E-mail: jig@aircas.ac.cn Ep@%(’ﬂ%?]ﬁ 1257

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O EERERFIRIRIAE

RERSHES:TP391  XEFRIRE: A XEHS: 1006-8961(2025)05-1257-15

35| A& :Zeng R H, LiJ L, Zhuo Y S, Duan H H, Chen Q and Hu X P. 2025. Iterative optimization for video retrieval data using large lan-
guage model guidance. Journal of Image and Graphics, 30(5): 1257-1271 (R i3, , 2250, wiZ80R, BOfFid, BRar, B4, 2025, Kif sG]
TR R B E AL . T EEREIE 4, 30(5):1257-1271)[ DOI: 10. 11834/jig. 240545 ]

RIESFRES| SRR ZRETEER AL

W, R R R RRC B, Fz%%%‘** o A 2
1. YL SR N TR RERFTE S &I 5181725 2. By IRAHIEUE ik 53 E TH A S0 Il 518172;
3. GRS f il TR G, DIl 5180605 4. JRAFI Y i 73 A frﬁmﬂ e, B3 5005

B E: BY WPCCREEESKR B TE U S04 & I PG 2R 1 X E 5 45 58 A0 SCR AR i A sl
WP BE S WA e 1) BN T 2 — o IR U 1 R IR A T Qe 3 e AR A A R R A [R) A DR C L E 22 T
H A EE SR AT AE — A2 9 SCAK I 22 A0 Beal o AT IRl R 32 ) A 1 2t A% rh vl i 3 OB B IR ¥, il 204
RIPERE . ML, 48— R ORI J R AL S | A IS REE A o3k G 58 SCASRH LR 5 o2 Hh A3l
AR A — X 22 TR 1) 25 34) SCAS KXo LR AR, I 31 BBORILARE HP A Rl 300 SOAS Il iR R % 2 TR AL 600 i 14 55 4
AR R X B A SCAH A B B P B A5 U0 A0 S TR B 1 A ) SOAS . il e T SCAS
SORHRRYIEARSEATFINT , A SO T 3R IR HEAT T — R A BB LA B , TS WO Ak A i) SCAS o 541
L5 BB T CSCR S BES I R BRI 2R SR TEMIUT B RIT S5 b 4Rl & I 45 BRI ZE ] T AR S
T EAA G B Charades SCAS I FEFR 13 (charades-sentence temporal annotations , Charades-STA ) BARE AT 23
Jf- 1 (intersection over union, ToU) 4y 0. SHF, ¥ — 4 [F]% (Recall@Top 1, R@1) F-HJ4E T} 2. 429% , 7 565 1 ) WLA3 125
JEHF ZIAE M (query-based video highlights, QVHighlights )44 I, 2 Fl il 28 W A0 SF- 3 T 3. 42%, ZERRSTIRG 2
R, 2 Tl At 285 [0 285 A TR 7 SR AR A AT SC AR K6 2R ( Mlicrosoft research video to text, MSR-VTT) £ 45 42 i) R@1 15 5 1542
TH1. 4%, S5 $E 0RO 5 RS | S A UG R EAE AU 12: , Gt T BCi 4R T AEAE B9 — X 22 ), i A
HIPERE B LT

KRR AR ; B RS 5 BTSRRI X 5 5 i S AL (LLM) ; Bdla Ak

Iterative optimization for video retrieval data using
large language model guidance

Zeng Runhao'?, Li Jialiang’, Zhuo Yishen’, Duan Haihan'?, Chen Qi*’, Hu Xiping'?
1. Artificial Intelligence Research Institute, Shenzhen MSU-BIT University , Shenzhen 518172, China;
2. Guangdong-Hong Kong-Macao Joint Laboratory for Emotional Intelligence and Pervasive Computing , Shenzhen 518172, China
3. College of Mechatronics and Control Engineering , Shenzhen University , Shenzhen 518060, China;
4. School of Computer and Mathematical Sciences ,Adelaide University, Adelaide 5005 ,Australia

Y75 B #:2024-09-04; & 5] B #A : 2024-11-27 ; FEN Z< B #5:2024-12-04

# BISIEE A7 qi.chen04@adelaide.edu.au

EETA : HE AR TH (62202311) ; RYITH & 4 BeAca @ SCREHHRIT5 H (20220809180405001) ; I T8 F5 R AIH A B 32551
H (RCBS20221008093224017) ;] 4348 F:fi 15 0 F BRI 95 3 4300 H (2023A1515011512) 5 43748 T s AUk 2% 114 (2018B010107001)

Supported by: National Natural Science Foundation of China (62202311) ; Shenzhen Natural Science Foundation (the Stable Support Plan Pro-
gram) (20220809180405001 ) ; Excellent Science and Technology Creative Talent Training Program of Shenzhen Municipality (RCBS20221008093224017) ;
Guangdong Basic and Applied Basic Research Foundation (2023A1515011512) ; Guangdong Provincial Scientific and Technological Funds
(2018B010107001)

