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1 E: ARG RIS T, BEoeH HARBFTRMKEA TAFEMIE R GREAFAR 2P AT
AFIE ARG T LR ER L. A GRS A TARE AR, IR A5 £ X AR AR P3R40 AR 4 35 15 &,
Tl AR KB R A LR KRIROGEXZ & R, A P ARE b S A A5 7, IRB) T X ke iat. 3L
FY| 4 A ARAEA! (do CLIP) B &-45% 69 BR- AT 4 4. b B &, A1 K CLIP RMALR P 474, FH4% h —AF
CLIP 3| 4725 4k4% 6% 55 Y5 BwA-4 77 i% (CLIP-guided tag refinement hashing, CTRH). 3% 7 % &4 3 N £ &R 5 47
A B BARS . ARSI A AT TR K S A0 ARS B SR E 10 CLIP 3248k B R R IR 6 B A AT S 472K
AL A Rl AL 69 AT BR BATIEAR S D BB R L, 5 3] PIA M B R T A3 A P ARE 6 0 A T4
FIAL, Rt T — A AR P AR K, 81 3 A A SR AR A xT B KEA A 49 RAES ] . £ MirFlickr A2 NUS-WIDE # 4>
B SR B 5 R U T kAT VOB IE T BT AR iR 09 H RO

FIRIE): B & 55 BT T 4 % AR S AR R AR AL

FREESY S TP391

s R R 2R, &R, TN, E S BT CLIPS| SARZE AL 1 95 B R a7 . 3254, 2026, 37(5): 1936-1949. http://
www.jos.org.cn/1000-9825/7543 htm
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Weakly Supervised Image Hashing via CLIP-guided Tag Refinement

LI Ze-Chao', JIN Lu', WANG Hao-Hua', TANG Jin-Hui’

'(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)
*(Nanjing Forestry University, Nanjing 210037, China)

Abstract: In large-scale image retrieval tasks, image hashing typically relies on a large amount of manually annotated data to train deep
hashing models. However, the high cost of manual annotation limits its practical application. To alleviate this dependency, existing studies
attempt to use texts provided by Web users as weak supervision to guide the model in mining semantic information associated with the
texts from images. Nevertheless, the inherent noise in user tags often limits model performance. Multimodal pre-trained models such as
CLIP exhibit strong image-text alignment capabilities. Inspired by this, this study utilizes CLIP to optimize user tags and proposes a
weakly supervised hashing method called CLIP-guided tag refinement hashing (CTRH). The proposed method consists of three key
components: a tag replacement module, a tag weighting module, and a tag-balanced loss function. The tag replacement module fine-tunes
CLIP to mine potential image-relevant tags. The tag weighting module performs cross-modal global semantic interaction between the

optimized text and images to learn discriminative joint representations. To address the imbalance of user tags, a tag-balanced loss is
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ZFR 5 T CLIP 5| $AREMk AL 049 55 B B 12 0b A 1937

designed, which dynamically reweights hard samples to enhance the model’s representation learning. Experiments on two general datasets,
MirFlickr and NUS-WIDE, verify the effectiveness of the proposed method compared to state-of-the-art approaches.

Key words: image retrieval; weakly supervised hashing; multimodal pre-trained foundation model; tag refinement

TE 55 BBERINAS, BRVE G BAL B R BBy, 2 0 AT T AL A LA, 78 M 0 DA S RATT 2040 e 45
FKFE, A TR EREEE. Wil Jox iy & BE s 8oF RS HER R 25 H P fF R eSS A%, SN
TS (5 B 2R 8 BB AU 1 2 BT 72 7 g 2 — U,

FIEAL R B AR P N B2 R, B A R 5 A SR A MR, e, i 7 BOR PR L R i 2
MO S AR SR FE ) ARG 7, TE PR ARAP R RIS AR 7 T R IS, 432 B T R RAT 55 v PL 4R
TRPE 2 ST R I R FEAHES) T IR BEWS A5 D7 i 0 )2 B 72 B, o8 Jok it 380 i OO R A 2 > 5 W 75 A BB 2 A, A R T
THRERVERE. SR, SRS A 7 VR RO I N CARVE SR, SREUSAS & B, BRI T e se A k. Dy, BF 55 %
FRH T 2R B R B A A iR U, AR TE T AR RR 2, (HER TR A ]S, AR A 5T B 1 0 A RD 0 5
A

NGER LR, AT T R 4 R P R A SOARBR A A 55 B B AT B AL IR, X bR
T — BRI B2 A BRI TE LN A, A B T BRI R N AR TE OO, FR S TR R VR RE. SR, H T X B hRAE AT
AL 15 R P9 A S MR R P e 75 1 U8, BRI 7 B A 2R P . D T BRAIG R P B A T B IR, Wang %5 N (P
X H P RRAEHEAT 0L, 18I B M BB S AR IR N 2 TR)ARABL AR R R 1) S, kA 2 5 MG BAT R RAH R
PERIAR I M AT AR 2R &, RN AER & B BRAR A S NIUARRE . H T30 25 B MG AN SR Z (R 38 1L, IR T
SCARBREMRACI . BEAh, Du 55 U R JAL SR 2 ST BGOR ST 2 Ta] i Sk, of e 25 A ok A 81 P AL
H, FRIR I AU BB A Rk T S BRI A AL 15 2 IR SR BARIRAR T — 8 IR BRI TT, (RR A REA 2
i R P R A I AR, A AR 20 3 B TR R R A L.

