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W OE: ENERITEN—AFELS, SREGRRIEERZH T ZE. AR, R EGERT
B WA F PR E2, B EGE AR R, X RS AN F 52 A R0 22 55 7 e AR
N, X e L BRAE MR K R R oW R . ik, EREREEFEENEUEE, maEM. ZETR
&, IXERfE B RREURA X TR G R R R R E T . N T MR L ) B, AR SO T TR ZR I AL
Transformer (Vision Transformer, ViT) R H 7 —FhiG5E VIT R4 %% (Enhanced ViT Hash Network,
EVHNet) . S5 £ it BHR FIZIRL B R 5, EVHNet it 77— DTRG0 R FSRR A H on s e, (o) 45
Aefig 2 =) B BA R IEMRHE . A 7 iR A & 5 BRRE B S, EVHNet ik it | — M RE1E
SCRFERSSHL, ARYE S 4 AR R I A i B I8 SUE B o AR SCHR ) EVHNet fERU7E 735054 (Greedy
Hash, GreedyHash). #UAHfE AL (Central Similarity Quantization, CSQ) AR M LM 4% (Deep Polarized
Network, DPN) =FpifT InG Ay BUS KL RAEZE N HEAT 7 VP45, JF5 AlexNet, ResNet50. ViT-B_32 Fl ViT-
B_16 PURh L MR 34T T ELE, 7E Food-101. Vireo Food-172. UEC Food-256 =AM i HidE4E L i1
S8 45 R W] EVHNet BORLTER ZOM B2 R Re 0 T HAb s AL

KA. AAEBRR, &S AR, Vision Transformer W%, RIE 725>

Hash Food Image Retrieval Based on Enhanced Vision Transformer
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Abstract: Food image retrieval, as a major task in food computing, has garnered extensive attention in recent years.
However, it faces two primary challenges. Firstly, food images exhibit fine-grained characteristics, implying that the
visual differences between different food categories can be subtle and often only observable in local regions of the
image. Secondly, food images contain abundant semantic information, such as ingredients and cooking methods, the
extraction and utilization of which are crucial for enhancing retrieval performance. To address these issues, this paper
proposes an Enhanced ViT Hash Network (EVHNet) based on the pre-trained Vision Transformer (ViT) model. To
cater to the fine-grained nature of food images, a Local Feature Enhancement Module based on convolutional
structure is designed in EVHNet, enabling the network to learn more representative features. To better leverage the
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semantic information in food images, an Aggregated Semantic Feature Module is designed in EVHNet, aggregating
the semantic information in food images based on class token features. The proposed EVHNet model is evaluated
under three popular hash image retrieval frameworks, namely Greedy Hash (GreedyHash), Central Similarity
Quantization (CSQ), and Deep Polarized Network (DPN), and compared with four mainstream network models,
AlexNet, ResNet50, ViT-B_32, and ViT-B_16. Experimental results on the Food-101, Vireo Food-172, and UEC
Food-256 food datasets demonstrate that the EVHNet model outperforms other models in terms of comprehensive
retrieval accuracy.
Keywords: food image retrieval; food computing; hash retrieval; vision transformer network; deep hash learning
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TN RAE R G 1AL, 5 SRR ERANSCAL B UIA OGP B AR SSRIE T RO #
FERF 2T 5N, BaBHEIEE R A BRI R, B R oy B a Rz 1 rbLaE M,
sk EE S P AT 7 R & Rl 2R U b B A S SCERIRT AT 1), IR T R A i AT 1) E A
SEERSEA RS . BT B B R AT LR A AR W 2 —, BEFHATE
e, BARALEE S BT SRR WA G 1B IR L SRR )18 1 R o 1 8 SRR AR A S5 AE E AT
BRI S, i riX e dls, TR RIS 7028, AR HERE DL TN A5 7]

