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3.1 HE&E
3.1.1 CUHK-PEDES

CUHK-PEDES #4477 & — AN H Ay 3 T 3¢
AT NKE R KA IR 4 . B & 10 206 5K
Bl R F156F 13 003 T AR 80 412 AN SCAHIA , B
ik R B T AR 2 A SCRH R B SCAR T R
(5 ¥ K AL T 23 A8, % 1 CUHK-

BREE GCTR: M ES — M BREXARIT AT M EKE

PEDES %45 £ (19 %4 43 1 1% 0
% 1 CUHK-PEDES #{iE & 1 43
Table 1 Introduction of the CUHK-PEDES dataset

g3 ES Bk
Type Content Number
Training set Person 1D 11 003
Image 34 054

Textual description 68 108

Validation set Person 1D 1 000
Image 3078

Textual description 6 156

Testing set Person 1D 1 000

Image 3074

Textual description 6 148

3.1.2 ICFG-PEDES

ICFG-PEDES ¥4 4" A MSMT17 %4 4
WedE SR Bk E R RA 1A SORHE AR BN
AR R 37 N, B4 54 522 5K
KBl F4 102 AR &y 41 N, # 2 28 ICFG -
PEDES %45 4 () %545 43 A 1% 1L
% 2 ICFG-PEDES %1 & /+ 48
Table 2 Introduction of the ICFG-PEDES dataset

E il ES Bt
Type Content Number
Training set Person 1D 3102
Image 34 674
Textual description 34 674
Testing set Person 1D 1 000
Image 19 848
Textual description 19 848

3.1.3 RSTPReid

RSTPReid $# 4™ 3 T MSMT17 ¥ 4
P, 2 Ry T SO I N FB R B B — A
R4 . B 20 505 5KE A M 4 101 AR &
FIAT N R 15 AN AS [) £ B 16 845 Sk 40 48 10 A
N NYIRA 5 ARG R A A B R, f kA AR
A2 A SRR, % 3 h RSTPReid #0454 19 £t
SR RL
3.2 MR

KW 5Ef ] Rank-K (K =1,5,10) {E WA BF 5%
S R RE VM R B L TR AR U R O M RE DT A 4R
B BRI, 7R B R IR [0 (4 1A HE P 51 3 P L T K
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SKAT NE R AR AE 5 SR F R — Bony 45  H A R oy
Rank-K iy H s Rank-K 8 b 1 i 156 B AR 7Y (1) 46 2 14
RERR AT,

% 3 RSTPReid #{IFEN A

Table 3 Introduction of the RSTPReid dataset
KA ES i
Type Content Number
Training set Person 1D 3701
Image 18 505
Textual description 37 010
Validation set Person 1D 200
Image 1 000
Textual description 2 000
Testing set Person ID 200
Image 1 000
Textual description 2 000

3.3 ZWERE

AR B 5T 4 30 5L B0 AF B 5K Nvidia GeForce RTX
4080 GPU I # 17, 4b ¥ 2% {fi F Intel Core i9 -
10980XE CPU @ 3. 00 GHz X 36, JF & ¥ 55 K Py-
thon 3. 7,PyTorch 1. 13. 0,Cuda 11. 7, 5254 i) B4k
SR E MR 4 iR,
x4 XHBSHILE

Table 4 Experimental parameter settings

28 ol
Parameter Value
Image size 384 X128
Visual representation 512
Textual representation 512
Margin 0.2
Batch 64
Epoch 60
Initial learning rate 1x10°°
Visual sequence length 196
Textual sequence length 100
A 0.3