ILAESK, TR 2 A TR AL U T2 TSRS R . W&, K% %. Hh, contrastive
language-image pretraining (CLIP) 5 7 USR] 1 Y €8 f) PR - SCAR K 55 8 7110 46 3% 53 CLIP 3T M HL IR RIS 1
4 ALK BB HEAT ISR, P23 M 2 SRR S T % WAL SRS 5 18 SR, IR R, AR 248
CLIP 205 (W 2 A AR 5 PERAS XS 5 68 77, % H A SR 4R I SR AT S ARVE 518 SOk 4, FR4S G IR R I SUAR £,
TR 22 KRS ST ELATL B iR B SO R R SR IA R

U, AR T —FhEET CLIP 51 SARZRAL G 75 15 5Y (CLIP-guided tag refinement hashing, CTRH). %/
15785 R CLIP B & AL SETE SCHIR AR SIS BEAR AR 77, SR 5| 3: 35 I BRI AR AL NG % %% 3] i F2. CTRH
Ti i 3 ML O A 55 I B AR B 55 B AR S IRBUR S AR B PG 45 K. 5 B AR A B s s
TR CLIP #7843 fb & H TN 2R T S 40, St BUG PR I HERE, 18 i BB S AR 48 e 22 1) (R AR BL PR DT I, AR A
BONAERI AR AR . 59 I B AR BB 3 W 2 SR B ) MR RFAIE 5 CLIP SUA YR L 245 31 1) SCARFE
SF B —RFAE A 18], CAMG SR EUR 5 SO (A A L, AT 3RAS SE DN == 5 ) 2 RS A 3. BT 0 P SCARRR A8 A
ANBEY, A SCHIN T BR80T of o A of Bl 25 AL, 545 R Y B I O v B2 B8 R AR 25 R 2 2 . FE RS Ay 2% 2) il
gy, IR ARRMECR B 170k . BRBE R A RARIR, 51 MG 7 TG RO RIS R AR 4 & 10TE AR, D9 T BeiE i o7
LA 2k, 72 MirFlickr Al NUS-WIDE P34l F 54 46 B 5 2 R e i D5 VL AT 1 X LSRG, Seif 4 SRR W]
CTRH FEA B I BET7 T SIS T 52 TF, 07 Bk J L AE 55 Wi B e A K 3 AT 45 rh I AL B A

1 H8xTIME
ARSI B W A 2 2 AN TR k2 WA F At KA TR AT A ORI FE AR A1 2.

1.1 SBREREBREFS
55 W B R B N A T 0 ek P 0 2% ) P R 95 B AR ZE, BE AT AR T N DARVE A, NAERBRRIES
RS T RIFERE. BT, BOB 0 55 MUB R A A BUE A R U7 1 B U AlexNet!" 2455 B AR R Sk 4R 1 /&
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AL, A Word2Vec A7 POREUC AR AT B S S, Hvh, RRAR MM R E TR A 55 S
5 IR BE MG 75 (weakly supervised deep image hashing through tag embedding, WDHT) 759 !, %75 1 -4 %) 435 4%
AN SCAFRZE, TR GRS EEAFREE S, RIZRIEE 5 Z B RS T, A v Re. 2T
FE AL ETE X EIHEE (masked visual-semantic graph-based reasoning, MGRN) 17732 U238 i g i@ M -1 SCE, )1
S P4 22 ) 25 FRU B LIS 0 B 255, AT A 1 B 7 30 ) R SRR 2 B & s )RS EPERE B T T, (R
TR E R MBI E R, SEOHE IS BN, BT R AR AL IR B S 7 55 15 B A 75 (deep enhanced
weakly-supervised hashing with iterative tag refinement, EWSH) J732 "R 4fa & 4% P 25 56 F P SR AL i B 8 3E4T 04k,
DASRAR B g e fff (1 55 e BHE B, JRTH, T VETE A R b R 7800 5 R B SR8 AN BLAS 28 B, PR T AR B0
SRS TR SUORBRI 240 AE ). 2T E MBS IS TE R 1 35 15 B WG 47 (weakly supervised hashing with reconstructive
cross-modal attention, WSHRCA) J5 1% U0 338 5 s 7 0 A RS AR AE, DA RSB 08 75 R, R 5 NSRS VR
FINUERACRHAE 22 ) VAT — R EAR T T VERE, PR 7 e P AR 25 B s AL, H JHC 0T e 75 R 28 (1 A BR AT R
B RR, OO B S5 BT AT TR, iEA 2 ) I FE AT AT R S e A TR
1.2 TGRS ESER KRR

BT JUAE, T Sh 2 AR RS HE i A RIS 1 B35 30 S B & U 0 AR BRSO, I -1 5
BERILE R AR . SCAE L BRSBTS R R B Skt A P22, Jh, VILT (vision-and-language
Transformer)!' " /& —Ffi 3£ T Transformer'™, FI - [ W8 2 5] (40 o RIE 55 28 HLAUBE Y, {2520 6 75 it A i
IO 2% B (X 3 2 M, B R B AR i TR A MR 5 SOR I S RS UL AE OC &R, AT 22 2] B5E A B v Il &) 248
775, UNITER (universal image-text representation learning)! *'S% FH 4% {1 e i S, I 9RAN G 515 5 2 18] B0 553K
R, IR T 4 TN S, AR A B2 2 A8 SC M, $2 T3R8 7. OSCAR (object-semantics aligned pre-
training)!' U 51 N H ARAI 23 SR EUG  (R0T SbR S E N B AME XAE B, 456 % HaE 5] 5 FORFE SRS, 3 — 0 ik
PG 15 S0 A 2 18] 38 I, CLIPY S JUISR Y K MBS 6T BE 2 ST HE 2, s PG 5 SO AR H N WS B 45— 38 U a) oh, MA
T S E 1 2  BEAREAS V SON 5% BT N SR R i AE 55 145 %8, CLIP R &5 KM EREATHEE /), e 72
EH T 2R TRES. 2R K, A5\ CLIP Frg & I 2 AR AR 5B X 568 7, X PR HER) 5547
ZEATIRAL 542, SRR A RN BTG SUCRIBRE ), TR TG A5k R PE g