EmEERER, FREMITHREK —TEARES, TSI “CIEE” KThae, i A r A
T MG it UG 22 P R B A A U R . X T B BB R 7k, MaT s VIR 1 — ik
T Faster R-CNN R £ i BEHBAS AN 607718, S a AT T H ARKII) Faster R-CNNBIER, i
K g b i X, 2 SRR 2R & M 4% (Convolutional Neural Network, CNN) EHZE £ i X
SRR RFAE,  fo R SR A B R AR L B A R A 2R ) AR S5 . Song &5 DV £ ER
5y S SO R 7 B R FOAIRLE (KR i, 4R T — b 75 BB R 1K) J= & Transformer 2% . Song 45 [
BEXT BT it BB b AN [R) ST 31 T 1) 22 S KT S Bz AL 1), b 1 — i vz AL ) £ il BB R
IIHTIT

i BB RBOR A e, Jyil P Eig R in B S R gt 7R, W T ARA
RERA A TR oK. PRIk, £ b UGS RAEHES) B v SR IR 55l Y % Je 55 7 T BAT 58RI 7
YA R, R 57 o RS B BB ZATE 55 B IR KIS0 70, (HI A 2R Pk RS 11X RhiEs 110
R R o, aEBRRE T AREALS U, (0D TG AR AT 5505 i, AL SRR 20HL
AR 555 s RN 22 5 I 6] Z2 5 AR/ o T8 i BB AL R S AR R AIRL EEAE 55 AN RAE TSR N ZE 7 K
MR ZE RN B, A eX—f e ahkidl, A2 ARMENX, B8 nigin (B4R, maki (%
73w]), sashimi CHIED %5, SEMEA ARSI, EATRIBEFIZAR AT DL YE HBORHR 4 75 1T
Al XA FE T RN ERNE, NG RER IR T AR R . AR, A
FEAAN R BB S ANk & K N Fr s AT RE R D SR AR R, AEA S b It v AR AR AL
P, XN TR B AR RS R . LU B RS S A R SN, T HLAESERRR
WA FRE S ' TE R RS E BT, R BRSSO R B R
£ R R AE A S o A% e AOAS 2R MG 12 28T B W8 LA TR A W g S s B A B 25 R I Y
SR CINZEap, 5 BHTA NI, IXEEHE R T TR R BARIR A, JFERFTE D HIE R ah
AR o A0 SRR T B2 I8 A BT IR AR 5 8 HAREAT AL, IR TTVELE RS E AT 55 L RIPERELE
HETEIL B R B, 2GR ZRAESE & BHR A RAE S LR REAEAE To kb B BLAR A RUR

B £ S R PRI G, TR e S RS R R R B &R . T CNN R
KR, HET IR A 2% ) P CNN K2R 72 DA BIRTE R . IR AR R IR/ R T IR 2
FERFAESR IS T A DLHS LA R Ay BORTE A A 2R b ) e 28k, M SEBL 1 e R LR A 2R
TREES Ak R SE M CNN X4 R BT RAESR I, 3 B BHRIRER R . SRS R R N
FINGA R, I A o BOR R AR BN e A i o 5 J R 2 10 PR 0 s A B 5 5000 e PR R e A R AT
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ABUEDCED, 75 3B S . TR B A (Deep Supervised Hashing, DSH) M5 ] CNN %4
2t A Oy RS AR, E SR 2 A TR U A 2 AR B T Bk . HashNett™15] A\
THTF tanh R0, ST SSE R AR T ok B RS . SUAEA A5 (Greedy Hash,
GreedyHash) YERG A5 EH ] sign sR%. oGk RGN 4% (Improved Deep Hashing Network,
IDHND DR FH A8 U0 R R 7 R 2240 Ok SEIR 2 A28 R R 2R . RO A LEE B4k (Central Similarity
Quantization, CSQ) DEUF il st 2 18] (1) Hp O AR AL HEAT WA A RO RAL o IREERR AL N2 (Deep Polarized
Network, DPN) AR FI AL B EES J AN [R] il s O B % . X SeyiifT AL ZRAEZE CL2F R nG
A5 > VSR FH 358 FH (0 G R 2 AT DU St B i i3 o DAL, AR SOt 9 2 B AE T8 IR FE G
A5 S TR A B BB R AR .