HEFIR https://www. cnki. net



1258

PEEREF R

JOURNAL OF IMAGE AND GRAPHICS Vol. 30,No. 5,May 2025

Abstract: Objective In recent years, video-text cross-modal retrieval has garnered widespread attention from academia
and industry due to its significant application value in areas such as video recommendation, public safety, sports analysis,
and personalized advertising. This task primarily involves video retrieval (VR) and video moment retrieval (VMR) , aim-
ing to identify videos or video moments from a video library or a specific video that are semantically most similar to a given
query text. The inherent heterogeneity between video and text, as they belong to different modalities, makes direct feature
matching highly challenging. Thus, the key challenge in video-text cross-modal retrieval lies in effectively aligning these
two cross-modal data types in the feature space to achieve precise semantic relevance calculation. Current methods primar-
ily focus on enhancing semantic matching across modalities through cross-modal interactions on existing datasets to improve
retrieval performance. Although improvement in modeling has seen significant progress, issues inherent to datasets remain
unexplored. In the context of video-text cross-modal retrieval, this study observes an ill-posed problem during training with
existing datasets, manifested as a single query text corresponding to multiple videos or video moments, leading to nonu-
nique retrieval results. These one-to-many samples frequently lead to model confusion during training, hinder the align-
ment of cross-modal feature representations, and degrade overall model performance. For instance, if a query text
describes a target video and a nontarget video, then retrieving the latter during training is penalized as incorrect, thereby
artificially increasing the distance between the query text and the nontarget video in the feature space, despite their high
semantic relevance. This paper defines these problematic one-to-many samples as hard samples, whereas one-to-one
samples are defined as easy samples. To address this issue, this paper proposes an iterative optimization method for VR
data using large language model guidance. By leveraging the built-in knowledge of large language models, this method aug-
ments one-to-many video-text pairs with fine-grained information and iteratively refines them into one-to-one mappings.
Method Initially, the dataset is divided into easy and hard sample sets based on video-text similarity. Specifically, the
similarity between the query text and all videos is calculated. If the similarity between the query text and the target video is
not the highest, then the data pair is classified into the hard sample set; otherwise, it is classified into the easy sample set.
For videos in the difficult sample set, several frames are uniformly sampled and inputted into an image-text generation
model to produce frame-level descriptive texts. This process aims to capture fine-grained information, such as objects not
described by the query text, detailed appearances, and color attributes in the video. However, given that multiple frames
may contain similar scenes and objects, the extracted fine-grained textual descriptions are often redundant and noisy. To
address this, an iterative optimization module based on video-text semantic associations is introduced. This module com-
bines the original query text with fine-grained information extracted from the target video and integrates it with a carefully
designed prompt template, which is inputted into a large language model. The model then generates a refined, fine-
grained, and unique query text. The quality of the optimization results depends significantly on the design of the prompt
templates. The templates include the following key elements: 1) clear task descriptions; 2) relevant examples that meet
specified conditions; and 3) specific requirements, such as extracting co-occurring content across multiple frames during
summarization. The emphasis on co-occurring content is justified by two key reasons: first, such content often carries criti-
cal and essential information; second, summarizing shared elements effectively reduces the likelihood of introducing erro-
neous descriptions. High-quality outputs from large language models typically result from multiple interactions with the
user, as these models can refine their responses based on user feedback. Inspired by this, the study aims to automate the
optimization process without requiring predefined interaction rounds. To further optimize the fine-grained query text, an
iterative condition based on video-text semantic association is designed. Specifically, the optimized query text and corre-
sponding video are encoded through an encoder. If the similarity of the extracted features in the feature space meets a pre-
defined condition, then the optimized query text is deemed satisfactory, and the optimization process is terminated. Other-
wise, if the condition is not met, then the current optimization results are used to update the prompt information, and the
query text is further refined iteratively until the dataset no longer contains one-to-many issues for any query text. Finally,
the optimized data are used to train the video-text cross-modal retrieval model. Result The effectiveness of the proposed
method was validated on multiple mainstream video-text cross-modal retrieval datasets. In the VMR task, four neural net-
work models trained on the Charades-STA dataset and optimized using the proposed method showed an average improve-

ment of 2. 42% in the R@1, loU = 0. 5 metric, with a maximum improvement of 3. 23%. When loU = 0. 7, performance
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improvements reached up to 4.38%. In the QVHighlights dataset, the performance of MomentDETR and QDDETR

improved by 5. 48% and 1. 35%, respectively, with an average improvement of 3% when IoU = 0. 7. In the VR task, two

methods demonstrated an average improvement of 1.4% in the R@1 metric on the MSR-VTT dataset, with a maximum

improvement of 1. 6%. These results demonstrate the proposed method’s effectiveness and its generalizability across differ-

ent datasets. Conclusion The proposed iterative optimization method for VR data using large language model guidance

effectively alleviates the one-to-many issue in datasets. A single optimization of the dataset can enhance the retrieval perfor-

mance of multiple methods. This approach offers a novel perspective for video-text cross-modal retrieval research and pro-

motes advancements in related technologies.

