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A Combined Retrieval Method by Fusing Image and Text Features
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Abstract: With the explosive growth of image data in the field of e-commerce, target image retrieval has become a
challenging work in information retrieval research. The existing traditional image retrieval models only rely on a single text
description or similar image, which is difficult to accurately capture the user’s retrieval intention, resulting in unsatisfactory
retrieval results. In order to solve this problem, this paper proposes a combined retrieval method that fuses image and text
features. Swin Transformer (SwinT) is used to extract the multi-layer features of the reference image, and the image and text
features are fused at multiple levels, so that the text features can modify the reference image features at multi-level and fine-
grained, and get closer to the target image features. Then, the modified image features and the target image features are em-
bedded in a space for similarity measurement, and the batch-based classification loss is used to optimize the retrieval perfor-
mance. Experimental results on Fashion200k, MIT-States and CSS datasets show that the proposed method improves the
performance by 5 percentage points on average compared with the existing mainstream methods.
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() BN, 2 2] RSB B . 7E S50 P FH A R 40
J& Ubuntu, 2557 5 A S50E B R 1 s . &0t
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L A SMVE W CER RS HP 172 049 5K
TR, 29 789 5Kk F T3 . 45K P 7 Rt A1 25 )
P 9 77 i B SCHE & 91 40 “black knit medium length
dress” CRREEFZUPHAR ). A ifl (G & W T - BEPEA A
A — A BRLR 22 S 1 — X 7 i A Ry A i) JEL5ORT B A
F& BB T —> B

(2) MIT-States Jz& — > F T~ 38 97 it R385 19 £ His
£ th 6 7 Z 3R RUR LN, B3 sk U HR A — D304
AR 28 R — A SO A5 TR bR 2, 1] 40 “ clear sky” (g B
MRZS). Bl A 245 D Z TR 115 MBI 72
AR e IRy 9 B A IR A , Fodh 43 207 5K

Tk, 10 546 5k 4E R . sEa A, b HoAa A R X
GRS RN [FPR A AR 2 0 G RAE, BAT 143 E
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ours 22.4 54.4 72.9

SRR AR R

(1) A 3CJ5 ¥ 48 R@10 F1 R@S50 - 34 415 T He At A2
B IS E T AN SC )7 1 AF Fashion200k 238 ££ T 19 A &k
PE . 3O Rl ] SwinT $2 AR RRAE A W3 140
B3 L 2 UE B 4 B BURMR R IE 5 SCA
FRIESEA TR, SEBL T B PR RE Ak — 2R Tt

(2) gl ity EZ K 2R (Image only) FlSCAKSE 2 (Text
only) AHEL T HABH SRR R ME 2E HEKRRTT
Pl 2 e NTTE T PN ) SO SR 73 gy 27 i L R PN
{04 G RV
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— SO A R A 5 BT 0 Ui ARG e —
5K H A 42 G 8 2 SCAS A “replace with gray” (85
KAL) i R A SR MG S HEAR R AT A A
KRR

replace with
long -
replace with
gray
Ly
replace with “ ! ! |
v wide

%5  Fashion200k #5245 S on 4]

4.2.2 MIT-States #{#E&E LN ER

MIT-States 5 48 SL 0 45 R 4Nk 4 o, B4R
DY RN TV NS W e L

(1) AR SC 7 7E MIT-States #(¥5 4 [ 1) R@1 ,R@5
FIR@10F8 AR AL T HoA T B A, M AT GeneCIS J7
B, IS I T 2.7 3.6 Fl 2.8 N T A MR M REIR T, 16
UE T A ST EEAE MIT-States $U86 8 AR . A £

JE UG AFAE 5 SCASRFAEAR Lo HC A J7 2k BR A A 35 31 T Ry
F o ITE AF R NS T 3 = i P RE R AL
R4 MIT-States HHRE LWL R 0%
Jrik R@1 R@10 R@50
Image only 7.1 183 24.6
Text only 9.7 20.6 32.1
Concat 13.9 31.7 42.8
Relationship"’ 12.3 31.9 429
MRN! 11.9 30.5 41.0
FiLME? 10.1 27.7 38.3
TIRG® 12.2 322 43.1
LBF!"! 14.7 353 46.5
GeneCISP” 15.8 375 49.4
ours 18.5 41.1 52.2