3.4 XTEEEIE
3.4.1 & CUHK-PEDES # # % & 8 47 8 2 )b 52
3o

*£ 5 % GCTR 5 £ Ji 17 A &= 1 il 8 A 78
CUHK-PEDES ##i 4 FryxF &5 %, v L H GC-
TR BB THRAAEMS R, GCTR 5 1 &R Mg,
a1 TESIH T CLIP el g VT T J 4% , fif HfEg g T
U A2 G L SCA 1 S 50 0 R, il B CLIP [BHR
SCAS G 5 i R FR BB J2 R AE AR | He A B — RS
1) T D11 25 AR AT G ) £ A 8 BB A5 S AR I 1) R B
7f CUHK-PEDES #(#& % I-. GCTR H CFine™ #¢
Rank -1, Rank -5. Rank-10 4 %13 F 0.70% .
2.20% 1. 31 % AEM T GCTR B 5 4 25 5 11F 494 55 A5
T RE T Gy b AR B B S — B Y R SO FRRTE
S5 B EORG U B PR SCAS REAE X 5%
3.4.2 J& ICFG-PEDES % # £ L # 47 ¢ % vt 52 3%
5 M

#* 6 F GCTR 5 E AT ANH R BB TE ICFG-
PEDES %44 F Xt g . GCTR M ELF H Al fift
FH B — A S I R BB 46 3k B i 4 SR Y LGURS
F I, 7 Rank -1, Rank -5, Rank -10 F 43 5 A
2.21%.1. 84 % 1. 13 %6 iy 4&F+, UEW] T (i F§ CLIP &
BEURBE A5 R AE 7 205 L 7 Y B A6 2 AR 0 4 I 8% 1) 3
R WA T CFine, GCTR 7£ Rank-1.Rank-
5.Rank-10 5 5142 Tt 0. 40%.,0. 61%.0. 27%.
CFine th3Z 25 T4 H CLIP Wi I g B, i 4K 45 T
TR 1 S L SCAR RS R AE , (H 2, GCTR 45 66 B
ke CFine 547 508 0 I B AT BB GCTR HA 12 4
FRRREME B RE S DL R B — T HRRE R .

%5 GCIR 5XRfTAEIRFEE 7 CUHK-PEDES #{#8 5% FAXTLL &R

Table 5 Performance comparisons of GCTR with SOTA models on CUHK-PEDES dataset Unit: %
l\%ﬁl Iffa‘f"eéti. ,ﬁi’i?ﬂ% Rank-1 Rank-5 Rank-10
GNA-RNNHH(2017) VGG LSTM 19.05 53.65
Dual Path"**1(2020) ResNet ResNet 14. 40 66. 26 75.07
CMPM/CP(2018) ResNet LSTM 49. 37 71. 69 79.27
MIA® (2020) VGG GRU 53.10 75. 00 82. 90
PMA™(2020) ResNet LSTM 54.12 75.45 82.97
TLMAM"(2019) ResNet BERT 54.51 77.56 84.78
CMKAP? (2021) ResNet LSTM 54.69 73.65 81.86
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g%
Continued table
1\1;[%)%1 I?fa%eﬁinic. TI;(E ée}n? Rank-1 Rank-5 Rank-10

ViTAA %1 (2020) ResNet LSTM 55.97 75. 84 83.52
CMAAM*(2020) Mobilenet LSTM 56. 68 77.18 84. 86
NAFS"(2020) ResNet BERT 59. 94 79. 86 86. 70
NAFS+ LapsCore ! (2021) ResNet BERT 63. 40 — 87. 80
SSAN “ 7 (2021) ResNet LSTM 61.37 80.15 86.73
LBULM1 (2022) ResNet BERT 64. 04 82.66 87.22
TIPCB®™ (2022) ResNet BERT 64.26 83.19 89. 10
LGUR "™ (2022) DeiT-Small BERT 64. 68 83.12 89. 00
CFine 5% (2020) CLIP-Vit BERT 69.47 85.93 91.15
CSKT "% (2024) CLIP-Vit CLIP-Te 69. 80 86. 42 91.68
CLIP™ CLIP-Vit CLIP-Te 65.73 83.27 88.95
GCTR (Ours) CLIP-Vit CLIP-Te 70.17 88.13 92.46

Note:the best results are in bold; " represents the experimental results reproduced on this dataset using open-source code of their paper.