Key words: video understanding; cross-modal retrieval; cross-modal feature alignment; large language model (LLM) ;

data optimization
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Fig. 1 The existing cross modal dataset has an ill posed problem: the same query text may correspond to multiple videos

(dashed arrow)

2 A ITIEAEARIMEREAEA AR R YERE
Fig. 2 The retrieval performance of existing methods on

samples of different difficulty levels

AR F R EAT T —Retufe, s IR0 5 SCARTE
TS B S —— XN G AR B A AE AN I
FE (7] 8B I — i fig Je S8 % 5 3) 7E Charades-STA |
QVHighlights (guery-based video highlights) . MSR-
VTT B i 5 B SEg R, A2 BA R
EEIVEG TN T3 (8N e RPN E S T2 /5
THAMERE

1 HEXIE

1.1 AR

TR RS 3R S AT B Mgt () B AT 55 2 — L TE H
R ET ZN . AT 50 H bR R R
PATEE 12 Hh AR B8 28 2 0 2 1) SCARRS 2R H e A o6
I RRAT N 25 o A SOKE B0 BIFIE KRBy 2 Xt

https://www. cnki. net

BT T (A R, AN ARG 2R R, B Y — el
FaA K B AT A5 (Carreira A1 Zisserman ,2017)
1 SCAS (Pennington 25, 2014 ) 278 ik, 45 A 2 21
AL G B B R B8 22 B Rl HILTR R SO TR AR e
8 Ay I8 7 A8 B )RR 1) o, (A AR R B v A
{7140, Chen 25 A (2020) B 54 IUTSCA DT BE 7 4
22 )Ry B Ry GO A T — T iR R A SO
KR A . Yu 28 A (2018) FI 43 J2 18 5 1 #L I
P& T — T AS [R) B ST 28 B K G Y 9 Rl
B

o1 T x5 b B 5 B ) 25 (contrastive
language-image pretraining, CLIP) 5% ! (Radford %% ,
2021 )i 3 K I UG SCAS T A TINS5 e B 1 5K
Rz AGRE T, V7 2 TAETF K CLIP A9 IR 3L
WK ZRAT S5 o X EE 7 B BB IS A A A F SR A AR
Z AN SOOCZ, AT R 4F iy PERE . BT CLIP
JE UG SCAREARY Ty R FTRRAR (4 B e 17 5L, PRt
A 5 38 I s BTN B AR . B
M5, Gorti % A (2022) Bt T — A BB AR B 048
RSk SCA G T3 AR i, DG HAE el
LU T, 2R R ABE TR I 56 1 DA 4 28 SCAR Ry 45 PR
FHOCHATMT . Jin 28 N (2023 ) 813 14 b A AE 15 1) £
J3E 38 3 328 A0 HE L SCA FIAI AR (14 6 5 38 0 A ik o
TOYETHDN AR D R R R . Liu %8 A (2023)
PR T s s Bl B o3 S A5 R, AT LA TR] I 2 R
IR ARG 33, A A CLIP ALY J2 3 AN [H]
APLATAT 55 T o Fang 45 A (2023 ) 76 2 15 4% th 75 0
TRAN Y] A A R, DL A S RS 2R TR L
T S 3022 17 1) v 2 A B
1.2 MR EEER

AT R Bk 2R H 2 DORAE BT R AL b, AR i
28 7 1 A3 SCARHR B 53X A5 A i) SOA TR A AR



$%30% /58 /2025 £5 B

BiiE, FEE, 2LR, RiEHA, Ky, #F5F
KIE S A 5| SRS R HRE AL

RRE PRI

B HBR B, B 5 B A BT E X
6 - BE R 7 8 R0 B N B T
12,1 FETHUE s A B ik

FE R I U e BERG R T ik b B 9 3 3 R A
T T SR E AR PRI i B . X 26Ty
PE e RE I R (R i e B e e BEE R PR
AT AR 25 |« ARAS DU 25 2503 B 25 458 T 5 A sh A ik
(4, FH DR R AT ) 2N 2. Bl , A il SCOAR S5 4
TE R BCHATRE L, R IE A3 LA a2 R DA i
A VCHL Y R B e DG A 4. X — R A1
VEASAN T BN B Hiu s o ST PN 25, 3 2 7 30 A 38
A0 ) SCAR 5 UARECE 2 18] 1) 52 2% SC Ik . Al Gao
25 N (2017) Fl Hendricks 55 A (2017 ) 38 1 { AN [R]
PR () T Bl B 1 ok A e AE | DA RIS B 7 1 50
T T ER HE S sV . Zhang 55 A (2020) %11 T
— A~ YR ][] PR R A S A R AE | DL 3 R TR B 1Y
AN 20, R e m BT A SR R o SR, 3%
S 2 A A i SR A B AR T L /D48 R s ] (H R [ s
SIA T RERAITRITR .
1.2.2 HBEMBITE

