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Research on person retrieval algorithm based on text-to-image
cross-modal knowledge distillation
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(1. Shenzhen Institute for Advanced Study, University of Electronic Science and Technology of China, Shenzhen 518110, China;
2. School of Automation Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract: Current text-to-image cross-modal person retrieval algorithms overly rely on vision-language pre-
trained large models to improve accuracy. This leads to issues such as large model parameter sizes and high
computational requirements, making it difficult to meet the practical application requirements such as edge
deployment. In light of this, this paper focuses on the lightweight aspect of vision-language pre-trained large
models. It introduces a multi-modal joint distillation and complementary supervision strategy. Based on Huawei
Ascend platform, the paper proposes a text-image cross-modal pedestrian retrieval algorithm based on a three-stage
progressive knowledge distillation approach. Unlike the traditional two-stage approach that only performs
independent distillation for each modality, this method first conducts distillation within the image and text
modalities separately, and finally performs collaborative distillation for cross-modal semantic association in the
shared latent space. Experimental results show that the student model has only 14.77% of the parameters of the
teacher model. Compared with existing lightweight methods, it achieves effective improvements in mAP on the
CUHK-PEDES, ICFG-PEDES, and RSTPReid datasets. It also realizes real-time inference performance with an
inference time of approximately 23 ms for processing a single text-image pair on edge devices. This study confirms
the effectiveness of the three-stage progressive knowledge distillation method and provides an effective pathway
for the domestic implementation in scenarios such as personnel screening and intelligent security.
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Fe bR 3 E % B Rank-1. Rank-5 1 Rank-10 47
P . Rank-K VEA $6 b5 T 1 B K R R QAL AT
K MRS R e A 2ok . Rk AON:

1 k, <K
Rank-K (¢) = 4 18
ank-K (q) {0 k> K (18)
Rank-K = - > Rank-K (g) (19)
0144

KA, kN EWER RN TLRCEE R |oE
EHESFIKDN, B4 Rank-K f b A AT A £
] Rank-K {H )P 3518

mAP AT Fa b i I XS BT A 2 ) P A8 B
T80, BeE A SO B Z L B R T
RMERE R . HFREIXN:

Y
1
mAP = — AP 20
0l Zq_l ‘ (@0)

X, AP, PG FPPAHREE (average precision,
AP) .
32 ZWRE

B SC BB EAAT N B AT 550 SRS B8]
YHRL BERRAE XS S5 3K, BL & Transformer £ 42 )7
5 JREBA5 207 T AN E 2 B35 S LS 7 1 1 e
Jo ARIAEZIMER S 22 A BIR e BOh 5k H T
%:T Transformer JEHYIIEAY . HAKT &, ALk
F IRRA™ 7758 =T W EAE R OMABL R . 7E22 4
B Ry, H BRSPS RBASAT A RS )
HRRZ TR M AL TP IR R B, BRI 61k
B RNZAT 55 P VERE B U s, ASHF FU %
7 TinyCLIP"™ J7 7% 1) xsmall A5 75 B84 . /N A5 Y
I L S ZHNER 1 s HEITEEARIALL,
AR E FIL T RE RS, SRS ENN
HOMRER ) 14.77%. Horh, SOR gt & 2 5 L
RBIMBLRL 22.22%, EIZR gt 48 S50 2 1%
ZEHUTRAL 9.30%.

®1 FUNERNFERBNEENSH

B
WY R SLL L

SUAR GG B

EgmAKRAD B %E kBt ZHEM tokenfI A KE B8 W Sk SEEM
B2 i 512 384x128 12 768 12 63 77 12 512 8 86
ety vt 512 384x128 10 256 4 14 77 3 256 4 8

TERIRZR TR Gl fErh,  SOARS NTE 7 21 T
Ja o Bl IN “<|startoftext|>" 1 “<|endoftext|>" ¥z
0, DA e ORI S, A g — B WsE R
% 77/ token MUK B . U SN T Jo e i 2 384
128 K/, Bl JE R TIER AN 50% HIK-FEIE:, &
PAT 10 MR R B4 FHE 7R FF 34T 384%128 [HIFHAL
HEY, 5 E N XN 0.02~0.40 1 BEATTEE B
g, EZERET, AR NEEE RN E
iok 2 A AR ] 5 BER 1 B0 AR TR 34T b 3L