2 KRXHERFE

AR CTRH J7 ik R B8 55 B AR 2 B i . 55 MBAR 28 I AU AN G A5 2% S i e, R AR
BHITAE.
2.1 |G)REHEIR

TETS B A& B GRS RAT 5 o, 8 E IR R 2 NI BURESEMERE. RENEEILHNS, =
(e, Tli = 1,..., Ny}, o v, oG i kB, N AUITGRE TR R REEL, T, Ron 5 x, AR 55 B U4, B
W2 F PR, BARHL, T, = [Ty,..., Tic 1, X B C R BEIE x, BRI SCAAR B 50, SR RS M W4 75 R
NS ={yli=1,...,Nap) FIS , = {(x,y)li = 1,...,N,}, Forhy, FORBEME x; (B AEFRAE, Naw 1N, 73 51 9B e 46
AR RS,

25 8 B x;, AR SO FH G 6% 85 il B R RR AR, T ot e 25 B 555 43 B 560 B2 (10 s A5 0, 7R

h; = 0(frasn(Encoder(x;))) D

Hrr, Encoder AT T ML, frn() TR 245 3 4 RFHE B B 4R S 75 22 18], o(-) TR Sigmoid B bR
#, e R* R KIEN L G A1,
2.2 CTRH B EHELEE

CTRH M AAESL AN | Bk, RS 3 AL 5B R B, 55 BRSNS 75 5 ) IS B
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ZFR % 3 F CLIP 5| 4784069 55 BB 5084 1939

e, Sy 9 CLIP X R I 55 (138 B BE 77, AR SRR T et xe Lt AT S, K 3 5 1) 2405 )R 4k CLIP
SRR, BT Al A AR B AT PR HERE, DLIRAG S HERA 10 SCAR PR RS, AEARZEIRURUIS R, {8 i) CLIP 3L
A SR ZETE SURHIE, JF45 & 2 Sk BER AU, SEBLEME S5 SCARRHIE TR FE A L, A2 e B 70 i 2 46
SR AL A b, Bt 7RISR HAUE OR B 4 R AL BE R, R 5] A A B 2 ) 2R UE
S TFI, SINARRE T K, I Zh AT B AN B, $RTH0 R AR S A RV L.

A 75 2 S A o =
l%%ﬁ% I BR RERTIR
ATk

TAH DA

K1z x,

1
1
1
1
1
1
i
i
5124 ) |
4

it v 5
B & :
SARHEL :
__________________________________________ [ ——-
e o o S o0 o s 0 o 5 G e S o e e o O 1
i — i 0 i
1 v h 1
1 0 " i : 1
i BRCE s |uK V(i } :
! Orina SO ¢ )} & JIHLH] 95 B AR A R !
i JE B R T 0.5 i
i Orerosho " 0.4 i
i H 03 i

| THERIE I R J5 B T i 2
: A photo of T;: Babileta, Flores, Explore, Flower : : 8 1 | i
Ny [l 1 0 ‘ l
i %/l?:i—\‘%ﬁ)\ T Grass, Wood, Flower, Garden : E ® Grass ™ Wood ® Flower ™ Garden :
i i i
1 : : i

: 9 B bR R B b

_______________________________________________________________________________________________

K11 CTRH HI#AMELR R &

2.3 SHIEREERIER

5 PR B P 25 R il BT B i bR 25 AT B 40 59 BRSO SRR, T H AN, A SO B B B RS
FRAABE D KSR 5215 5 B8 CLIP SR 5| S iX — i R, ABEH AR K BT Ao A AR JLAN P BR.

(1) f30i CLIP B, B4R CLIP FR A 52 K AR A TN GE J1, (B0 T (3L A& F R AL 55, A SCE Sext
CLIP AU HEAT . % T BME x, {3 ISR “A photo of a T, /E Ry xS B SCAHER . WO i, A0 B %
AN 2] EE I HL 10 B UIZRE 2 o F AR SR I 0.1 £, LA S g F5 )1 A8 2 1ty A e Al ok oK 1 el )i,
Xof RAGEIRY ) £ AR R 6 s SR S A A 4 T I3 i T SR80 A, A ST P 52 SIS 3 R 0k PRI 2 i 8
A it a5 34T AL X A AIALFEAC A Onetne» JRIALTEIL N Oerospor-

(2) ARG £ LRROR CLIP LAY AR, b T FH A2 i A T 7 1) PR SCARS, 7 B MR e 1t AT
WIZR, AR IR CLIP J5EAG IR SE -8 SCERZ5 1. a2 Brzs, BARTIOR J5 iR A ml DL 2 BR LA SUAR AR 25 F s B
S R RS, LR TS A 4 R S AR A BB A A < AE T e P A A I 18] 2 o 2T bR TR RSO, T R
(S TR 2 2Ry e 2 LA 1) T TN A LS bR 2%, AR, X L6 Y bR A8 L SR AN B AR A s R R R A . AHELZ R,
R S5 AU 5 RGP SR HEAT B 5 AT HERL, W) S S 3R A A 2 rh ek (il B Y, BERAE
BEXMERIAREE. Db, AN SR A2 8 SRR BEAT AL B R, B DI 7 2045 & il s R 2 2 8 5 JR 4R CLIP 13
k28, BaRiEADy:

Otinat = (1 = @)O-croshor T WWrinetune 2)

Forb, o JEAE(H R B0AT AR AR RUSUER 1) DTRR EL 7). 38 2 (04 0 Lo ) mT DA AR B B i 2 2] BUHTAE 55 IOARFALE, g
PR B TR SRR SRR A SR JE R AE 59 BT 55, BUEE Rl 5 T DAGEE G 52 31 A AR 28 R BOR i

(3) THERZEIRI M. AE BB B, A Sl 3 ARl 5 U Gy 0T PR R HEAT TR, J 208 26 00 AL 23 44 iy
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K FIAR3E B e SRR (0 SCABRRE. 9 1 FETH AR e 1) R0 1 5 38 B, AN SRR JRUA6 SCAS FR 28 8 2ot 5 v 107 L
PRAEEE AR B DL &5 T B K AR 45 SR AR AR 38 JCAR MTAR RSt BLAE % WAR RSB, WKE K 10 BN SR AR AR 2 1
B B (T

K= { Count(T; N Toommon)s  if Count(T; N Teommon) > 0 3)

Count(Ty), if Count(T; N T ommon) = 0
For, Togmmon 8T WCARFRE RS, Count() FnTH B HL. AER ) L3R J7VEHERRAS B BT K MR 1S 12
AR EE B 2 bR R A AR S I I A R 0. Q0 3 B, AN BUR PR 5O R I B TE AR
I, 55 FEAH 5% B SCAHR A TE T 25 R v e 3115 0 e ) LA B 20 4, AT AN T . X 8 (B 25 R o T i)
i 8 A AR B2 AR5 1015 45, S EURA S BUR A A% VIR IAREE (R 25758) R Aedk Nl K MREE
fe e dl, i 3 A A IRATR.