53T gk i B sk R, B E
B4 7 AR 005 SRR M i 7 BE T L4
ALK 7 51) 2 2 DR B A i) SCAR N2 . i T
WD AR I A 32 FESE LA R T
JBE < 1) B4 U AR AR VR S B AR R BT bR A2
FNLE B B0, Xu % A (2022) 51 A T R i
LAY BT (R shTE TS S 2R A 50tdi > 1
PN A B A BTt . Huang 58 A (2022) #2 1
S SRR, Pofh T 3 T BE & I8 28 10 32 s
VEHE, BB T R RS A R E TR R EEE . 2) A
FHAT 2 2] AT 22 A e . B, Lei 55 A
( 2021) 5] AT — 4~ 3] viig 1 JE T Transformer [ 45
R B A A G T 55, T4 bR T A S i Ak B
T A B AL B () 75 B . Moon 25 A (2024) 1 ] 135
A A A R A TS R 38 XU 2 DA B b
SR PRI BRI SCAS A 1) 22 ] A AH G

gi b BHE TR 2 I HR 0 R e VF 2R e B
ISR Z RIS TR E MR, SR, X 28 )7 1A T
SR AT XA A P | T R R A 58 AR el e it
i PP AR RE F7 , EN 288 T ASCTR B R A B
FELER AN, BIBR T R AR BR PR AR SCAR X Z 51, i
FEAE HA A 5 5 ) SCAS T SCUTRE A e . 7R 125

https://www. cnki. net

AR R X R S AR Y A ) B A B A
V8, NI ER IR RIPERE . B0 b 3A [l , A SO
FF4 ORI AR S | S A UG, R B R AL A T
¥, AR IRy Jo e P s

2 F &

2.1 EHEEX

ARSCRE AL NASFEAKS (R SCAS K 2 B
EHD ={(v.q.)) o, FRHUL q, M o, X
N AT ) SCAS BV g, 3R T 90 A 5 i N A sk
HEFEN . FEMIKRIES H, A — Aok
0 T EATGIE AV = (o) o B 5 & OA
q. S VCIE A v, T TR0 Bk R AT 55,
25 0 — DA AR 0 SCAS ¢, B bR AL 5 i)
SCAR q e AR B me = (¢, ¢,), Ferfre, Rl 53
Sk U R RS E]

PRAT B A SCASAS 28 7 138 8 A B S v iy
v, Ml g FEAE——X N KR . HEEFR b, BT AZbr
0 SCASE RO S AR , /D A Hh a7 55
PR AT IR, SR v, (= i) 5 q fE1E L
VEBCAYMS O . FERXFPIG DT , BRI A T 25,
ST R ST 25 PR g, 5 0, WOBEES L T K o,
AN VERC AAEAS IR T g, 5 o AR Z [ 1Y
PR R = A o SCIRVE . AR SO B AR 244 ir A
XF I 22 A BRI £ ) SCAS g, AT 04, (il HAL S 0,
VLT, FL5 A 0, (j = i) 235 X R ILHRE . Jt
2 KA B SCA TSR 25
2.2 BEEZRIEZ

W 3 7R, W fif e e I AT LI SCAS 5 A 3 K
FEAEEE I i B A7 AE B AN A2 ), A S —
KB FBAR G| R RE B . &
P8, AR SO B AR D iy A B SCAS RIMERE A X 1
H Bl i e A% e v A5 21 R MERE AR 45 D, RN ] BLRE AR LR
Do X T D, A B AT 2 — A 08— 2 3R SCAS X
(v,,q,), BV —MNREMS o € DY q, FIAHDUE
KT o, Flq BIARUE Ch 77 R 32, T SO MR i
B2 HEKD, P Mo i A B2 [0 583 5
P ARL B {7 2 P OB He 45 21 40080 B i 3k ¢, Ml c,io
e, T A SCAR T SCOCHR 1 16 A0 A0 A AR g

1261



o 1 6

PEEREF R

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

B3 RIS RG] S RS 2 e e A 7 s B AR

Fig. 3 The overall framework of large language model-guided iterative optimization for video retrieval data
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AR B E— R R R N4 T, T W i
B BT i . IR IS SRR Ak A i) SCAC AT 3R
A

q.q, = LLM(q, ci,,cl,,) (3)

T SLTE R, X T HAR U o, B T 546 2 1)
q 5O v 22 [8] 1) B R DG PR AR M | PR 2R OR
T RIS G I AU ¢ 1Y 7RI A oAb
P e, PR B o X TR E U, B T ARAEAEXS
JOF ) A 36 SCAS, D3 2ok B e A TR SO A ¢, K
A TR Y LA 5 1) SUAS g
2.5.2  JFETHUSCASTE SOCHR R R A