ENGSHEEF, KCEH Adam®” L5
HEAT B BE R BRI AR B, T 1R $08,=0.9,
B2=0.999, HIUH2: > ZF A 13107, BEZ AN

4x107°, BN B RFSE 60 4> epoch, ik K/
[ 78 /9 640 2% ) U0 BESRBE K H & T S R %
A ST, JT 5 A epoch #EAT M 1x107° JF
RIS AT R L. ATk 1R
B RFBEE NT=0.02, ZEIRHUR IR KA E N
7=0.5. 55 bR AL AL R 30 o 2R FH Y B 202 083K
W&, HAREhZe &l 3 Fos. A T IR A St
PRI GRRR, FEAEBAR A TinyCLIP!'™ J7
L) xsmall B AT ZEWI 6L -

AL A BRI ZRA0 T3 AE N G Atlas800
552 6 BibAT . SEEGSP B B AR B an R 2
F7R o
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1.0
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Lf*f‘*fff'\
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R

0
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Epochs

K3 HURBREUINBUREL o I BOaE i it 4 5]

*2 BREANGIRTEREHER

FA B2 HME/RAS
IR % 3% Atlas800 9 000
o, CPU L*é:jaﬁféﬂg%%om
NPU A NE910%8
BAERS Ubuntu 20.04.6 LTS
M 5.4.0-26-generic
Xz 23.00 kAR
WA I 7.0.0.230 VAR
CANN 7.0.0.alpha003
Python 3.8.2
PyTorch 1.11.0

3.3 HRRSCIE

NRGRAEA S A, A
T A HERRSEE, R ERE R BURALE
VRS . AR5 BUR BT DA SRS 2R A A
YeFERIT 0T, RN & RS R S e
PERE H 52 AL o
33.1 EAWBREERHK

BT S BB RS AT NS B AT 25 % 4R B R AIE 4
BIREJTIRFREE SR, AN SCH SR HR ZE R R R i
IE REOHAT RGN L. RS TR [38] O EE R 4>
BT, R R B v MR AR 2 16 5 453 % bR EIO0) TR M SR
A RS AR SR, X 7 B B AR 5 DL T 1 S
RIS IT N RS ARG EEME. Ak, A
1E Cross-model KD FNIHZZ AT VENEZE N, ARG
T 1E{0.5,1,4,8, 12, 20} RHELRL G (K S0 . 7F
CUHK-PEDES ##i4E 52t B ink 3 frs.

S E R FE, M=051F, AL mAP TE
br EEUS R (46.06%) , [FNFLE RS Al R10
fabr EARFRRAR AT . HFEREIZ, BERr=4 i)

RI $8& b5 i 3 & {H 49.81%, {H H mAP {8 B8 (K T
7=0.5 M E . X PG ER I BAR RS R E0H F
TP AR AE AR FE DT E A e B 66 0, Tk
i R (Wr=8) 2 FEU AL B OCTE 4y
TR ZAL R RN . FET L A REVEAY, JR8seit
PR A w=0.5 fENZEBHRINEE S5

®3 FRIBRKBEERBUHEMSIBER

RESH R1/% R5/% R10/% mAP/%
0.5 49.76 73.78 82.83 46.06
1.0 49.77 73.57 82.78 46.03
4.0 49.81 73.67 82.75 46.05
8.0 49.72 74.04 82.70 45.89
12.0 49.68 73.65 82.83 46.02
20.0 49.69 73.69 82.85 46.02

332 MR HFAAE K

ASCHE I =B B QR 2 TR RE SR B B
535 R B B H AT 55 450 R A 2R A5 R IR 24 5
Fifge N T IRAAT S350k 5 2804 i i R /E F AL
i, ARSCHRHIFHE T 3 Mk R BN R o 1)
WA NS BEEME (a=0.9) . RILFEIRAN
AW G 3 i) o Hdr, RILFERSRIETE
ZRATI (0~10 epoch) [HET=0.9, JIZREH (50~
60 epoch) [H 7€ r=0.1, H[E] ¥ B it 42 5% bR B0 AT
TR . LR RWE 4 s,

S R, B X el R TR S T b L
YIS R, #£ CUHK-PEDES. ICFG-PEDES
s 4 - mAP 1H 7 ik ) 46.06% 19.70%, %
[ 5 A E SRS o AR TF 0.98%. 1.09%, {HH T
RSTPReid £ #5 4B /)N, 5 AR 25 UL L 5% F AH X
fa7 B, IR BB 3 AN TE 11 epoch 72 45 Vil B i
e, 3 SR I e 22 BE AN K . 1% SR IS TE VI S )
(0~10 epoch) TREFREZAMNE («=0.9) , fif
AR AR TR SRS R R S s AE IR
1 (10~40 epoch) ZLFL A a=0.3, R H
FRALBE ST AR B (40~60 epoch) E— &
Fa=0.1, RSB ERIRAETE ). L4,
FAE B T X Fhsh &Pl A Sk 7 aiiE R S
PRI 9 3& B 2 (8] 5K 7 6

