 S JL N 2R Tioxt 1 B ol B A
2%, B R R EE T B LIEEL 5 000 AN B SO A FEINZREE; Mk, BEALH MY ZREE P EEL 2 000 AN SCRHE A B0 1E
S, BB GG BN 1. B TR, AN R A5 AR 1R AT 0 B2 A 2.

R AT IR SR S B

e Fak RRE TR TR A4 s REAIE 4 FE S
MIRFLICKR-25K 24 18015 5000 18015 2000 EIGSeA 40967 VGG, 1 3864 BoW
IAPR TC-12 255 18000 5000 18000 2000 BME A 40964E CNN-F, 2 9124 Bow
NUS-WIDE 21 184457 5000 184457 2100 EIG e 40967 VGG, 1 0004 BoW

4.1.1 MIRFLICKR-25K"

EHHREE HH 25000 A B SO 4 AR, e A AR B SO AL TS — 5K R T2 B BT X B IR 22 AN SCAR KR 28, [R] IR
SO I A S BRI A 24 dEI 2 AR R ARG RS B ST BRI AR, X e
PRI SCARR IR Z S, T4 20015 ASSCAN T AR SCHIIRUE SR . b A LA, 2 Bn e, Spok Iy e il
YRUFH 19 )2 VGGNet ™ HEHUH 4 096 HEFFAE ) S AT 2R, XN SCA H 2 912 4E BoW [f] £ K.

4.1.2 IAPR TC-12P4

EHHEE H 20000 A B SO AL, A BISCHE 255 AN SCEAI 2 AR 83T AR . 5 AL SR EA
[, IAPR TC-12 i WAL AR BEAT TARE, TR EEAT bR, B B BAR AL 15200, &0k B e T 2 1)
CNN-FPHLHUH 4 096 4ERFAE [ SEEA T3R5, %R SCAS H 2 912 4E BoW [f] K.

4.1.3 INUS-WIDEP

ZHAR A BT 269498 5K W T 1, AR B B IR SCAR RS, JL R A SO IR HE N R, —
AN SR TARTE A 81 ANZEHI R I — A AFREE. BhAb, 12 AR SR A AR5 AR A, WA SOAUE R R T
10 A5 W BI AR AR AT SE86, JEAT 186557 AN AT, 15 MIRFLICKR-25K AL, 435K & Bl Tl 25 471 19
JZ VGGNet™ 2 HH 4 096 HEFFAE [A] S 14T FoR, XN SCAHT 1000 4E BoW [l i /.

42 TWEWE

AN SR I W R A A R AT 45 LA VPR B O Mk . B0 SR [7,371, 1 5 B 4 P B AL B T I SORHE A
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