S RKIE T RALELA N SO AR e
B A S i DL Ak PR A5 e S5 1) e 300 SCA AT T
BORHPRAR . FESEBRIEOLT | Jor 5 55 e 114 A 1 38 ok
SN E R RSV RNE 2/ G/ AN S PPN R
TR LR FH P RSB B 58 3 WA N o [R] I, AR SC A
BRERS H S5 IR OL AT AT 2 BE BRI X 16
W MR K AR — R T SOATE SOOGHR
A EARA AR I, AR m oA R i AT 45k o iR
W AR 0 T 50 0 SCAR R A D AR 1%y e R 5 2R L
GERATE ZOR W (LRl 8 AN 2 5, T2
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KA L2255 2) 0" B A WL SCAS ¢/, 2 B DL o
HICEAER iR v;3) ¢ BT ¢/ Soili L EHIVLHEL, 0
5 ¢ MR RBIEZRT ¢/ BACRUL, K8 A i
BAEXS (v, ¢0) AN (0", ¢ ) 13 SCASFNIT G i 2 04 7
Y, A AL T [W]— e 2s (8] o (A, HERRAE AR AL
NAF A VAR 18 SCOCERIEAR S5 F B

S(o.a) > S(v'4)

S(o.4) > (o', 41)

S(o.4)> S(v.4)

S(o) > S(0'.4))
YRR, BE AN W B i SRR R SR RE | —%
i g, ¢ MERIR &R Q AR R Boe,, ¢
DA S A 18] SCAR g — A 3% [R] 381 R 75 A 80 v S B
1k, B

(4)

¢.q, =M (q,¢c,c.,q.q") (5)
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Fig. 5 Tllustration of iterative conditions for

video-text association
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Z I FRIMEREAR | (K45 52 19 PREREAS (B AR AR 5 TR
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R BOR AR AN I TR R, R TE VI 2R
MR [AIAATE X 25 5 2 KR BRI AL M
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o B HERALS RMERE A (BN

ny = n,/(n, X p/b) (6)

A, n SR N GRBE B9 B, nl Fm BN U R X
BEAR B | n, 2 RMEREA (1) BB, p Rl R MERE
NN SR VS BT 0 e ] 1 R/ G R (OB E AW 2
Rob RFHOR KN, X Ry L BB 0 PR U1 i A
FR B AR DA PRI HE R AR 2 o] BE AR DT 56 R AL
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BiiE, FEE, 2LR, RiEHA, Ky, #F5F
KIE S A 5| SRS R HRE AL

RRE PRI

UL, 4558 — AR BTN U = {ﬁ}ll,ﬁﬂﬁ#ﬁ%mﬁ
PEIBCHATRFAE , SR J5 TS AR SC R, S5 fm (1
K-means B8 1 (Li 1 Wu, 2012) 5 45 ELA /25 B A
AR 9 A0 AT T, DA T I A 35 A0 B B H =
(k) o SRR IEAARN X HI7ET bkt
AT A 0 25 B b

SR 1 ORI RS | 3 0 IR AIAG 2R Bs 1:1A
ik

A IGEARED = {v. .} HAEREALED,
R EAFEALE D

WG B co 0’ (@ /i U TR VE LA A i)
SCAR ¢, v, ql gl 5300 R RS RTIES 5 A4 6E 37 ) 44
KL AR BAEALIS 1 SCAS 5 S CLLLM 43 51 R 4% 5% AH
IYEANEEES B Ay W B NN Bl

St ARAGJS ERSED = D, U D, ;

1) forito N do;

2) ifVj#i,S(v.q,)> S(v,q,) then;

3) BHRPHEALED, = D, U (v, q,);

4) else;

5) BEHRAMEREALED, = D, U (v, q,);

6) endif;

7) end for;

8) fori=1to Dl do;

9) ¢ = yj,j = argmax S('IJ,-, q:);

jell.N]
10) ¢, = C(v,),¢,=Cv);
11) (q’;, q.)=LLM(q, cL,’,ch);
12)  while Al i SOCHEEAR 4 43K(4) dos
13) (¢ q)=LLM(q.c,.c.q . q");
14) end while;
15) Bl D, AW A g, < ¢/ BFID,;
16) end for,

3 X I

3.1 HIEE

A SCTE A BT OSCAAKG RAT 55 EX g 7
AT IAIE AT 55 G AR U R B R ARG 2
3011 MR B i g

1) Charades-STA ZJE£E ( Sigurdsson 45 2016) 4]
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6 672 I, JBs T 2R H W ENIG . 7l
AR, 20504 12 408 41 3 720 1 FUAH A Br—A4
T SCAXT . 210 SCAS (9 P 34K B 8. 6 4~ H i) 1L
BRSP4 h 29. 8 s, BEASFLA R 4 - 35 76 B 5L
BR2.34,

2) QVHighlights ¥ & % (Lei 55 , 2021) £ &
10 148 NS, 55 1 18 367 4 F BOFI 10 310 4> 3¢
AR o A SR BB BN 11, 34240, A
(RSB Ry 150 s, BN B 3HELE24. 6 s
ASCAE 7 218 MEAAE RN A, DL S 1 550 ¢
AR UFSE .
3.1.2 MR R

