Modeling and Simulation £ 545 EK, 2025, 14(2), 236-244 Hans X
Published Online February 2025 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2025.142147

ET A HE 4R BiE N AR E A8 L85
B#r5El

RIEW, Ak, kem
EE TSR RS, Ll

Woks . 202541 H24H; FHER: 20254F2H17H; &AAHM: 202542 H27H

R

AW H #74r Z (Referring Video Object Segmentation, RVOS) 2 —THi M HELS, BFEET
BfELS B TRRBRIRNE SR EIS 5 B o) B hn X 3. SR, ZEAEBEIRAE MFr R 3 & 75 =ik
B, (R BE TSRS — W B SE B ARG . A T E— MBS A HERF R E R CETE AR,
AILFINT L HIRERMBRRVOS I B  EASR3, f5 FZ BT I ZRHr B B B 22 ST AR A BUTEE R,
FERFMC RS B A BRANARAS, HRERB RIS AENISGEIEM R, UREREERINENB. A
T BRI ET RIIRE, ASCRH T —FARE R0 REE, REEI TN EE B B iE
BIEARKNIREE . A CFEEAEHIE S Refer-YouTube-VOSHIRefer-DAVIS1y_E#E4T T 132 A S8 S I
AR . ERERRY, ACHREGRTHNEEMEERE T REERFINER.

e 4

BV E IR, IRZE, Ao EEBAAL

Uncertainty-Aware Adaptive
Pseudo-Labeling for Referring
Video Object Segmentation

Shiming Zhang, Zhigian Chen, Jinpeng Mi"

Institute of Machine Intelligence, University of Shanghai for Science and Technology, Shanghai

Received: Jan. 24, 2025; accepted: Feb. 17", 2025; published: Feb. 27", 2025

Abstract
Referring video object segmentation (RVOS) is an emerging multimodal task aiming to segment
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target regions in video clips by understanding the semantics of given referring expressions. While
the annotations of the benchmark datasets are collected in a semi-supervised manner, which only
provides the ground truth object masks on the first frame of videos. To explore the concealed
knowledge in the unlabeled data in a more integrated framework, we introduce online pseudo-la-
beling to address RVOS. Specifically, we employ the on-the-fly learned checkpoints in the previous
training epochs as the teacher model to produce the pseudo labels on the unlabeled video frames,
and the obtained pseudo-labels are utilized as augmentation for the training data to supervise the
subsequent training stage. To avert the confusion derived from pseudo-labels, we propose an un-
certainty-aware refinement strategy to adaptively rectify the generated pseudo-labels based on the
model prediction confidence. We conduct extensive experiments on the benchmark datasets Refer-
YouTube-VOS and Refer-DAVISi7 to validate the proposed approach. The experimental results
demonstrate that our model achieves competitive results compared with state-of-the-art models.

Keywords

Referring Video Object Segmentation, Pseudo-Labeling, Uncertainty-Aware Refinement

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0

1. 5|8

FRARRAI B F57 EN(RVOS) & AEALM H #7253 #](Video Object Segmentation, VOS) [1] [2]f12E 4t~ |,
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Figure 1. Overview of the adaptive pseudo-labeling
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u= Entropy((o(logitu )) 6)

Herhr, g f softmax B¥L, T logit [ B B 5241
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DA SR 580 . [RGB Mg gl Mg e
L. = CrossEntropy ( gt_mask, logit!, ) (7)
L' =L +ulL ®)

3. SEI§
3.1. BIBREMITLIEHR

B AU FEMERE S kAT T2 SEER, B Refer-YouTube-VOS 1 Refer-DAVIS, 7, LA
ISAEASCHR ) )77 Refer-YouTube-VOS M YouTube-VOS [2]7F1i%#51) 3978 ML T 15009 4
FHRLAIFRARERIE , FRERAE T PRI SRR, BN 58 BN A IR =R 35 — ik 20 3 0E Ho Al RVOS #E4Y,
AR WA R AR BRI AT R RN S6E . BEAh, Refer-YouTube-VOS HURAMNGREMIGIESE, Kt
WAEIGAE 7 E] EIE 7 ASCEAL . Refer-DAVIS, G453k H DAVIS; [18]17 90 M4, HA 6L 1500
Z /MR FRIA . Refer-DAVIS 7 f4E 60 MM IIZREE, LLJL 30 MM 1 S0IE2E -