%6 GCIR 5x#HfT AEIRFIHE B ICFG-PEDES #{#E& FRIT L& R

Table 6 Performance comparisons of GCTR with SOTA models on ICFG-PEDES dataset Unit: %
Vodel oo T e Rank-1 Rank-5 Rank-10
Dual Path™"1(2020) ResNet ResNet 38. 99 59. 44 68. 41
CMPM/C?%(2018) ResNet LSTM 43.51 65. 44 74.26
MIA®Y (2020) VGG GRU 46. 49 67.14 75.18
ViTAA 1% (2020) ResNet LSTM 50. 98 68.79 75.76
SSAN* [#1(2021) ResNet LSTM 54,23 72.63 79.53
TIPCBE® (2022) ResNet BERT 54.96 74.72 81.89
LGUR" ©™(2022) DeiT-Small BERT 59.02 75. 32 81.56
CSKT ¥ (2024) CLIP-Vit CLIP-Te 58. 60 77.28 82.56
CFine "B (2020) CLIP-Vit BERT 60. 83 76.55 82.42
cLp- CLIP-Vit CLIP-Te 55. 89 75.21 81.17
GCTR (Ours) CLIP-Vit CLIP-Te 61.23 77.16 82. 69

Note: the best results are in bold; " represents the experimental results reproduced on this dataset using open-source code of their paper.

3.4.3 &£ RSTPReid 4 # 4 L 347 89 3 1L 55 36 5 #7

% 7 RN GCTR 5 E Hi AT A I 50458 8 7
RSTPReid %4 4 LB XF L 45 5. 7 RSTPReid %1
&4 I, GCTR It CFine 7E Rank-1,Rank-5.Rank-
10 FA4Y B4R T 2. 00%.3.85% 1. 16 % , %f L {di i o
— MRS TIN5 5 A 42 B0 46 (45 A LGUR, 7 Rank-
1.Rank -5, Rank -10 I 43 H 3k 1% 5.85%.6.35%
3.96 Y Y HE T X UERH T 4T CLIP 48 HCAY 45 i i A%
T 5% 4 1 14 5 25 7 A I 3 ik A e 0 D /s P 1% -
SCARRAE (ARLRE 22 5, (AT B2 R T R - SORFRIE 2

] I VE BE R . X% T RSTPReid X #h 2 A 52 4237 5
B % . GCTR £ Rank-1.Rank-5.Rank-10 /)
BOR% A L 7E CUHK-PEDES 1 ICFG-PEDES % #
£ AR TF AR B, D PR AT A A dfe /b X6 LA
FEE B R T2 22 o T R ROR R 2
5 CSKT M . GCTR 7 Rank-1 1 Rank-5 |4}
B 0.80% 0. 25 % MH T, 1M 7€ Rank-10 - W #77¢
FH2EME SRR AR I CSKT Ay J 4 o] RE & 76 E &R
23] b, CSKT BB T g =4 ) 2% T 45 4 T/l — 4~ 3¢
AHE IR B AT AN AE B 25 500 GCTR W8 25 &
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Table 7 Performance comparisons of GCTR with SOTA models on RSTPReid dataset Unit: %
N ol LA Rank-1 Rank-5 Rank-10
CMKAPH (2021) ResNet LSTM 37.60 61.15 73.55
ViTAA % (2020) ResNet LSTM 38.45 62. 40 73. 80
SSAN 7 (2021) ResNet LSTM 43.50 67. 80 77.15
TIPCBE (2022) ResNet BERT 45.55 68. 20 77.85
LGURP™ (2022) DeiT-Small BERT 46. 70 70. 00 78. 80
CFine * 91 (2023) CLIP-Vit BERT 50. 55 72.50 81. 60
CSKT ¥ (2024) CLIP-Vit CLIP-Te 51.75 76.10 85.56
cLIp- CLIP-Vit CLIP-Te 46. 85 71.59 79.10
GCTR (Ours) CLIP-Vit CLIP-Te 52.55 76.35 82.76

Note:the best results are in bold;

3.5 HRAIY

3.5.1 LM ek
Al 923 75 CUHK-PEDES ¥4 4 FyE47.

2 8 ik . No. 0 %5 % A TmageNet ¥4 4 Wi Il %k

# 8 GCTR 7£ CUHK-PEDES #{#E % F &M E R 1e

represents the experimental results reproduced on this dataset using open source code of their paper.