(2) 7E MIT-States 48 45 I, BRASRG RTIIR RN
A% WK UL AN SCAR 2 PS4 A, SCAR BERS X IR
HEATIE Rk, AT DARE e f AR — RS 1 SR R IR 5%

— S LA R A R AN B 6 iR, 9 A A —
KA B Y R 25 R B BUCCAR R change state to cloudy”
(MRS R 22 25) i oA G BUR , S (E AR R4
AR R G R
4.2.3 CSSEBEXWLER

CSSE A S 45 TN 5 Frm , FefEah R LURL A
TN RSO VEAE S T R S Y 3D A 2D RS

change L.LEYS L]
stateto —m [T ? W el _
cloudy . X ==

' change ' 2
state to —-
sliced “ y
change i
state to —m- B ' .
broken ~

E6 MIT-States K 245 7R 45

S 25 R W AE 3D KRR ZR 3D BIR (3D—3D) T 5%
W AR SO RS U SRy A B R@TERTH T 6.1 4
4. 7E 2D EMS K2R 3D % (2D—3D)AT 55, AR SC
D5 S T A B 3R A TR AR T L LB = T
22.8 N E 4 . U SwinT 2 HZ J2 BUSAHE R S5
SCARAFAESEAT Z A2 A, (B 70 B 4 i e 2 21 2D (5]
B B4 AN E R, NI & TR R . — Lk
ALK REE R E 7 s, Bl A r e —ik & 24
JU T 2 0 B A 18 28 SCAS A “add small yellow circle to
bottom-right” (7E47 F I In—A/NMYE G RTEY14)
A C I EUR SO E R A AR R4S

R5 CSSHIBEEXRER BT %

Tk 3D—3D R@1 2D—3D R@1
Image only 10.1 9.3
Text only 0.7 0.7
Concat 61.9 29.7
Relationship"’ 62.1 30.6
MRN! 60.1 26.8
FiLM™ 65.6 43.7
TIRG® 73.7 46.6
LBF!"! 79.2 55.7
ours 85.3 78.5

add small
- yellow circle ~ —pm
to bottom-right
remove top-
- center large — -
green object
make bottom-
left green —
triangle cyan

E7  CSSKREE R

ARSCITIEAE 3 KR AR L RB T AT Je it i
7 e T AR SO IR B A R . 7R 3 B s
K25 SRR A 2 2 BRI 5 SCAS R AE R AT R 15 fiE
A7 BTG R A RE 5 Swin'T 76 FMRAFRAE LB (4 8 K
VERE , YA e R BRI 1 B B SO s A A — A
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SRR, G CAH GRS ESZHEEFEL, B
$ETt TR R HER LRI S AR E
4.3 HEBR

7¥ Fashion200k $#i 5 1=, 731 % PR AR AE SIS |
SCAHR B DL KRl & T 2 Ao Rl 9 . A b A A
4E , Fashion200k 7£ #0 A AN 2 5] 2 60k 1 B BH A
. LGN SCAS Rl AR R 5T EL S I i ot S s, L
A A e P R A B S AN {E, PR AE Fashion200k
B AT Ao S BRI S
4.3.1 B EREGEEHBTR

AR SR T ResNet., ViT LA & SwinT 9 4 4~ iz A
(SwinT-T (iny) . SwinT-S (mall) | SwinT-B (ase) . SwinT-L
(arge) )WEN UG FFIESZERLES , T 1 SwinT i — 202 B
T 2% EMG ) 4 B BEFAE . R, 3 — 2435 T batch-
size X SCIRAE LAY . BB B IR B TR
A4 25 A4 RR ), 76 /8 FH SwinT-L it AR B}, H: batchsize 5% =5
26, TYERUK 6 BN .