GUAEFRZ | zoo, mariposa, butterfly, ...

0 J5 TR FR2% | butterfly, garden, nature, outdoor

A 5 ARZS | butterfly, wild life, nature, plant

HAHFRZ animals, flower, plant life

B2 FIF A BUE K CLIP AR A HEH (1) SCAFR 7~

FLETMHEA AT K ADMAR2E | THERISI S0 f5 S AR

« | people: 63.04% * | woman: 8.30%
e | woman: 13.01% * | people: 8.02%
« | bride: 3.24% * | sky: 7.06%

o sky:2.26% ¢ bride: 6.78%
o « outdoor: 2.03% e field: 6.32%
FUERR: ’ ’
clouds, female
people, sky

B3 ERSKIRI AR B R SCA AR R

R R B S B AN [ 2R 3 =2 T (AR L, AR SO e 5% 2 0 2 T 0 U AR R SR A T A S 4k VAT =,
SR Rl A E 05,0 7592 10 EURHEE F, € RVOS12 5CAFREIRHIE Fo € RS2, 23 5I3EHT L2 H—LALFE. [E 5,
I R RIE 5 AR AR Y 78, BT BT R AT, M R AA B I20 W RAE F, e RV OS2 %5t fEm] &
NN

Fy
F, = expand ( Qexpand ( X ) “4)

Fin
IIFlmIIz) IFwll>
Horh, o FOR BB TR, expand () FoRYEEY FEHRAE. ZJ5, fH CLIP BURKHIE F, PEIZABRICHRHE F, e R™"
HSCARFAL F € RO THEAIPIE 7340 s € RV

F. Fi !
s = Softm “"[”F ||2(||Fm||2) ) i
S, T e o B RS B T S AR OUE 40 R B 5 0 L8 3 SR w e R
o g (6)
mean(s)

Horh, mean(-) o REVEIB . IR JE xR DNFAEANEL, FH LI YE L RIE A %I 52 HAM S ma i) T AR
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ZFR 5 T CLIP 5| ARk AL 849 55 B B 120b A 1941

5[;%@5 Fr € R1*50%512.

F, = mean(F,® expand(w)) @)
BT RS F, RBRS2 28R I TURFHE F, 7T LA 3B IRk & 3R AE F,:
F,=F,—expand(F,) ®)

FIF LR A B HT LA RAE F, € RUSCCOS12 GEATHERR, ) LAY/ 235 bR 25t HAAR 22 A S M. AR SOx & 3%
I B PR 2k FE AN RS AL 248 B2 SR 2 {8, R F, e RVC T, B0 B m RO D K MARSEAT i 1O B bR 2. o 3 o
SR IR, BB LIS 75 B AR 28 rh A £ IR 5 25 S ) TOUI AL 7 BE1R e (EL HL A SO AR AR AR 1 0L, 3
A5 1 P A AR S AR A S 2 2 R T DA
2.4 SHEEEARZEMMANIRIR

55 M B AR AP HER H Transformer B P ) 22 5k BV LSRR B R AL A bR 2 2 T ) 4 R AR
B ARSCE SR e A A L H AL ZR LN Dy 512 ERORFE v:

v=fe(h) )
Hr, () FREHE. FN, FIABESHEER CLIP AL A 4L J5 FIFR B FE 40N 512 Y- SCASRHE £
t = CLIP®(T) (10)

Horr, CLIP™ o0 CLIP [SCAGAS . Xt T MSA H RSk o € (1,2, h), #3473 IMECEIERE we. wE. w)
AT 0, K, RV,

Q,=Wov, K, =Wk, V, =W/t (11)
B AR B I AG B Y EE A v, SR B R Z,:
KT
Z,= Softmax( Q\?d_: )V¢ 12)

Forb, Vd, 4R R TRE G b FRE VI K B B AR IR 1R/, d, S K, FRIAEFE. K BT Sk (¥ b HF A — 2 0l
AR E A B R E Z, TR ERIE A
Z =Concat(Z,,2,,..., Z)W, (13)
Forr, Wy RN R BORLE . Dy 1 1Y 58 R HRFAE A AR 2R 2k i ), X B — AN AT I R 43t — 20 b PR AT e
Lt H IRREAE, FF AT IR 250 AR B A N SRR 1
t'=Z+FFN(Z) (14)
Hrh, FFN R0 4%, FEAFERAEEZ . — N EIEZE A —A> Dropout F. 55 1 MERZN 512 4E13C
ARHEY & BB I 4L E, Do s R T8 2 AR 2R 1 AR He I P RE. 0E 2R A ReLU 0 ek 4005 | NIARZR 1%, 385
B )R 1A RE 7). Dropout J2 1] LLER i B (1432 1b g
2.5 MHF SRR
TS FI I R RS A D, AR SO R R BRI R A AR O B SR O B AR E P 2 S I .
(1 CLIP FI IR 2 B FIIR. EAb, SINFRAET- M40 Rk F SR G2 AR 25 AN~F-f [ .
(1) EARTR R ZH 8IS A A A D B RS T 0.5, A A e s A (B oL —EAK, TR IA S R B

N
3
L= 7 =05l (15)
i=1

Horb, ny FOREUG x; IR A D, N, R ML RN, L ARG 75 T b B FURF R, 10 15 0 A Bl R 48 2 A 4 1
I & AL R K SR T W DR IE SR RHEAE — A R BRI UE R TR, 5] SRRz e ok, 8 — (A
SR FEE 1 2% 1 T A