JE CNN TSI R 2 (A1 4 ]R8 7 7 TH AR 35 R, (R HORS ff 232 (R B T A6k e T 1Y
CEURFEMIBG N . JEAEK, TransformerlO i 25 R B 22 ST B a5y, I T BRI 77, Al
Transformer (Vision Transformer, ViT) POU7E 4G iR 5] PO, EG 58] P20 47 NBEIRT 2B, ZEERR
(AR AT 55 rh R I H 0 S PR R o R VAT EAT A A EMBUR 2R IO 9t E 189 22 - 48 4, TransHash(2®!
FIFEAR VIT BEATHRHES ], A TransHash JCIETE KRB 42 Lk A7 MGG A . Dubey &5 P42 H T
—Fh T R R A5 Transformer W47 (Vision Transformer Hashing, VTS), VTS BAIFIA VIT 1
Jyil FURFAESR IS, XA R TAEREAT TIRAWIIT . ASCAE VTS [REEA B 45 & & R R,
XL IEAT T AR A o I 5 2 A ek R 28 1578 AlexNet, ResNet50, ViT-B_32 Fll ViT-B_16 i#
TR, X ek ) EVHNet BT T HEREVPAl . SRIREE R, ARkt T B R EE
TR 1 RE .
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RHFFCR T ZARAT IR B, v T B A A AT R, AR RS R XA
PR A ONHAT T R RIS CR BRI 7 WAR 1o Iehb, ARSCERH N0 5 0 b7 25
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Food-101 ##a 4k P &5k [ 101 /M Rl G BdE 4, R 2 TG 25, S 101000 5k
BB, AN EIG A 250 5K, UIZREME 750 5Kk ASCR AT T ERRISY, AN
HLIEHE 100 7k EUZHEAT ISR, 50 7k UG HEAT Ik .

Vireo Food-172 $i#fi4E PN & o0 172 AN RS, BAN KA 200-1000 7 M F BRIk G
BRAPIUR S E R, AT S HE SRR HE A, 5 110241 R E R ER, A3
BEMLX BN HEL T 60 KA FFIlZh, 30 sk A AT

UEC Food-256 %#fi5 PoMu & 256 Fh35 £ (1) 31395 ik F% . AN IBEHLEL 40 7k EUGHEAT 145,
20 5K R #EAT A

®1 REJFERYSHR

Table 1 Division of food datasets

e Food-101 Vireo Food-172 UEC Food-256
Train 10100 10320 10240
Test 5050 5160 5120

1.2 EVHNet B ) g 77k
1.2.1  HRAEHEhL
HRHE CNN A1 Transformer A& AH S HIF 5T BO, YR S R RU AR 850 /N U5 R B 40 CNIN 846 Transformer
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SERE o B LI T V2R K A R G5 A RA 44 (i B 51N B Transformer FE2U AR B , F A A5 AR 2 it e BY,
KPP AR BT B EE T i B R R AR A (A

EEMEBRRES T, — DR R AZGE B R, MmEAEE S S . B,
RIEINET W R RIES RSB IR, ERGTEEAE MRS —A /s B 5
53 I E A 2 SO AR Y 1) 58 AR o AR N2 X 7 TR B 8, RN E AR R4 1) 58 A1

& BA A 22 B 42543 SCH H bRa2 WS B8 2 42 J/ 3R - Transformer S8 84> /) A &
JINUH, R IR B AR OC R 7 TR I BRI Rk o Ak, R — S TS5 b, @ ok
H AN 2% 2 AN TR ROBE FRRFAIE , AT T ORI 4 - 3 B9, FE S5 R b ) NBRBRES:, Wi 80 2R 15
JE R PR W, X EETVETE B BB RAT S L B RE .