R4 KRB RBOET R HR R0 ES o
g CUHK-PEDES ICFG-PEDES RSTPReid
EIRE]
@R R1 RS R10 mAP R1 RS R10 mAP R1 RS R10 mAP
0.9 ([&EE) 48.44 73.29 82.28 45.08 35.70 58.76 68.36 18.61 34.55 64.35 74.65 28.54
ARIEIEIR 48.73 73.60 82.41 45.46 35.96 58.96 68.60 18.79 34.90 61.70 73.80 28.20

Bt 302 vk 49.76 73.78 82.83 46.06 37.40

60.22 69.92 19.70 34.70 62.50 74.85 28.34
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2 RS B RS0 IE 2 AT E AR AR,
TES ARSI [ B AT 45 %o Ll 27 5] N2 AR BT 5 A
B XGRS ) 2 R B E R R £
ZE R SIS R, AR SCAE S MoTIS [ A5 2 J fil
b WINT = BN 2SS FIRZE TR 1B
BRH) 208 458 % R B0 f T LIpEoNCE - DS IE L S5 4E
%ﬁ%@@%ﬂ@@“i@%ﬁ%&ﬁai%%
RNFE 5 s, HPhOREARTEIT MoTIS J7iZ%.

RS5 EFMKHMINER

Liask Lkxp CUHK-PEDES
FF'5 7 InfoNCE
Lisips  LGRNCE LRENCE R1/% RS/% R10/% mAP/%

5549 7843 86.18 50.95
58.48 80.62 87.39 5351
58.82 80.52 8735 53.55
57.77 79.61 8733  52.77

©@Ooe
<2 X =2 X
< 2 <2 X

\/
\/

TR SRR, @5OMERMY, HENRS
BARTEREIR b mAP KRG, QFIEM. XABL T
5 =B BURITR 208 o R (0 2 R AR R 5 HOMAR AL 52
MBS I Rk . AR, E@H, R AE
PR | B AT 555068 b2 S0 R 2 A 50 5 2 e
RUAZ OB R LU 5 2 B iy S B PR RERS AT T %, 3R
XML B R AE R R AR R R P A S R R
FART S, 2R B A 550 b 2 S i 2 A A
RAEE SRR SR @A T, RS
SR 7Y A SRS X b2 50 U 23R 2 AR R 0 55 2
IS T CUE B ) B A A1 LA . SR 0L T,
AT EHEN A A B e 2], e & 2R &
M FF a5 8, DI N7 A A — SRR 4
W, RINKRIERE TR, K, KA R8540
K5 ZRABAR K 1 LA > SR RE S S8 AT Ot 5 T 7
AR RE

RT BRSEIBG AN

RigHK
L5 BT 5 = B AT £ R A
S U P RO R, LU 2500 S
@ AR B A Laee) » BFFIBE A LA RIR 2B
2 S LKL | LFD 01 15D 5 5 Ak T il B

Mo SRS A5 R UIZR 6 P o
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R 6 FIBIAAHMLNER

R Lhe Lo L R1/% R?/E’i,HK ;?OD/E/OS mAP/%
© x x x 58.82 80.52  87.35 53.55
@® \ x x 5931 8090  87.75 53.94
@ x v x 58.82  80.51  87.46 53.56
® x x \ 59.15  80.60  87.62 53.77
@ \ v x 5932 80.88  87.67 53.94
® x v \ 59.06 80.51  87.62 53.76
® \ x \ 59.44 81.03  87.78 54.07
@ \ \ x/ 5952 81.08  87.80 54.12

LI R R, O REE, ML
£ mAP B KRB a, @M &HRiEls LTS
FRLBFET, U B IR RAIE BE B 28 TR0 2R 1 B DT ke
55, @F—ERHA, HREKTO, HAOL34
SR, AR AL AR B BAME . 1245 R
FBTE Lyase ZE0i_E VS IN 2 15538 28 140 2R i B Re W
— DRI AR, LA T ECE 2B A
WRZRTRYT K 1 A B r) ZROABE 2 2 2] (1) 23 a] - A
MG 58 1B RE B AR 55 B RE /1. B, AL
TEEE = BER I R ekt 5 O—5.