MSR-VTT % ¥ £ (Xu %, 2016) 43, 5 3 H You-
Tube P 3 () 10 000 A, B4 A A 4 B A
T 10~30 s Z [i], H-BAA 20 23 Sk . X A ds
WD TIRE TSR, Rk RS
Bl bR 2 — . ARSCRAISEA TAE
(Gabeur 45, 2020) [R]F£ 15, 9 000 /> HLAAE A1)
YRAE 1 000 M IATAE Ay 4L .
3.2 KIS

A SCR 156 U1 25 19 InternVideo £ % (Wang
8 ,2022) DA - B A A R A 1) SCAS Hh B BRURAAE
IETHEE AL , F 1300 2 DRIYE RN ] SRR AR R A
WA Sy 8. X T MG AR Az AL, SR
LB i B Y (cognitive visual language model,
cogvlm) (Wang 55,2024 ) B SRAEMUE M I E M 3.0
K TR H GPT4, MUK BRI ZRINE B p i
}0.5, RS RH IR AR CLIP (ViT-B/32) 4]
GRAL T4 TH AL SC I, SR A AR AR A R
JH VideoChat (Li %,2024) .
3.3 EMNIERR

XTI AT 55 , AL SOt H 4 191 28 R@k 27
T, BIVET kR 225 S, RBAZ K 28 HE RH DG AR 1)
Fb . TERUA A BEAE R ATk , R ] Gao 55 N (2017)
T AN 645 “R@n, ToU = o, %465 Bt
TAEITA A REA R 20 LR R AR TE | n 4
R GG TP AR B O B (R B S B Dk
W ao ToU AT T sF B) 25 32 AR L S B (] 85 38 1Y)
3EHF o
3.4 AEERESNHEENERELLE
3.4.1 Charades-STA %545 206 45

R T A R 5 A T A ) 1 S 5 1
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LIS C A IR SO P A AR R R RAAE , R
H Visual Geometry Group (VGG ) (Simonyan Fll Zisser-
man, 2015) il Inflated 3D ConvNet (I3D) (Carreira #1
Zisserman, 2017 ) B RUAH IO REAE o ME— DX 7E T
A SR IR AR 2 4 AR ST AR IS B RE AR 2R AT I
Yro TEFR 1T, X5 BT U7 1 5 2 M e Rt O ik AT
T XF HE SE 5, £ i 2D temporal adjacent networks
(2D-TAN) . moment alignment network (MAN) | fast
video moment retrieval (FVMR) . unified multi-modal
Transformers (UMT) . query-dependent detection Trans-
former (QDDETR) . task-reciprocal detection Trans-
former (TRDETR)) . elastic moment bounding (EMB) Fl1
MomentDiff | correlation-guided detection Transformer
(CGDETR) . i AL AUREA HEAT I 2R AL B 7
R PEfE LA W T, X R@1, ToU = 0. 5,
PERE R P TH T 3. 23%, Fe AT 1. 55% B2 71 .
HToU = 0. 70, PERER A7 4. 38% WYL TH. XL
SRR T ARSI A R

F1 EHAMRLH S Charades-STA HIEEM
THERERT EE
Table 1 Performance comparison on the Charades-STA

dataset before and after training sample optimization

R@1/%
i
ToU =0.5 ToU =0.7
2D-TAN(Zhang % ,2020) 39.81 22.85
MAN(Zhang % ,2019) 41.24 20.54
FVMR (Gao 1 Xu,2021) 42.36 24.14
UMT(Liu%,2022a) 4831 29.25
QDDETR (Moon %:,2023) 52.77 31.13
TRDETR (Sun4%,2024) 53.47 30.81
EMB(Huang %5 ,2022) 58.58 38.95
MomentDiff(Li 5§ 2023) 51.42 27.42
CGDETR (Moon %% ,2024) 55.43 33.33

EMB + fi A5 £l I 25 60.13(+1.55) 40.73(+1.78)
MomentDiff + fifbJ5 212k 54.65(+3.23) 31.80(+4.38)
CGDETR + A58 iilg:  57.90(+2.47) 34.49(+1.16)

T L A 225 5 TR RO e B I R 25 2R

3.4.2 QVHighlights $E 8 5246 4%
QVHighlights #4fs 42 it 17 F T8 Mibs v 19 ik
EME R AR GRS A AE P AN 7 2 D T CARE
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18 S 3 O3 A SR A Y A5 R 2K e S A
BATE 1o RICRTE 250, R 2, ARSI
event-aware Transformer (EATR) . modal-enhanced
semantic modeling (MESM) , Moment detection Trans-
former(MomentDETR ) \QDDETR 54X ¢ /7 ik #4717
PEREXS LS5 o A A SCUL AR AR AN 25, 5
R@1,IoU = 0. 5 i}, MomentDETR , QDDETR J7 72 4
RE 43 3 HUAS 1 5. 48% 1 1.35% I & 2 T+ 4
loU = 0.7 i, PR 5 B PERE V- 242 T} 3%, SEBa 45
RFEIIUE BRSO 15 D 80 9K Sl SO A B 1 BE AR5
AR TR

