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Agent-guided video re-localization network

GUO Axin, ZHOU Yuan, HUO Shuwei, LI Shuoshi

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract; Video re-localization aims to localize a moment that semantically corresponds to a given query video from
an untrimmed reference video. This task not only meets the actual browsing needs of users but also plays an
important role in various application scenarios. Since videos contain richer information compared to other data forms
like images and text, accurately identifying the target moment in a long video and determining its temporal
boundaries are significantly challenging. This paper regarded the video re-localization task as a sequential decision-
making process and applied reinforcement learning to achieve efficient and accurate localization. Specifically, this
paper proposed an agent-guided localization network ( AGLN ), which trained an agent to progressively refine
temporal boundaries of the localized moment based on the learned policy, thereby finding the most relevant moment
to the query video. Additionally, AGLN combined reinforcement learning with supervised learning in a multi-task
learning framework, aiding the agent in more effectively exploring the environment and learning the optimal policy.
Experimental results on the ActivityNet-VRL dataset demonstrate that AGLN outperforms existing methods in the
video re-localization task. The average retrieval accuracy of AGLN is 25. 9% , which is 0. 2 percentage points
higher than the current optimal method.
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Fig.3 Influence of discount factor in accumulated reward
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Tab.2  Performance evaluation results of different variants of
AGLN
mAP/ %
Jrik

0.5 0.6 0.7 0.8 0.9 Avg.

w/ 0 context 42.6  33.1 23.6 14.2 7.1 24.1
w/max step 41.5 29.3 19.7 11.4 4.0 21.2
w/0 Loc-R 39.5 29.3 19.4 10.2 3.5 20.4
w/o tloU-R 40.6 28.0 20.6 11.6 3.4 20.8
w/0 Reg 37.5 26.6 19.0 10.3 2.4 19.1
w/stop action 45.0 33.8 23.8 12.9 5.6 24.2
w/reward-BE 41.9 29.6 19.2 12.1 4.7 21.5
AGLN 45.6 34.8 254 158 7.8 25.9

2) MBS L F SO 8 A sk

T HE AGLN (1) b SCBI RS B 78 A
FRA N SCA B 5 T8 A 350, 78 2R BUIR SRR
B 2B 1 ZE ) R BeAAT O e BB RRAE -4 AR R 1Y
RERIARARIE R “w/o context” , MG 2 HH 45 5] L
Eih, 5 AGLN fHLL, X — K LE T4 toU H{E T
(-4 mAP M 25. 9% FEAR A 24. 1% , XKW, 7
SRS L SCAF S Re % B84 T HL 1 ff b S i
DR WIRIPE R HAT B B

3) FE T B 1 A B A ) A AR

T RHIE AGLN 78 24T 552 I HEZR rh k1 7 3 T
A7 (0] 5 A M 2 ) R O AR K B M A )
A B RS [] 12 55 1] U5 N U (1] 1 1] i 80 By 22 4
AR W BRI A B TR E R “ w/o Loc-R”,

ZER toU IR RLIE N “ w/o tloU-R”, [R] I 25
XA B ALE R “w/o Reg”, fHAFEEHIE,
ZB5% tloU [IHJE , ToyEAEMNRH Befdi FH tloU T30 {H
VERRERAIE IR o P, X5 F RS ARG
B U RIS TA) 2D (8 8 67 B R A 45 8
T AT IR B R T S AR AR I 3 B e i
SBUtRe RIS 18] 25 14 78 5 R B Dy de 45 2R 1 P REVTA
THOL,IE M “w/max step” ., M2 pggs nl IE
i, 5“w/max step” M EL , rA BB AR (A 1 4 RE Y A
Fr R R, BRI S EE I, B toU BIA T 1)
35 mAP fH M 21. 2% FEAR 2 20. 4% ; 2B tloU [H]
VBT, BT AT tloU [S{EF AY-F-3 mAP {H M 21. 2% [%
K28 20. 8% ; i [F] I 25 BRI W& 70 5, B A dloU' 1
{6 R A3 mAP {H M 21.2% FEEE 19.1% . X7
Gy T BT [ Y B e T A A
FH B AR R B ) 1 bR i 4 o0 B 5 5, T LA
15 IR BAAR AT T v At R 4 T %) RS RRAE 2 1T B
ARIAR R IAEL, SLBUTE S5 HAs o

4) MR Befs 1155 1A 2ok

N T HAE AGLN £ I K B BEAE A toU (8] 5 A=
LY tloU FRINMELAE R REAK A5 115 5 A A 2k, 7
e I E I T — A SR 32 “stop” , IF
o X N AR A AR AR IE SR “ w/stop action” , ZE YII 2k A
M BE, 24 8 BB AR L £ 0T stop BRI, 1% [H]
IR B O e A e 25 R, IR 2
FgE AT IFE 1 5 AGLN AL, 51 A stop ShERIHE
RIVEREA T T %, X BN ESER [ th o] A
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B B A LUA R 28 1 R AR AR

5)HE T tloU BEI M R ECAY A Rk

N T HE AGLN 56F doU 23 Il 4 ok £ 4
RPE R FHEAL F BE S B AR i Be Z 18] i i Bt iR 22
(boundary error, BE ) 1 A 55 — i [|] 2 bR B B2 11K
P, it KA (15) FroR, 38 1= A 7 B
M IR P2 ki S HIHEZ B R 22 . B AE
EPATIEG A TR 22BN, 4G TR, L2
U EZEa ki P Y G B e LI P i 4 e i e
“w/reward-BE” . N 2 IR UE B, w/
reward-BE AU RER AKX T AGLN, {EB] T 2T tloU
B R B A R, LT BE, toU AU &
TR R YE R LS R T A B Rk
GRREE T SE AT DA, T VCRCRR . PR, 6T
tloU A [l 4z pRER RE % TH A 2 5 | 3 8 g iR R 3]
55 B BeVEBC Y A R Be, 56 B0 SRS 09 H A
BOENL

BE = |g, - L.+ |g. - L] (15)
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Tab.3  Comparison of operational efficiency of models

Jrik BRI /10° MAGs /10° HEPRF A/
CGBM 1.74 190. 56 0.051
MABAN 12.19 238.21 0.071
AGLN 1.56 1.56 0.010
3 4 iE
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