WA e bR : SHEHRAISML, IR RAETE TR R 19 R VP A SR I I i o SR X ASARBLEE (J) (%)
KrHE E bR 5 TN 4 2 8] #7338 I H(mean Intersection over Union, mloU), 1 F %8 BRUERE(F)
(%o) K VAt B SLAR 28 5 T 2 (8] a2 FEARABLRE , A8 F B AT~ P B (J&F) (Yo) IR B PAT X 358 AF LA E AR
JBRAERE

3.2. LTS

TEARATIM A, 8 AR AR B W E AT sl & 1, DU PR Tl 3 A FE AR AN R B . 7ERE
ERNGREAIAE, R HE— Wi e, FOVFREEE ¢ 8 M AR B 0 T AE RR AT, JRIR1 AT
WK ARAE o SRJE, I EERT =AM bn 2 R 5 6 JEL 40 BEATL R AE 1 = i A I 280t .

AR ResNet-50 [201F A8 T W 28 kA BUMAT F B IR BEFFIER 7R o ] Adam FRA6 38 AR 46 2%
S1E le-4 YIZR T M3 20 /> epoch IIEAY, 22> ZAE 5T FIE 111 epoch XU T 0.1. B4k, KA EMA
[21 R B I R

3.3. SREHMGELR

N VA TR VR R MRS B AR SO 5 R B ResNet-50 1E N 3T 4% JE7E Refer-YouTube-VOS
HI Refer-DAVIS17 Il AR 8 (1) B 77 v EadkAT 1 HLEL

¥t Refer-YouTube-VOS _ERELEE: 7F Refer-YouTube-VOS ##E£E |, A HIHA 544E RefVOS
[22]. URVOS. CMPC-V [23]. YOFO [19]. LBDT [24]. VLIDE [25]. MLRLSA [11]# Locator [26]7E A
1) SOTA J5 47 T k. Z5RBLE1ER 1 .

M 1 HRRTCUE , ARSCHIERE =AM R RS R REAL T AR . BRI, AR SCIRI LR 2
R URVOS [19]70 535 T 8.55%. 5.93%A1 7.24%, I H#L T 2 A7 SOTA £ Locator 735l &
5.02%- 4.02%F1 4.47%. RIGLLELE R, Frie i 1 J757E Refer-YouTube-VOS i 4 b L H AR A
o

7E Refer-DAVISy7_EJEE:: 7F Refer-DAVIS,; I, AL 75745 Khoreava 5 A [8].URVOS.RefVOS.
VLIDE. LBDT-4 Al MLRLSA (f{ TRl ZR)iHEAT 1 AL ASCK 45 RAIER 2 .
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W 2 fon, ARSCHIBELLE Refer-DAVISy, FSEIL T BAE R o EIVERE . FTig i 7V54E J. F Fl J&F
Fabr b AR 1 FE LR Khoreava 25 N 13.55%. 15.57%A1 14.56%, FfH7ES5 MLRLSA A LR 451
PEm 7 0.78%. 1.48%AM1 1.13%. M3 1 FI5E 2 A ELIREE KRG, R B AS SO AL 52 iy 1 40 1
e, I EAEPA AR E R AR

Table 1. Performance (Acc%) on Refer-Youtube-VOS val set
%< 1. £ Refer-Youtube-VOS IHIFSE _FHIZERCEME)

ik b/ J F J&F
RefvVOS MTA 2023 39.50 - -
URVOS ECCV 2020 4527 49.19 47.23
CMPC-V TPAMI 2021 45.64 4832 48.59

YOFO AAAI 2022 47.50 49.68 48.59
LBDT CVPR 2022 48.18 50.57 4938
VLIDE CVPR 2022 48.44 50.67 49.56
MLRLSA CVPR 2022 48.43 50.96 49.70
Locator TPAMI 2023 48.80 51.10 50.00
A3 - 53.82 55.12 54.47

Table 2. Performance (Acc%) on Refer-DAVIS17 val set
% 2. 7E Refer-DAVIS1y BHESE ERIERETHE)

Jii R J F J&F
Khoreava et al. ACCV 2018 37.30 41.30 39.30
URVOS ECCV 2020 41.23 47.01 44.12
RefvVOS MTA 2023 - - 4450
VLIDE CVPR 2022 47.71 5233 50.02
LBDT-4 CVPR 2022 - - 54.08
MLRLSA CVPR 2022 50.07 55.39 52.73
A - 50.85 56.87 53.86

ASCAER 2 FEIH T SR A EE R, R A SCHR FRRAA I IEff 7 IRE AL TR 2 B, AN
W B BIAE L

Query:ared dog

Query: a person holding a dog
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55 Lot