F6 BERHHERINFHMHARER

USSR AE P B batchsize | R@1/% | R@10/% | R@50/%
ResNet-18 32 17.1 429 64.6
ResNet-50 32 193 48.6 67.5

ViT 32 20.6 51.2 70.3
SwinT-T 32 17.3 46.8 66.2
SwinT-S 32 19.7 50.4 70.1

18 17.3 48.2 65.3
ST B 24 18.6 50.3 69.8
32 213 529 71.6
36 19.7 51.8 70.3
18 18.1 50.7 68.7
SwinT-L 24 19.7 51.4 70.3
26 20.1 522 71.8

SwinT-B+4 BBt 32 22.4 54.4 72.9

F oA R

(1) SwinT-B W A& Z AL T* ResNet #1 ViT, {K 3 T
SwinT-B 7E FMG R AIE 4 BT 55 Hh BLAA 047 () R BLRE )
AT = A M L X AL 2245 25 T Swin T MURE Y A
TR AL Z R A G A T

(D) TELMAMFE R E DT, SwinT-L 24 F SwinT-
T .SwinT-S Fl SwinT-B. 82 7] LAHERT , W AR 52560 254 fo
YF, % H SwinT-L JiUAS (batchsize=32) #2 BUE 1% 4 By BE 4
fIE AT g 23 S B4 A 80CR

(3)i 3 SwinT-B JAS 1Y S B ROCR AT LA A B, batch-
size [ K/INVES X SE B 45 SR 5200, 76 32 LN AL RUR
2> %5 batchsize 38 TS0 .

(4) % H] SwinT 2 B 4 By BeRRIE J5 #E AT Rl G 2400 T
g B B B R TRl &, 7 batchsize=32 B} ,R@1 |

R@10 F1 R@50 43 425 T 1.1 1.5 F1 1.3 4 F 43 45, 1%
SR 4 B BERRFAE A 3 T 2 035 U8 B8 TIRMR
Jrr R 4 Jey FRAE AR 2, AT B A T AR A TR 2R
4.3.2 XAYSERHSFEMAR

AR T Bert 1 LSTM HE47 7 Bl 7%, R S L
PRI R FHARHL 4 By B SwinT-B. W36 7 iR, SCU0 45 5
FEBH R Bert B9 SC SR AR B HE LSTM AR 25, JR (A
7T Fashion200k BUE 4 10 SCAR S 15 B & AN 2 i
Bert A5 1 W& 41 XK SCAER B2 AT Wl i . X+
7 45 1 SCAR, Bert 1] 6 45 5 20 614 R 400 35N 1 i )
L. BEAN, Bert BRI 25 1 R IR THFE AR 2 B K. R,
K B i ) LSTM AL | AT LS B33 e IR A
RO

RT AARBERNBERARER BT %
SCARRHE 4R IS R@1 R@10 R@50
Bert 19.7 49.8 68.6
LSTM 224 54.4 729

4.3.3 BAEAEEBHAR

AR SCR AT A B Rl A (Concat) (1 2 S ML RL-S DA
K Z A 7 AT I R ATE ST, R e 35 5k FH 4
B4 By BEFRAE ) SwinT-B, SCAS 2 HUAS K FH LSTM, 5256
SR NE PR . LG R R R A RS Ty
2, SRR L H A k2=, ZERA TR LT
My AR TR IR RS 7 fE R@1 . R@10 F11
R@50 b/ 4 1 3.1. 4.7 Fl 44D 40 5, Bk T4
LEZEAITENAE S BT RT TR
TLHI G ik, 52 2 aA T B A E— 2 W
ZW i — BRI T 22 R A TR AR NS T A A R
AAFZ R FHEFRE B

*8 FEAEHMHIRER A%
filv Jr i R@1 R@10 R@50
Concat 11.8 41.2 57.8
R IIHLH 19.3 49.7 68.5
ZRERE 22.4 54.4 72.9

5 Z5FRIE

RSP T — PR A EUR S SURFHIER A R &R
I BB SR SRR TR ny g g . %07
PR SwinT $EHC T 2 )2 EMGARAE , IF-44 330 S REAE 5 SC
AFHE IR A B — A~ 2[R 25 (8] vh AT 2 BSRLG [115
SCASHE % T AR A8 2 KM% . 7E Fashion200k . MIT-
States FI CSS i 3 M EHEAE I (9 S2 g 45 R W] %07 1k
R T IAA  ERTE  (H SwinT $2 IUEMGRHIE HA
WEH, 2 2 EURFRE S SR FHE R Rl G e 04 2
HEEEE E S, N SEEE &S GE . A2k B
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