B, ASCHEH T —FpH F & 5 ES A R IR A, iZ A 45 & T B RN 45 10 R 638 B 7 UR1
Transformer (¥4 /R HVER AHLE], SCL T & ERRHE DI 5R 20R o 10 60 R AR B2 AF 55 1R
B BIN T BRI E T R 237, 15 4% REE A 3K 6 b MG b 5 FLARR M X A00RL B R AE
F T Ear A A S ER P E S FEEE SR, A T Transformer Zwfd a5 i) Z0%EH:, BE
TAFRREERRAE, % VIT RN BA 2R 18 UE B 56, Mg 7 T84
JRHIEDY 3. RS 2 RRHER ARG, HT ARG A D IR RN, (A EAE & G BB R RIS
ERITERAR R T A ST .

122 VIT Tl gy

VIT REZE M TAERAR A 1 s, o, MARERERT € R™™ XI5 N A ES H @
KNI € R, Horhi = 1,2, Ny mASNE SR K/, )R RIS EI KN, i ENE? = m?,
c=3{0%K RGB =FMFalBES. RE, WARLYETNAEY, € R, Hhd=cxk?, i=
1,2,...,N. GNP EZS LR, ERIBGEER A (Patch Embedding , PE):

PE; =V; X Wpg (D
He, v, € RYONEIANHO R R TR, Wep € RYNBHUERE, PE; € RVONEINHO R %
AN . XL, de = 768K ALER . Rk, 58N 12 i G A R R RN AT BLER
N APE € RV,

Vision Transformer (ViT) Transformer 4928

Transformer Jgh5 28
»
WW-MW@@
MR ED 84
%&TX?/

?*JJ 'aé;-'ii&:iﬁ

B1 ViTRAEHRRE

Fig.1 ViT model structure diagram
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B, VIHWONE, MBI HI R & B FE N:
FE = dropout(EE + PoE,0.1) 2
o, dropoutiz—/NHETFH 0.1 Mdropout)z, RREEANIILEITCHA 10% AL 2B I F A X 2% 1 #
e, &R ERLEAR, HTR RN TE40mFEE A . FE € RV R EA MBIk N
i, /& Transformer 4t 28 1% -
Transformer Zw i 4% i L /> Transformer S & 4H . 76 HERIHMLEIFE BT, Transformer Bt
Ha 25 5 IR R g8 S S N 4 AR R 4 B . AN S PN Ly, R ZRIER T
(Multi-Headed Self Attention, MSA), “&XXf A B (R4 A2 AT BVE R 1HAE . 55— Al AL 3k
#% (Feed Forward Network, FFN), FISREFHE, s, AXEREN:

Attention(Q,K,V) = softmax (Q\/Ké) %4 3)
FFN(x) = o((xW, + b))W, + b,) @)

Hrh, @, KAVZRIyEE# (Query). 4 (Key) FIME (Value). EZKIEE 1, Jed i NF5 i
L RN BIQKV A A BAME, R AAE—Ak, QKVAERAZRN + 1) xd, WA 12
A3k, WQKVIIZERE (N +1) X a, WE12 X a=d. HEHIT—MHHEEE, MHEREZW + 1) X
d. X BIW, W, AN EHEHRE, o()FE VIT R AR 805 s BGELY B, &5, i@
W2 R (MLP Head) %t i 5 170 K45 51
1.2.3  HE58R VAT 48R AT

Nk 2 iR, ASCER I EVHNet HEAEXS VIT 347 7 — RIS B2, EVHNet #Fk VIT o
) MLP Head. #8J5, Xf Transformer gt ds 47 1 2 GEAR, JHAE R 2 ZH LI T A3
R, RIS &R AE M 58 RSB (Local Feature Enhancement Module, LFEM) 12 & 18 SCRFAEFE B
(Aggregated Semantic Feature Module, ASFM). #/&, AN LRFHERE BTl S, FAE
WA R, WA A ) AR WU R GE TN A Y, T SEEL T A R PO R