(2) BUEERUR. %40 % AR Y e E 4R AE 23 18D 0] 55 A 2K (14) T SCARZRIR r AA S (9) s A i B A4 1Y
PG v SRAG 92 A T R 4 3 BE 70 200 R i S U o
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Liinge = i i maX[0,8+ | tTviT t'*ViT J (16)
2

i=1 j=1,j#i I;‘ V,-2 Ht,* V;

Forbr, & S0 S SR T4 DT BC XS A0 VT S 2 8 0 5 /N ARMLLEE 22
(3) MBI O B 453 5. 2 8 SR 000 15 AR A AR 6 15 5 22 18] o O B AR SCAE SO TR R AR (B O &R, AT i 2
JR KIS A T BE 6 A BORIX SR AR SCARIIE 5 5 B L AAERIE AN

N, Ny l ) 1 tl*t;T 2
b= 3, 3 1=l (1= | )
e,

BRI AR AR AL A 22 [R] AU PA B 185 5 A 9% B 8 EAT AL A
(4) PRZPIT IR, T SCARRE AT AN 2], S BUR B I 5 Sk SRAR 2. Dk, A0 5 A bR
P I AEAIS B AL, (LG AR BN ST R i bR B8 ) 5 51 A IEAEAS EE AR I TR T A v O A B, [
RN SR AR T IR MERE A R8P B R T S RE sU i R s
log [(J'[—tzviT ]
L.

#4,T
1—0'[—20% )
t: 2 |v‘. 2

Hh, g PR T, C RETMRALE RBFR 4L T P I9ZNEL, T, R BE R x, 76 T R BGRE 0 &, S8y
FE 9T R T P T R R HMERE A DG FR IS, o () o Sigmoid S BR#L
B, ARSCHER B AR R B0 BToR:
L= ALy + A Lijnge + A3 Lgie + AL (19)

2 2

m C

L=t 3m

i=l c=1

(18)

Hor, A B R AR R T
3 SKEuSTHh

T B AR SR A A S, 55 B MRS R AT A 1) AN SR 4 MirFlicke Y A1 NUS-WIDE® I+
BEAT XS LS BR I0IE.
3.1 LIHUHRENA

MirFlickr R4 T 25000 5K E Fr, 4024 38 AR ik A HE T —Asi#E 24K, JFHaE T
A e B 1 B AR AR 59 IR B AR A X B 55 I AR A TR RO LA 1386 B, A BSAE VI ZRid R i g A P
PRALI 55 I B AR, XS ANFRIE 1 38 Fh ELAEARZE R A 0] WL 0. A SC A BEALIE L 2 000 kB H1E A B ) 4E, ik
R 1B A e SR A 254K

NUS-WIDE ¥4l fE % 269498 7kl Jr, 81 M@ . 5 MirFlickr 4 A 4H L, NUS-WIDE #4551 5
TR R R 2 AR, 3 HINA SR EE R 55 WBARZS. A SCGERA T 81 AN P LAY 10 N5, BILaH
181365 7k . N BEHLIERE 5000 7k E A 1E AT WAL, HRE T 1E AR EE, H MBI ELEHIER 10500 Tk
RERIIZGE.
3.2 IR iEtRFIRTEE A

T VAR IR T VR 0 R, AR SO — S A 0 5 i AT X B IR T VA 3 R IR A vk (LSHP,
SHPAT ITQP™) A1 4 Frifr i B AR MR i 55 & 3% (WDHT! ', MGRNM2, EWSH!" /1 WSHRCA!"Y). &3¢
KT BMGAT ZR AT T 0 4 FhpvAl 77925 A 5000 MR &5 R IR (mAP@S000). B Rk gy Ri-¥y
KB (mAP@all). A N MR BHMEAE R 22 (P@N) FIdER 2 (a9 Hi 2k (PR).
33 XWRE

AR SR TR AlexNet 2545 £ T W SR BURF I RFAE, #2614 — A Sigmoid o HUMIE G A 403k
B A AR, EME £, A% — N Leaky ReLU BRS04 822 . XML 018 5 858 CLIP 1 F 1AL
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HRZ VIT-B-32, il #2 R H Adam 1E RS, 212 &E N 1070, IF BAF 10 FFFC R 0.1 £5, —F A1
AL TR RO 4 2 0.9 F110.98, L2 IEMMLZH 0.001, YIZREEIRELE S 30 RIER. 3 o XT MirFlicke
YRR E Y 0.5, % T NUS-WIDE #3421 B 5 0.25. CTRH 1§ SGD Ak 2%, SR EFEEL ) 3 F M4 AlexNet
HO)REEN 107, BAZMEMZE R EREEN 107, 55 0B ARSI BURHL) %2 2] 8 2x 107, 7E MirFlickr
BAEEE, 0 =0.5, £=0.7, MFE NUS-WIDE #3545 F o =025, e =0.9. HASEWH M EIEE BN A, =4 =1,
=10, 2, =15.
34 LWWLERS

BT H AT EE T 55 B S BIR B A A BB AT R D, IR T 55 B I k2 4h, 165 3 Fheis & s
AT, N T AR, A 779200 TP 28 2048 F AlexNet SRIRBURFE, A SC T 77V BRI 43 S2 AN 2=
FTA] CLIP B2 (1) EURAFAE. IA A5 D 1K B 20 5 % BN 16 bits. 32 bits. 48 bits Fl 64 bits. 7 J5iE7E A EIHE
R FEIG A 0K B K mAP@all W3R 1 fiR. Hodh, St gl R CinfiRor.