F2 YRR BIF7E QVHighlights ##E &£ M
HEREXTLE
Table 2 Performance comparison on the QVHighlights

dataset before and after training sample optimization

R@1/%
7k
IoU =0.5 ToU=0.7
EATR (Zhang % ,2020) 61.36 45.79
MESM (Liu%5,2024) 62.78 45.20
MomentDETR (Lei %5 ,2021) 53.55 33.68
QDDETR (Moon 4§ ,2023) 61.23 43.55
59.03 38.65
M DETR + 1 B 2k
oment + Ak B 2 (+5.48) (+4.97)
62.58 44,58
DDETR + fI Bl 2k
Q + B AR U 135 (+103)

TE L7 225 07 EE U5 s U1 R i 25

3.4.3 MSR-VTT £ 45 52545 %

MSR-VTT 415 18 J7 A IA— A i) SCAXT , Horf
R Sk (g REREAR AT 14 074, TSR AR AL BT A TR
FEACRE o0 FEIE o AL , AR SC i PG A H: Hh i R A
f— 023 SCA R AR THEERIERE . HAR T, IR
FEAR 5 R VA DU B AR BL B 22 R T F R RO, T 58
HH — SRR BE 22 A6, F R AL RE 22 L HE 5 e BT 1>
PEATOLAC . AP 6 B R B AT 22 A HE P ) BEA T T
ARRAL , B 5 BCr 2 10 000 1~ #EAT AL . fER 3,
xR AR J5 ik 5 2 Mt Dk AT T SR, £
$E CLIP for end to end video clip retrieval (CLIP4
Clip) .token shift and selection network (TS2-Net) ,X-
CLIP. spatial-temporal auxiliary network (STAN) .

Prompt Switch Fl uncertainty-adaptive text-video retrieval

(UATVR) . Y#845 0 R@1 B, St R4 FEA I 25 )5
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55 F T, AR PR T4 2 AT 5 A e 4E
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5 o ¥

<
—
T

O, 1 1 1 1 1 1

0 2 4 6 8 lIO 12 14
B S| AR EVMIER)

6 MSR-VTT FIMEREAS H A if) SCAS SR IE A/
EL AR AT B AR 3 B 22 (B I R

Fig. 6 Illustration of the difference in similarity scores between

the query text and the obfuscated video/target video in the
MSR-VTT difficult sample

R3 NEGERRABEEMSR-VIT HHEER EBEXT EE
Table 3 Performance comparison on the MSR-VTT

dataset before and after training sample optimization

i R@1/%
CLIP4Clip(Luo % ,2022) 44.5
TS2-Net(Liu%,2022b) 47.0
X-CLIP(Ma%%,2022) 46.1
STAN(Liu%¥,2023) 46.9
Prompt Switch(Deng %5 ,2023) 47.8
UATVR (Fang%5,2023) 46.9
Xpool (Gorti %5 ,2022) 46.6
UATVR + fle A5 Bt i 25 48.1 (+1.2)
Xpool + fLA6 5 B I 25 48.2 (+1.6)

T L P A 25 R AR BRI 2R 45 2R

3.5 HERSCI
3.5. 1 RARARREE AT B S T

FE I R 5 A5 A RO ARE AR S A7 O AR, A%
SCBETE T — AN PR SCAR TS SO Y A A A
B, o T RE A R BT R S5 AN AR
RS 25 25 TR A M AR AR B o 7R 3%
AR A IE B B SR RIS 75 B8 4 55 1
MRS R ARBEATT G S 0 SOA St 45 K
SRR FH AL . W3 4 R, 7 Charades-STA %1
5 4 v, Y R@l, IoU = 0.5 I}, MomentDiff 7l
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CGDETR J7 A8 FH kAL Ak LA filt FH B 14 58 4 Sl
7 1.29% f10. 78%. 45 SRR, AR AL AR e
AN R SR AL , BE 8 8 4 F R TR F ARG |
T SCERFRE T, A KT F B A GR A% T A B A AN
AR AR B IS UL ORI BT, N ITTAT R
B R R PR

x4 ERMBIRTE Charades-STA HIE & (014 BE 1T (G

Table 4 Performance evaluation of iterative optimization
module on the Charades-STA dataset

WiRis SRR R@1/%, IoU = 0.5
AMEFHERA 53.36
MomentDiff
A 54.65
AR 57.12
CGDETR
fiff A Ak 57.90