| = 2BEE -
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oo, WM W
g - - = = i i
B -z 2 ° A =
- . =2 g g
S T I R AL TIPS
,' ﬂ=‘ )igm 'm"ﬁ = L i H : :
« R R i i . -
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Fig.2 EVHNet model structure diagram
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Hp = H(F) (5)
Hr, HCO)RMABGZE, B Transformer %ifid % 1R &4 X, BN + 1) x de, FFiEEd—4
dropout|Z, WGHFAELMEREL N 1024 4, 2 )58 ReLU BUE bR 3 UL K — AN M R Sk A e & e
ARHE R, FHERIECRE S0 A KA F] o 55 K AR B IR W A R 5 B0 e e 5 B JEAT AR BARE LU, R [
SN B AR ER .
(1) REIE LA —ASFM

FAMAE Transformer 4ufih 25 1) K JGEACTABITERT, BeW s BENEIREM SR IHRE. %2 M
XA H A AR ERE B HMTIER (BRFERS), MRMAEENERER, Al —RINER
FFIER R o

LR EZH L WIEBL T, CLYREE £ )= Transformer Ziwht 25 I CLSHR :

CL = {CLS,, CLS,, ..., CLSy} (6)
SRJE K CLISAR IR NIEAT BF 8, 19 B & R RN, -
F, = concat[CL}, CLyy), ., CLig—11] @)

(2) JREPRHE Y SRR —LFEM

IR J5—)Z Transformer Zfidas it IRFEX B & F 2 M2 EMEE, Bk, LFEM KRHEXAAFE v
N, W 3 PR, B, MIETER S BB (CAMD 7828104k B PO RFAEX 0T IR . (6 R4 72
o, AU TP, IE SN T O E A AR T IX AN e R, 93 T A —
B4 JG, AR5 e T 2 2B (MLP) %R, CAM SHFAEHE T InAL:

Mc(X)) =0 (MLP (4vgPool(X;)) + MLP (MaxPool(Xf))> ©)
Hrhg () sigmoid B0E B %L
5, F CAM ¥t 21 NS AU I E0EUZ BEAT B AR sigmoid #:4F, JF5 CAM Hy% Al
Transformer i 25 (%0 HH X BEATIZ 0 R AREIRAE, 19 2R ERRHIE R 4t F -
F=0 (Conv (MC(Xf))) X Mc(X;) x X, ©)

G5 ) JR AR AR BE 5 I N3 2 ST RN OQTE B B MRFAE, R A B ARAE, R TR AT
FERERE -

CAM
ENFFIE

Bt
oGt /

@ Rrew Sigmoid

B3 LFEMEREHREE
Fig.3 LFEM module structure diagram

1.3 BAPEA RS

TEAREFR A, KA FEIRSES{E (mean Average Precision, mAP) {ENPEAl BT HE 7 VL RE R 32 52
FEbR . ASCH ) mAP 158 mAP@1000, ‘BB T HI 1000 /NAE 45 R . KT S, mAP@1000
FEHT 1000 MR 145 R, AN IEREA P AE AL BN SRS 2 (Precision) frSFI51E .
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N T it 5 Average Precision (AP), 155 Z P #IRERERE (Confusion Matrix) HIMER, JRVERERE
Wk 2 fis:

X2 REEMR
Table 2 Confusion matrix
FHNE
Confusion
Hutgil EH)
ki TN (EAH5BD FP (fRRIEHD
YA
EH FN (g TP (EIEHD

TRVEHE R DUAME 1 B SR

TP (True Positive): # IERA T A IEG] . RIZECE (1 5 SRR T3 045 48 M 1E 41

TN (True Negative): # IERf TG 5745 o BIZE0HE 0 30 SR A0 T30 1 48 A f 5

FP (False Positive): #4815 Tl i) iR . BIZZEOHE i B SqB o 6], (E R T Ay 1EA9) 5

FN (False Negative): #5i% FNfK 6] . BIZEE 00 LB A IE B, (E 3 B R Tk 6l

Precision AR ATTHESR, & RN LA X LG ECHE o5 T o IE B8 it ot A -
TP

Precision = TP TP (10)