# 1 CTRH FIHARTTIELER MR HH) mAP@all (%)

, L MirFlickr NUS-WIDE
Hil 1k ETHA 16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
LSH 5623 5775 57.72 59.13 3634 3825 4021 4267
AL G T W B a5 T SH — 5954 5873 5878  58.96 41.16  43.84 4247 4175
ITQ 6482 6557  66.03  66.17 5432  56.16 56.94  57.35
WDHT 66.43  68.62 6943  69.02 5592 6334 6072 6234
MGRN 69.78 7045  70.81  70.60 62.08  63.52  64.13  64.01
VR B 58 W R A S R EWSH AlexNet  70.12  71.63  71.83  72.08 6432  64.14  65.08  64.87
WSHRCA 7203 72776 7379 7291 6595 6741  68.09  68.23
CTRH 7221 7403 7538 7537 67.79  67.63  68.49  68.96

MsEa gt Forpa] DUE H, A5 CTRH FEAN R MG A B K B 15 B Hp ot 99 K0l 395 48 MirFlickr 1 NUS-
WIDE {46 2R 45 T BAR T U TR FE 55 W BH A 75 77 vk, 78 MirFlickr &, ANSC 7256 b B A Z AT R w1
B EAEA RIS A RS FE I B T390 — e 18 Tt, “Piem 7 1.4%. sk ml W, 51\ CLIP 5 A1n LI 2051 555 %
FRES AL, 3 ELRE A 0 7 T B R8I, 2 SC B CTRH RSN b A 77 vE (4R Tt T s, X i B 7 A S 7
PRSI R R T 2R G . Hop, SIS ARDK A 48 bits VS T B I IR B L IX M
BRI 75 B K AN SRR AR LT, 64 bits K EIINA AR o] BEAFTE—LL TR IUAG S, 45 FORE IR AN 48 bits G
At BT 505 240 NUS-WIDE 4, AR SO EEA R A DK E 1R E NP3 T 0.8%. Hh, 7205
ARG E N 16 bits BFHETE T 1.9%, (H &R WA A BK B2 38 0, $2 70 B2 ST P37k 7. IX AR R NUS-
WIDE 4 11 P 258 58 9 52 2%, Sk (AR R ZE AL 02 73 S R BRI 38 B8 22 [0 TURARRAIE, AT 52 M BE (A PG 75 2 3]

SoFF P S , L6 T AR 2R R (R0 T HR K 58 50 9% O R BT — 3 20 AR R 46 I, DRRAE AR R AT 45 1 /T 5000 4MIR
5] 45 RIS 35K 2 mAP@S000 & 58 0N ZE 1 FA FaAw, W3R 2 Fras. Hodp, g R O FRR.

%2  CTRH MIHABTTVELE A EHE 4R £ mAP@5000 (%)

N N N MirFlickr NUS-WIDE
Hl 1k ET R4 16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
LSH 57.24 59.19 60.03 62.53 41.09 47.17 52.69 57.81
A& G TE B 75 T 1 SH — 60.17 62.76 63.66 63.59 56.02 63.62 62.81 62.38
ITQ 70.15 71.47 71.99 72.21 65.98 66.90 67.56 68.72
WDHT 70.83 74.32 74.91 74.70 60.64 69.51 70.39 68.86
MGRN 75.35 76.51 77.04 76.89 73.59 76.85 78.04 78.55
VR 55 WA B 7S T VE EWSH AlexNet 75.29 76.99 77.57 78.16 72.26 73.72 75.86 77.37
WSHRCA 78.08 79.22 80.32 79.46 75.66 77.80 78.68 79.81
CTRH 78.80 82.66 83.33 82.98 78.19 78.50 78.98 80.61
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£ P9 38 K B o

WA IR 2026 5 37 K F 5

, {16 bits. 32 bits 48 bits 1 64 bits & KA AL XA 7 E#AT R G R, 4

ST IEAER AR AR T N 3. 7 MirFlicke A1 NUS-WIDE #3582 b, AN [ W4 75 RO KK 3 0 B R ok L B R e A 6 5
A RIFEFE T 2.7% A 1.1%. X P T AR ST R J— 3 R R 45 A6 S D B R, 3R R D 7E 32 438 5 o4 1
B 55 W BHE 55, AL AT DLSE 7 b R N R AT G A 5 2] (R T NUS-WIDE #8454 K v 75 1 (1 1,
FEFH IR FE [FIREAR TP 350K P

A& T MirFlickr Al NUS-WIDE $E8E7E 4 A FRS A 1K T R & 071 P@N M2k, Wil 4 FE s fir
N B, 3 FAEHEAET 1000 IR FME N AR SCVETE AN SR S E#0 T I0A /5.

— LSH SH — ITQ — WDHT — MGRN — EWSH — WSHRCA — CTRH
09E 0.9
08— e | —— ]
§ [——— | gos — 508 — 508 ——
B07p | 2 2 2 ———
£ & 07 , & 0.7 & 0.7
06k ' S — I
IS w—— 0.6t . : n ; 0.6 L . : n . . . :
200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000
Number of top Number of top Number of top Number of top
ranked samples ranked samples ranked samples ranked samples
(a) 16 bits (b) 32 bits (c) 48 bits (d) 64 bits
4 FITVEAE MirFlickr Hii 4 EA RIS AR P@N 2k
— LSH SH — ITQ — WDHT — MGRN — EWSH — WSHRCA — CTRH
0.8 0.8 08 0.8 F————
0.7 F I |
g | 50—~ ——| Soi——e—— | &
506 —_ e g R |
107 N ——— N e x 0.6} , . . :
" 200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000
Number of top Number of top Number of top Number of top
ranked samples ranked samples ranked samples ranked samples
(a) 16 bits (b) 32 bits (c) 48 bits (d) 64 bits
5 %757 NUS-WIDE #(# 4 AN [FERG A MK 1) P@N #iZk
ARICEPFAL T #4772 4E MirFlickr Fl NUS-WIDE i 58 b AR e 7% K 2K PR 12k, W1 6 A1E 7 o, AT