B ViT F Bert 1E A FAZ RN SCAS 1) 45 AIF Bt B S o A5
AL, 56 A CLIP, P X ¥ in CMFE & TFR,IFR
PCS 5 He {45 A gk 17 5 Eb S 56

Table 8 Ablation experiments on each module of GCTR on CUHK-PEDES dataset Unit: %
- o Mol
No. Model Rank-1 Rank-5 Rank-10
CLIP TFR IFR PCS
0 Baseline 57. 36 77.49 85.98
1 Baseline + N 65. 24 83.27 89. 48
2 Baseline ++ N / N 68.72 85.41 90. 79
3 GCTR N N/ N, N, 70.17 88.13 92. 46

Note:the best results are in bold.

B No. 0 Fl No. 1 BEAT 8, X HE 366 o A
L ARBFFRERERIZEINA T CLIP J5 . 7E Rank-1 1427+
7.88%0 . AHLE T EAAE S PR SCAS R AIE £ H I 25
R WAL PRI 2R A B AT O iR 7% it IR AR A 1 Sy
TERYBE S, XIEB] T CLIP WA 2k, X E 8 W
No. 1 5 No. 2,CMFE 1 TFR #He Al IFR BB 1 fin
AT AE Rank-1 42Tt 3. 48 %0, 3 1hd B 184 5 45 —
SCA 55 BIMG W REBE REAE , BB T BT AU A SO 5 R 2
[i] AR IR 5 K A DE BC Ik R BE ST . M No. 1 5 No. 3 1)
el LA L ZE A PCS B 5 L 52 3 ) CMFE
1M A CLIP ZJ5 AR fE Rank-1 L ARLLEETH T
4.93% . iEW] T CMFE A %M. M No. 2 5 No. 3
1 T LA B, PCS AR H I b 78 L E AR AE Rank -
1 ERETHT 1L45% 0FE B T PCS 8k G 95 4 2 b 34
SRAT N EIG A HT SRAIE AR B S R s i s

A M P T DR 3R, AT 5 SCAS A DL AE 2 4T B A
DL,
3.5.2 B ER-4 By IR B R eE 5 W A

XFF Rank-1 15 KAA 5 e /ME , A W58 £ XA
[Fl 2 9 S ms , & 10 > epoch AT T — IR MER R X L
W 9 PR, AHF 5T 048 T 6 81 2 S g No. 5 i 15
Rank-1 e F# e T H ALK NS, 5 B AT f b 10 5R
& No. 4 M F s Rank-1 S fR#A L) 100 4T, Hal
il CMPM + CMPC i 2k i Fh il F #1 2% 3R mg
(No. 3) & J5 Tf#i J§ CMPM -+ CMPC # % ¥ 17 J5) &8
REAEXT 57 LA Triplet $52 SE 47 42 Jay B AiE A 45 2 5 s
(No. 4), {3 CMPM+ CMPC $ 2 B 56 13 )R & A9
T ETE SORF R RRFIE B VLR, X F A5 SOk
& JR e B AR AR A5 B BC X e = SCTE L 1M Triplet 8128
FESCHR40,41] FEZUFI T HAE & R BEA VE F X
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BAHFRM R, Rk, &85 E S H CMPM +
CMPC i 4¢3 47 Jay 30 SR 1E X 55 1) Fe il |, % 4 5 4
K9 AEMEEMTH Rank-1 ZEE A epoch B /M E X Lk