Recall tHFRA [F14, & T A 4 i Bl o SeBr o I8 i be ). a8 A RO
R = P 11
ecatl = m ( )

Precision/Recall ik thn| PR ik, & Precision-Recall s i<k, MTit%5 AP fH. AP
52 PR HIZ TR, e RS A A i ek g, DUEVEHEZE 0 2] 1 2 08], AP BE, (AR
RERRLT .
14 SEEHMEE

(1) NVIDIAAB0080G GPU: NVIDIAAB00 & K& My Ae v+ 5L N L& B AE55 5011 GPU
R, HA 80GB MEIEHNMF. X RERV AR SRR T Z KN, HaEKE 5 EE 7w A
AR IE A A A AR S AR, AT R m T AR

(2) R SIHESE PyTorch: PyTorch #2& Facebook JF & [ — sk JFENL 2% 22 S HELE, B AT RN
R — ARG HEMAIAEL, DUET- 2% 5 AR B € CHE N A . ZHESE SCRESN A BRI 1]
TR, BAAFEE TR MY Rt ETHEN SR, PyTorch 8% 2 B T EME IR 5
H ArAs I AT B R R ST 55

2 SRS

21 SRiRE

A SERAE TN ZRI VIT BE8Y,  Frf (R N RS HE y 224%224 . 5256 R E T EVHNet 2%
P APARAA, Bl EVHNet32 A1 EVHNet16, ‘©ATIIERA/ING A0y 32 T 160 A2 s A i K 243 51l 9 16
B 32 fiAl 64 fir. A H Adam HR AL XS BT A BALEEAT 150 4> epoch HIIZR, HEARER K /Ny 32, A
30 4~ epoch i35 —ik, HIREEAEL R
22 MERESHT

# 3 B4 T 1E Food-101. Vireo Food-172. UEC Food-256 =M #E4E E i SEIe 45 R . A et
f) EVHNet32 1 EVHNet16 1% 5 AlexNet. ResNet50. ViT-B_32 1 ViT-B_16 #AEIHE4T T ELik. 45
BRAE=ZMGRMES (B GreedyHash. CSQ #1 DPN) FA#iH 16 fi7. 32 fir. 64 A& A idit . s
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Bai KK, EVHNetl6 £ =MHdRE L1 =M R MR TR REFtEge. JCHZAE 16 A
RIS A AL BN, HACRHE N R . X E R DUAERF AL ST R, AR S0 000 2 3 EERRAIE 1) 27
21, BUAEAE U BRI A 5 A7 B Sk — B R A5 A2, (ELSRS Ja (Ve 7 ) e €5 O R B ELAR
RYE, WIFETH TR TERE. R 3 HIET ISR, £ =FRZMEIRT, 64 (w7 R R
T 16 ALA 32 A7, IX T B PR IR B WA Ay AR e AEARPALE [ B AN OO IR AE 1 — BE R A B, — 2230
FRWEF, AW T EERREEE. MELT 16 A0F 32 ALY, 64 frmaAyidhedt 1 5 R
0], XEREE R MU B 2 1, AL (R ER R RFIEAE B, DI, 64 A7Ns A A AE
e A Z T A R L .