34 FEBRAZREG AL

B UE A SCEE R et 1, AR SCK InfoNCE
X Bl A5 % R B 2 AR AR R 1K 7 v . Cross-model
KD 73 o AR SCE I BB B IR 2SR U7
MoTIS". ConaCLIP™ J5 % Al CLIP-KD™" J5 23t
A7 TP EESESS, SEERZE RN 7 PR

%

. CUHK-PEDES ICFG-PEDES RSTPReid
Rl R5 R10 mAP R1 RS R10 mAP R1 RS R10 mAP

InfoNCE-based" 50.20 73.78 82.31 46.31 36.58 59.11 69.13 19.12 34.75 62.65 74.80 27.97
Cross-model KD 49.76 73.78 82.83 46.06 37.40 60.22 69.92 19.70 34.70 62.50 74.85 28.34
MoTIS™ 55.49 78.43 86.18 50.95 4215 64.74 73.28 22.63 39.30 64.20 75.95 31.49
ConaCLIP™” 55.98 78.48 86.26 51.36 42.60 65.15 74.01 23.14 39.20 63.85 76.25 31.13
CLIP-KD?! 53.79 77.76 85.58 50.33 41.58 64.16 72.93 22.50 39.95 67.00 78.60 32.07
AL 59.52 81.08 87.80 54.12 47.63 69.06 76.72 25.77 42.00 68.75 79.05 33.52
HTRER 73.70 89.56 93.58 66.24 63.80 80.43 85.78 38.22 59.55 82.10 88.40 47.07

SIS SE R T, AR SCITETE 3 MRS o )
R T HOMFL AL mAP 45 bR ) 81.70% 67.43%.
71.21%, AHE T it FL 2k MoTIS 7775, mAP $8Fx

SRR FE T 3.17%. 3.14% 1 2.03%. £ R1 $5#n
b, AR S InfoNCE-based % b 2% =1 5k
VITESRTE T KBRS M RE 3R T, 76 3 D4 b
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SEEF T 9.32%. 11.05% 7.25%. 745-5E T THHEZE RIS EAS XS SFRE ST, AR ST E TR J
ATSCHRE A = B B gk R AR TR HE QR R 1 45 T RGN M. A Grad-CAMP J7 755t 224

J Py > | > N —1
S VERE DR FF 7 A 01 TSR RN S 2 X o 0 2 7 i J — AN = I B Rt
3.5 AR EUE AN SCAAS B O BEEAT T AT AL, ATk

T IRNTVEAG AR S ) = i Btk SR 28 SR E 4 s
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@ o
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=
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c. RSTPReid AR #4 7 B w4 Ak
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A s BT B, AR R R — R
WA 5 O AR A 23 A ) 1R = 345 B R
VERE /7, WK 4a ) “backpack” “sneakers” I
“ hoodie” %% J&j ¥ 1A ifF , 4b ff] “ ers”
“ backpack” 45 Jaj &6 1] 1, K 4c B ¢ yellow”
“jacket” F “trousers” & JmHBiA1E . MhAb, A
RIS A AR AE SO G 6 2 5 J — 200 i 2 R S AR
ik CInfEl 4a FIE] 4c SCAHR) Refs HA AU
B T A 3 1) R A R EAE R, TR R K SO
(AN ] 4b SCAHIR ) 22 AR O (145 B 5 B
BAYAE b2 5 73 B

ZREr 3 R A H AR5 1 A L T AL &
RME, BT AR 0 =Fr Bk iR 2 HE
BRI GRAG B 2 AR, FE XU bS8 1 i e — N
B Z RS A R 2] B 5 BT AL S  AH AL R
HEERER ). T AR S HERE DT
POMREAL, HAER G — = HME B oS R 1 5 8Um
RUAHLCARAE — 8 2 7 EEBAISCAR g h, 24
BT JR 545 S ) S 3 B B Bz
3.6 IEIRFERTINR

FE Atlas200 -5 B R A 22 A R EAT A
BIHEBFES MR, FEr Gt 7 3CA G & A AR
i as OM B L BRI HERRFERT, Wi 8 PR

SRR A RRN, AR EAN AR AR L 2%
Bk LR HERR I BEIA B SEit b B K F,  Ab R ERAN L
A—EMG T FIHEEERS 8] 2928 23 ms. o, SCAH
KIG FR R HEER I (8] 23 52928 2 ms A1 20 ms, 53
DTSR AH EEAE BRGNS 22 B 4 T 5.78 A1 3.47 1

#* 8 IMEGRHEEFEMXIEE

ms
&Sl SCA G A FE A P15 2 i B FERS
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Egany it 2.46 20.45
:I: .
4 LERIE
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