WL, ARSCTT R e AT R U TR R R T

Precision

— LSH SH — ITQ — WDHT — MGRN — EWSH — WSHRCA — CTRH
0.8
=08 = 08F = 0.8
0.7 Z = 2
507} 307} 507
& £ ; o ;
0.6 ¢ 0.6F 0.6 F ' 0.6 F
0 02 04 06 08 10 0 02 04 06 08 10 0 02 04 06 08 1.0 0 02 04 0.6 08 1.0
Recall Recall Recall Recall
(a) 16 bits (b) 32 bits (c) 48 bits (d) 64 bits
Bl 6 & i%AE MirFlickr 2B 4 F AR AT LR PR #h4E
T N E R A A R R N PTAALES , A SO B SR B ET 10 MR g RIS E 8

B, Sob, SREAERRIERE AR R IEMIILER, 20 EAERRIE R PR AR MO . e o I, K SO 35
B 7 S U T DA S 5 2 A R AR,
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— LSH SH — ITQ — WDHT — MGRN — EWSH — WSHRCA — CTRH

0.8 [
N
0.7 _07 0.7 ™
]
:% 0.6 £ O 6f 0.6
3
Zos \ a 0.5 0.5
0.4 \ 0.4 — 0.4
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 0.8 1.0 0 02 04 0.6 08 1.0
Recall Recall Recall Recall
(a) 16 bits (b) 32 bits (c) 48 bits (d) 64 bits

K 7 K J5EAE NUS-WIDE #0445 _E ARG ALK B 1 PR 2R

2l KR top-10 145

8 I 10 MERES RIVHR R

B TR R AL R E R AT Ah, AR AR R AR5 v, I TR] 5 2 (B O R R 1 R s F PR A0 s 248 b, UL
FEAEARTCGIN T 95 B R 28 B AR SR S S5 B, 753k — D IR AR SR R R v (1 2 R B A5
VLIRS, X LR AE I 2B Be 2 5004, TR DI BE, A28 0 O B R O e A i B I 2% P T i 8K R AT
At 2 B (R B[R] 5 22 ] 28026, AR SCHE MirFlickr A NUS-WIDE W AN 4 23 BIMIR 7 AN AR AL AL B 64 bits
W A ) A 320 S TRD RO i T 8. LA, BRAT TR AN 08 £ P IO AT BB AT 1 I ) A R HE R, 0% Lk PR -1
P eI [R) AN 5 KR AP, S5 2R AR 3 s (WA J5E (] AlexNet T4, it R CUINERR). &5
R AT LA ), CTRH R HERR R B H AR P 95 M A 0 A 77 VA AH LU, 72 I 1500 2 () 45 77 T 420 R Al SRS S48, =
TAE AT As B A3 Xt — 2D Ui, ASCHR (K 7 A DR A R AR (RTINSt 1 5 SR AU 1.

R 3 CTRH AR IEAE P Bl 4 _E XS89 Ik 1) A0 )T 4 LE %

- MirFlickr (64 bits) NUS-WIDE (64 bits)

K A FF4 (ms) [ 774 (MB) I T JF 4 (ms) 21 JF4Y (MB)
WDHT 1.44 232.18 1.16 232.18
MGRN 1.37 229.05 1.11 229.05
EWSH 1.38 232.58 1.14 232.58

WSHRCA 1.40 228.89 1.13 228.89
CTRH 1.35 228.95 1.13 228.95
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3.5 JHRASEIE AT

9T BAlE CTRH 2 H it H 14 MR AT 201, A8 SCLE MirFlickr A NUS-WIDE 445 4 FhAS [l e A7
T IS G0 R T T WS L. & 4 F13K S 2 5IRR T mAP@S000 Al mAP@all (114 GEFa4R (BT J7 ik 4f
AlexNet NETF W4, il gh RO IHRR). Kb, 28 1 A7RR LR ITE A 772 R IR A A5 2 SREZR I 45 . 56
2 ATTE LA B3G N T 55 M B AR A B M, AT ARG R T 8 BN T, AR L2 (1 NUS-WIDE LUK &
A A AR /N R AR S 1 0 T AR TE OB . 55 3 ATTESE 2 AT RUSEAE 30 7 35 S BRI BUE e, Jaod i —
ARG ST TR AR B, LR R RIRR TS 2 T 32Tt 56 4 AT R AT I 7k, 7E58 3 ATIERE SN TP
A o, A F) TR 5 A b 2 ) R SRR AR

#* 4 CTRH BERZSIMAFRIEE mAP@S000 %I LE (%)

o MirFlickr NUS-WIDE
ik 16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
U 64.99 73.53 74.25 75.58 34.52 65.85 69.15 70.01
HAINTR 72.78 76.17 77.74 78.08 68.77 74.09 76.09 77.30
WINTW 77.89 81.74 82.63 82.09 77.58 77.62 78.04 79.83
CTRH 78.80 82.66 83.33 82.98 78.19 78.50 78.98 80.61
# 5 CTRH EEZURIIA S mAP@all X H (%)
Sk 4 . MirFlickr . _ _ NUS-WIDE__ .
16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
LAY 63.60 68.01 68.32 69.52 34.00 58.23 58.97 59.22
HINTR 68.90 70.12 71.25 71.64 61.96 62.86 63.67 64.75
BInTw 71.62 73.17 74.85 74.62 67.02 66.89 67.64 68.23
CTRH 72.21 74.03 75.38 75.37 67.79 67.63 68.49 68.96

AT 538 CTRH WIS UstE, ASCAd A 48 bits 15 1M 755943 HILE MirFlickr F1 NUS-WIDE #4845 [ %}
HER o WRSE e MARZ-FHEHUR LBIS 5 A, MBUE BT 8T, 0E 9 Fix. 2, YR E R o = 0.5 B,
E MirFlickr 4 4 A A0 B 7, 33X 350 B3 7 B0y it 2 27 80 140 397 2o 0 JER 4 1 6 R [ AR 2 2T %o T Mg 7 B K
NUS-WIDE $#E £ &, W o = 0.25 BOR EIF. X i I7E NUS-WIDE $dfE & AT IR, i 22 i n 5 br 2 A Y
WA AEAS CLIP B8 I0i& M R8s, RIMAEIR 7 CLIP A2 i 5 AL SIS 5 AN, BRI R Pl FHE e = 0.7
I, £ MirFlickr ¥ 4 H 80 e i 1 x5 5 K fX) NUS-WIDE $d 42 ) 75 324 & = 0.9 B RR Bl ZEXH5 2%
PR S BUIAR T R, AR SIX B IUSOEHT 51 AAREESF AT 40 R S5 A, VBB TERER. 29 A, = 15 BRHE R AR 4
R AR AR BT