H3 REBEELWIRER

Table 3 Experimental results on food datasets

GreedyHash CsSQ DPN

Network

16b 32b 64b 16b 32b 64b 16b 32b 64b
Result on Food-101 dataset (MAP@1000 in %)
AlexNet 275 41.2 47.9 323 46.1 50.2 31.8 44.3 50.7
ResNet50 50.3 59.9 63.4 54.1 63.0 65.9 53.5 60.7 64.2
ViT-B_32 64.4 68.4 70.5 65.3 70.3 70.0 63.6 70.0 71.0
ViT-B_16 72.6 76.4 77.9 735 76.8 78.0 73.8 76.9 78.0
EVHNet32 63.7 69.5 71.4 63.6 70.0 69.9 65.1 68.2 714
EVHNet16 73.6 77.4 78.1 74.1 77.8 78.2 4.7 77.6 78.4
Result on Vireo Food-172 dataset (MAP@1000 in %)
AlexNet 35.1 50.9 57.7 41.8 56.5 59.2 40.6 54.5 59.9
ResNet50 56.7 66.6 69.9 60.1 68.7 70.4 60.3 67.9 70.3
ViT-B_32 63.3 68.5 70.6 60.5 70.1 70.7 61.2 69.4 70.4
ViT-B_16 73.3 76.1 78.2 711 76.8 78.6 715 77.2 78.3
EVHNet32 58.7 63.9 65.1 61.5 68.8 70.4 63.8 65.1 69.4
EVHNet16 741 76.1 79.0 72.2 75.7 78.1 71.6 77.6 76.8
Result on UEC Food-256 dataset (MAP@1000 in %)

AlexNet 29.7 38.8 457 36.2 453 50.8 35.6 44.6 50.2
ResNet50 447 55.1 58.9 45.2 58.7 61.6 43.8 57.2 60.1
VIiT-B_32 55.0 64.0 66.8 51.8 61.5 64.3 51.4 63.0 64.7
ViT-B_16 63.5 69.8 715 59.9 67.8 70.7 59.1 68.1 70.5
EVHNet32 53.3 61.2 66.2 53.3 64.4 65.4 53.4 64.2 62.6
EVHNet16 63.8 69.9 721 61.0 68.7 69.7 60.3 68.3 70.7

K 4 PEANHb R R T 7E Food-101. Vireo Food-172. UEC Food-256 ¥4 I, #&FhE T (fufE
AlexNet. ResNet50. ViT-B_32. ViT-B_16. EVHNet32 il EVHNet16) 7£ 16 M7 59 T MRS HE 7 [0l
RoC Hhi£k.

M AT LA M52 3], fE DPN A ZAEZE N, Bl i) EVHNet32 & M4 75 K2 Bl T
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IR T AlexNet. ResNet50. ViT-B_32 ‘B TM%. i H, EVHNetl6 B T MZE =/ Mg L
FUHAR T HAB N L%, 928 T BAETERE . EVHNetl6 2 ir LARERS eIl o s (v %, R R PINE X
R T S /NE: (EVHNet16 ¥4 A GBI B 16%16 HIHe, 1 EVHNet32 Kb N\ EH5 1) E1 5k 32*32 (1)
PO, X3 EVHNetl6 AefgliskEE I 2415 S, A E AR B R A EENER, a7
BRI P RE

0.8 0.81 0.81 —o— AlexNet
—+— ResNet
0.6/ - I 0.6 0.1 —=— ViTB 32
6| —— AlexNet - . —— ViT-B_16
N

5 - \T?ngegz 5 5 —+— EVHNet32
2 — -B_ B ] —e— EVHNetl6 |
@OA VIT-B_16 7 0.41 —4— AlexNet 504
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Fig.4 Precision-Recall RoC curves on 16-bit hash code
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Table 4 Ablation comparison experiments of ASFM and LFEM on Food101 dataset

GreedyHash CsQ DPN
Network
16b 32b 64b 16b 32b 64b 16b 32b 64b
ViT-B_16 72.6 76.4 77.9 735 76.8 78.0 72.3 76.6 785
+ASFM 73.5 77.2 79.4 75.0 773 78.4 74.0 77.4 78.1
+ LFEM 72.8 76.2 77.8 73.8 76.5 7.7 74.2 76.8 78.2
EVHNet16 73.6 77.4 78.1 74.1 77.8 78.2 74.7 77.6 78.4
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Table 5 Ablation experiment results of parameter K on Food-101 dataset
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K

16b 32b 64b
1 735 77.0 78.4
2 73.4 77.8 78.4
3 73.9 77.8 77.8
4 74.7 77.6 78.4
5 72.9 77.0 78.4
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