Figure 2. Qualitative visualization results acquire by the proposed approach on Refer-YouTube-VOS
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3.4. jHRRSCEE

N T RAEP BRI IE ML AL, ASCRA T =M F 77 A RO bRgs,  RIEE T 7252 9f L (mloU).
ST AN 5E PR 1 FE O bR RS . A SCAE P SRR SR B AT IR SESS, R e R 3 AR
4 PRE T AR,

Table 3. Performance (Acc%) with different pseudo-label generation strategies on Refer-DAVIS17
% 3. 7E Refer-DAVIS17 L AR EIAFRE 4 RUIRERAIMERECETAE)

[ J F J&F
mloU 53.51 52.30 5291
Entropy 50.16 4839 49.28
Adaptive 53.45 52.95 53.20

T mloU KIOARRE: A0 %6 mloU 19 UONARZERIFR1HE, JRIESE mloU KT 0.5 IFEALE
NARZERY FE I S E s -

ETRRIIREE: RGN logits I, FFIEFEREFN I = DREAE N bR2E

Ao RN BEN AR BUa, A0S A BIERNBE R IE TR R%E, DR S
TURI T A E . ASCRA 4= 1 A5 345 5 5 H A SR 3R 47 LA

M3 ATRAE . B AHENEEIRE BN INARZEAE F A J&F Bl 12T mloU 5%
0.65%H11 0.29%. M4 4 ATLLE Y, FAAIEVE R IR BRI E =M br LA T HAt 5Emk . IX e sy
RRW], Pt E A AN E VEROR 0 B & N AR R AE SN A RO A

Table 4. Performance (Acc%) with different values of 1 on Refer-YouTube-VOS
%% 4. 7£ Refer-YouTube-VOS EfERAA[E 1 ERIMRECERER)

i i J F J&F
X 46.69 50.70 48.69
mloU
v 47.42 52.31 49.86
X 41.69 46.03 43.86
Entropy
v 45.10 50.51 47.80
X 47.11 52.85 S51.11
Adaptive
v 50.85 56.87 53.86
3.5 BSYRE

TEAATH, AR ST I 15 8 7 F2(8) AT R 40w WAS [FUE SR 2 A FITHeE Hh 1 11 38 17 B A 28 7 23 R TR
A p WeE{0.05, 0.1, 0.5, 1.0, 5.0, 10.0}, FFE RIS HI4E RELEER 5 .

Table 5. Performance (Acc%) with different pseudo-label generation strategies on Refer-YouTuBe-VOS
< 5. 7E Refer-YouTuBe-VOS AR EAIRE £ A SRES B M BECETAZR)

U J F J&F
0.05 32.97 23.67 28.32
0.1 36.82 26.69 31.75

m
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gk
0.5 52.96 52.44 52.70
1.0 53.45 52.95 53.20
5.0 53.09 53.97 53.53
10.0 53.82 55.12 54.47

M5 ATLAE 2 EIEREREE u KA T AL . 28 o BOE NBUNE, #1140, ue{0.05,0.1,0.5}
I, EIMERELL p =1 I . M w =10 I, BORAE=ANER BRI EERER T u=1. K, AR
M =10 AR EE RN IR SR, JFEL | h 5 SOTA J5iEE AT .

4. &g

ARSCHEHY T — I T AN R SRR ) S B bR R T VR AR AR A 2 B T T8 A 42
R FIAE LR O AR B R A2 AR AR IS REA T IS 2, A PR R 90000 45 P A Dy AR R 5t A B Db
2%, DR ERE . Bk, ASSORATZ AT b 2 ST BRI 2 BOMRE Y, fERARIC R
A LTI O bRAE ARG 8 AL O OO PR A A AR B N R a3 0, DU B S S 2Rt 78 . O 1ok
B PREE SR A MR AT SO, ASCHE Y 1 — PSR T AN B 5 P S M R 3 L 8 A R D AR 2R
BEAh, AR S HER R AT T2 SRR, SRIRAE RAEW] 1A SCHR A TR AN H AR
MR BTS2, FE T BB E PR DR 8 A R (A BT A S 2 A TR, TR e R AT
LM o AR 2, AR R 2 ST B 2 A 2 RN, HEMSRTHRBIERE, D fa AR H Fn 2 351 U
R EAME

e HE

5% B AR5 42(62106026, 62272170, 42130112), _LifETT B R BHAFE 4R _EIHH (23ZR1419300).
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