3.5.2  [EERRLAT I A A AR L RE X L

TE Az AL TR IR, ] e 26008 T PRUAZA A 2E
JSCABE TR IR A0 i 38 A A 7R A 0 IR ) 240 19 £
Ko ARTCRFLE 1 P S 7 F0 4 3k A R B A PR E
N3 5978 , 1€ Charades-STA $di 5t , Mi¥Al 4 b7
HR@L, ToU = 0. 5, P J7 3% (8 AT 45 4 i A2
158 TR0 A P i A A0 A 3 2R R P B B T T
2. 19%. A RE SR PR SR AT A AR Y B S i H
BRI B , 11 PRXERE A B e 2D ST AR (137 5 A
PIIARLE B o TR TG R A E AR A A J Y SCAfE
{0 ST L H R ) AR SN LA 5 A5 R ORI
PR A ML B RE T A

&5 Charades-STA ¥ #&5 £ R AR #iA
A MARB A RERT EE
Table 5 Performance comparison of different text

generation models on the Charades-STA dataset

Ik S R@1/%, IoU = 0.5
FIR— AR 50.97
MomentDiff ‘
Efg—A 54.65
FAT— AR 57.20
CGDETR
Efg—A 57.90

3.5.3 K HHBRESnA R

Az b, R A A AR R AT LAAS: 21 R A
A HARUB B AR EE (5 B o D 1T AL ORI 5 AR
JE 5 2R E AR B A R AR SRR SE g
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FHIAS R 35 R S A5 AR B2 A5 2 TE A R
BB OL T, A SO Hh [ i A3 34 AR
RS K A B XS I IR S A i) SOA e S AN i
g it , e TARLINZE . Ik 6 firs , 76
Charades-STA 5045 45, 414 45 45 N R@1, ToU =
0.5 B, fiff R TE 5 155 AU G045 4tk B2 15 B A ME R 4L
AERIEF R LT T 2.47%, B05T1 T
1.58%, Z5REH, Kl 5 BRI ok HR Y e
HLEZERE ) BB A RO I TUARTE S P A B2 4N
RLFER AR , PR IX S5 DR 5 3 SR A ify SOA 2R
JE SCEE DR FC AR 34, AT 22 i AL A R 1R B

% 6 Charades-STA #{#F& F KIEFH&EE!
BEEREEREIT MG
Table 6 Performance evaluation of the summarization
module of a large language model on
the Charades-STA dataset

Ik KIBFHRBSORE R@1/%, ToU =0.5

52.18
MomentDiff
N 54.65
x 56.32
CGDETR
N 57.90

VTR A IR R TR R

3.5.4  UR[EEAR LR X RE Y 52 0

XFF AR B AT 55, o T AN IE & ] A6 T
MR R, BN G SN 2R . B el
SR — R B o A R AR S AR SO T
XoF L 1 E BRI AR VA LA T[] — eI 25 LBk
X — 225 AT AR R R R R R T
) PR, AR SO SE T R [1E AR L SR X R PR R 1Y
S0 R 7 RN, % MSR-VTT BdfE 8 | #6580
RETELLR 0. 5 BNE(E , B S , PERERE S LL R A S
1M N F . AT RE DR PR AR R /NS AR M 25
A Z ] 22 5o AR L3R R 6 H PR 085l
TR IS AR AE — LU L YNGRt hn TAT 53R . i
AR SO AR AR LR BEE N 0. 5.
3.5.5 {AkmtE s> B

e 7 AR, 7E 8K RTX4090 GPU |, A SC)7
BoF15. 92 s AT IR AL — A IRMEREAS . H i T4
AT EN T, N ke 7 RE A A
BE R, A SR LR T— I, BT AR R
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Fig. 7 The impact of different iteration ratios on

performance on the MSR-VTT dataset

®T AR ES AT

Table 7 Optimization time analysis
He AR TR /s K H R s Eits
5.66 0.26 5.92

] LS i A% Ao 2R A B B PR RE , R — 20 R B
T ARSI B ) Al S I
3.5.6  FARPUS A i) SO RIS SCAR 7R 151)

AR SCHEE 8 H R R T AR A AR SOAS i — 2871
Bl aT LA B, DA T A0 SCAR BR 75 H BRI
DERC , Bo3d JH TR RE . BN SRBATESE 5
P, BE A R R 5 AU, L BEA IR X
AIRBAEY B AR B0 o 33k FoRELASE B2 A SCAS i 3t AR i
FIEiZ , ok HEwH DX O AR BRI . 1A S5 3 e
% F SSCRLARE B4 451 T3 TR 8 400 79 L SRR B SO
ol 368 3 48 BCRR AR H 4 3 40 0 it (a0 25 A0 7 2
9 AW S CAn AR e ) LUK B 5 A B0 H A 3
SR AR (i ty LS ) S5 4001 1 5 A A 7R SOA
SO EAACRURT 8 o 8 b e X S AR R A S, Bk
Je B A1) SCAS AN RE RS BEMINE A 3 48 3 H A A0
W REAT RLIX TR VR LA
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i

RS B DU SCAR 5 RS I 4R R A7 A —
Xof 22 1 A0 90 SCAS 3 T B o AR AR AN TS
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RBIE AT V5 o 207 i R R A s
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Fig. 8 Example of original query text and improved text for the target video
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