AEAE AT Triplet 451 2% SRS , s 144 R0 T 4 Jm) £ 8L
MR TE

Table 9 Comparison of accuracy of Rank-1 at each epoch under different loss strategies Unit: %
s P SR g {E 5 .
No. Loss strategies Range [0,10) [10,20) [20,30) [30,40) [40,50) [50,60]
0 Global: CMPM Min 28.41 49. 41 65.48 66.53 67.23 66. 58
Local : CMPM Max 48. 43 66.76 67.93 67.98 67. 84 67.85
1 Global : CMPC Min 29.07 49.37 66. 69 66.76 66.95 67.19
Local: CMPC Max 47.12 66. 94 67.91 67.98 67.94 67.97
9 Global: Triplet Min 31.15 53.22 65.76 67. 36 66. 71 65.67
Local: Triplet Max 47. 24 66. 74 67.90 67.93 67.99 68. 10
3 Global: CMPM+ CMPC Min 32.19 56. 32 66. 96 67.81 67.00 67.10
Local: CMPM-+CMPC Max 54.92 67.51 67.93 69.07 67.93 67.97
1 Global: CMPM~+ CMPC Min 33.68 59. 86 67.05 67.75 68.16 68. 27
Local: Triplet Max 57.34 67.97 68. 83 68.79 69.12 69. 85
5 Global: Triplet Min 34.56 59.90 68. 47 68. 18 68.27 68. 28
Local: CMPM -+ CMPC Max 56. 67 69.92 70. 08 69.78 70. 07 70. 17
Note:the best results are in bold.
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Fig. 4 Diagram of a parameter setting
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The man has short,
dark hair. He is
wearing a

and a
pair of long pants and
he is in dark shoes.

The man is wearing
glasses, a white long
sleeve shirt and blue
jean shorts. He is also
wearing white
sneakers and is
holding a

The woman in the
picture is wearing a
white shirt,

, and slide on
tennis shoes. She is
also carrying a large
grey tote purse. She
has short dark hair and
is also wearing glasses.

6 AT AR

Text-person retrieval visualization
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GCTR: A Granularity-Unified Cross-Modal Text-person Retriev-
al Model

QIN Xiao"**,ZHANG Jinyong' .GONG Yuanxu', WU Kunsheng' . HUANG Haojie',
CHUN Xin', YUAN Chang'an”*" "

(1. Guangxi Key Laboratory of Human-machine Interaction and Intelligent Decision, Nanning Normal University, Nanning, Guan-

gxi,530100,China; 2. Guangxi Academy of Sciences, Nanning, Guangxi,530012,China; 3. Guangxi Regional Collaborative Innova-

tion Center for Multi-Source Data Integration and Intelligent Processing, Guilin, Guangxi, 541004, China)

Abstract: The existing text-image person retrieval tasks-lack the attention to the semantic connection between

text and image and neglects the granularity difference between text and image features. In view of the prob-

lems above,a Granularity-unified Cross-Modal Text-person Retrieval model (GCTR) is proposed. Firstly,

GCTR utilizes the contrastive language-image pre-training model, which possesses the cross-modal transfer
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learning capability,to obtain text and image features with basic relevance. Secondly,a Cross-model Feature
Enhancement module (CMFE) is proposed, which utilizes the Enhanced Cross-modal Feature Codebook
(ECFC) to obtain text and image features with unified granularity,solving the problem of granularity differ-
ence between text and image features. Finally,a combination of local and global matching loss strategies is
employed to optimize the model training process. The retrieval evaluation metrics achieved by GCTR on three
public datasets CUHK-PEDES,ICFG-PEDES,and RSTPReid surpass those of existing state-of-the-art meth-
ods,demonstrating the effectiveness of the proposed GCTR model in cross-modal text-image person retrieval
tasks.

Key words: cross-modal retrieval ; text-image retrieval ; person retrieval; visual language pre-training; granulari-

ty feature enhancement
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