0.84 0.84 0.84

—’_\ -_—
S0l _— T~ S 082} S 082}
2 2 2
© 080} Sosof © 080}
=%} (=¥ =%}
o078} /\ Somp — | fomf —
) S S ] S S ] S
0 025 050 075 1.00 06 07 08 09 10 0 5 10 15 20
HBH o BsH e EZH A,
— MirFlickr — NUS-WIDE

Ko HRbSIREs R

ST 43 HT CTRH ZEANR 3= F 4% _E (IR, B2 T AlexNet, A SCEEREAT 7 585G 1E (1 3 FM4% S, F13% ResNet-50-
ViT-B-16 #1 CLIP (ViT-B-32) (#1540 %, %1 T ResNet-50 1 ViT-B-16, FoA 17E YISt #E gt 4T 1 o 23 A,
DA B 45 & e 4 AT 45; 1% T CLIP, AR T 30 S8k 451077 20, (R AR 2, DL B HE M.
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R 6 MET AR T mAP@5000 Al mAP@all FITERESR bR (IRPL4s R CINLERR). 49 RR W, A5V 5 o5
T ML SR T HUS T BE— R REAR T, RN BSAIE T BRI AN R G i A R A S S R

#* 6 CTRH TEH AN s 4 LA AN E 1 T M4 1 mAP@all (%)

N MirFlickr NUS-WIDE
FETFMLE - - - - - - - -
16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
AlexNet 72.21 74.03 75.38 75.37 67.79 67.63 68.49 68.96
ResNet-50 74.11 76.73 78.09 77.51 66.02 65.44 67.49 68.34
ViT-B-16 76.60 77.13 77.69 77.81 61.81 65.56 66.93 68.14
CLIP (ViT-B-32) 79.79 78.06 78.96 80.82 67.57 69.91 69.41 68.35
# 7 CTRH fEHAMEHEEE FAE A F 3T M 45 ) mAP@5000 (%)
% . : MirFlickr : . . NUS-WIDE . .
16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
AlexNet 78.80 82.66 83.33 82.98 78.19 78.50 78.98 80.61
ResNet-50 84.50 86.30 87.89 87.85 78.46 79.91 80.81 81.75
ViT-B-16 87.97 88.28 88.38 88.02 77.98 80.63 81.70 82.13
CLIP (ViT-B-32) 88.17 86.76 87.34 89.26 80.50 81.54 81.86 82.50

AT 58T CTRH EA [FTRYI SR 2 AR | i RE, B T CLIP 4b, A 0L A8 H OpenCLIP, 1£ MirFlickr
1 NUS-WIDE %4 5 _F#k47T 5256, SRit s ANk 8 Ak 9 Fin (R4 R EMMEIR). 23645 R R, CLIP 7R
A A R R AR SR B SR I mAP T BE, BEARFR IR T OpenCLIP, I H 5 5R A e MEA & . TRATUCN,
KR M EEFERET: CTRH Fr M 2580 E 2B FE R G5, RS E Bmm. 18 sk,
XA REAH 7S OpenCLIP 7E KK 1 X 43 T 25 Hp 5% B 92 AR AE AR R 708 40 KA A . ML, CLIP 72 B STH
Fr IR E R E, R SO R TR H B R, PR TE I RAT 5 T B IR 8. 4% B ATR, SR A CLIP B2 — 15
BRI, RS AR I SCHEAS SO HA MG A 27 STHE 2L,

# 8 CTRH fER MR LA A RIS 2 BEAS ALY (1) mAP@all (%)
MirFlickr NUS-WIDE

1]
VLA 16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
CLIP 72.21 74.03 75.38 75.37 67.79 67.63 68.49 68.96
OpenCLIP 70.60 72.32 72.77 73.17 64.25 66.17 66.71 66.64

£ 9 CTRH 7ER/MNEHE £ LA AN A T 25 2 BEAS FE AR 9 mAP@5000 (%)

MirFlickr NUS-WIDE
]
VLI 16 bits 32 bits 48 bits 64 bits 16 bits 32 bits 48 bits 64 bits
CLIP 78.80 82.66 83.33 82.98 78.19 78.50 78.98 80.61
OpenCLIP 77.25 79.22 80.03 80.34 73.11 75.42 76.71 77.27

4 B %

ARSCHE T —Fh CLIP 51 3R P0G I 55 M B e 45 U5 3%, 248 CLIP 4055 155 1 2 B AR HL 7 b
BEHEATIRAL, TG 5 UG 5 SOAR B G 3R, Rt — A0 51 e A5 B2 A il B A v ol R PR M A 5. A R A g 75
PREEXNE I NE BEAIRE R, A STVt 1 — N85 M B AR SR BB, Sl I OR CLIP JF il & T kS HORBEATHERE, 2E
JRA B N 2 — B SCADRAE. R — 204, AR\ T 55 M B AR 2R OB TR, TR 22 3k B R A0 L SEBLAL (A 28
AR 4 R A T, A7 RARTHB A R KR AL RE 77 1 STAKRAE 73 A AN I 1 B, ASSCBETE 1 AR T ik, il
MBI IR RRFEAN S 2. ), ASCBE 5| MR GR B Bk . BB R R AL Bk, it — b5l &
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I 75 T 2 ST BB R 2857 (1038 AR, 78 MirFlicke A1 NUS-WIDE | [ 9236 45 BRIGIFE T A< SC AT i 05 v 1A 2.
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