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| Text Query: Sheldon sits down in his spot on the couch.
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Text Query

Sheldon sits down in Is this pair Py
his spot on the couch. ambiguous?
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Text-Video Dataset

Text-Video Similarity Estimation

Text-Video Label Ambiguity Detection (T-V LAD)

W T
. —

Batch

Batch

T-V Similarity )

u(q V)
T

S(q V)

Text-Video Uncertainty Estimation

Text-Frame Label Ambiguity Detection (T-F LAD)

T-V Similarity M T-V Uncertainty ~ T-V Uncertainty

-

N. L U4 ?z@h va Broadcast s7(qi i)
vty naex

e ) TR — G- == S EDY

I v Batch v
an Nq Index uf(q Vjx)
o D - e i

) . X

Entire Dataset Entire Dataset Batch Index Batch T-V S g

Pair Uncertaintyj

N\ [

[. Positive () Ambiguous [ Negative ]

@ Element-wise sum ® Dot product Logical AND
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Hor s Fll so 73 BIFARK AR 0 F1 @ (IFRER L
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AP R I R 4 EIFAE R AT T3k, A
TVR (Lei et al. 2020) #1 ActivityNet Captions (Kr-
ishna et al. 2017) . FRATR 2 /i TAESR A £ X
43 (Zhang et al. 2020, 2021) , # 8 (Dong et al. 2022)
o FRATEE BT HEA B AR PR RS, B RAQK
(K=1, 5,10, 100), Hr RQK FRTEHRA SR K T
TSRS R 2 B S5 0T H YA LB eAh, FRATHRE B
AHEFRZA (SumR) PABEAT 42T HLAK -

BN

FA1{# fH ResNet (He et al. 2016) A1 I3D (Carreira
and Zisserman 2017) T TVR, {Uf#H 13D HF
ActivityNet-Captions SEHERUMGERFE . X T SCALAR 1]
PR, AT PIANLHRIEHS ] RoBERTa (Liu et al.
2019) ¥k AN, AT RIRIRAT I A KRB |
IR, AT T T CLIP-L/14 (Radford et al.
2021) WYSCER. BRI SR E S (Wang et al.
2024) HAHE, (HEME 75 A 7 FERES LR A 45
YIZR G S 0 AR AU AT S P fR A e o FRBIHE,
Ts W B N IEREAT I FHAAPE /70 I ME, m BN
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Model TVR ActivityNet Captions
R@1 R@5 RQ@QI0 R@IO0 SumR | R@I R@5 RQI0 RQIO0 SumR
VCMR methods without moment localization
XML (Lei et al. 2020) 10.0 26.5 37.3 81.3 155.1 5.3 19.4 30.6 73.1 128.4
ReLoCLNet (Zhang et al. 2021) 10.7  28.1 38.1 80.3 157.1 5.7 18.9 30.0 72.0 126.6
CONQUER (Hou, Ngo, and Chan 2021) | 11.0 28.9 39.6 81.3 160.8 6.5 20.4 31.8 74.3 133.1
PRVR models
MS-SL (Dong et al. 2022) 13.5  32.1 43.4 83.4 172.4 7.1 22.5 34.7 75.8 140.1
DL-DKD (Dong et al. 2023) } 14.4  34.9 45.8 84.9 179.9 8.0 25.0 37.4 77.1 147.6
GMMFormer (Wang et al. 2024) 13.9 33.3 44.5 84.9 176.6 8.3 24.9 36.7 76.1 146.0
Ours 15.6 36.3 47.7 86.3 185.9 | 8.3 246 374 78.0 148.3
Table 1: Resnet. I3D FI Roberta FHERITERELLES . T M TSN CLIP-B/32 #i%,
Model TVR ActivityNet Captions
R@1 R@5 R@I0O R@IO0 SumR | R@1I R@5 RQAQI0 RAQAI00 SumR
MS-SL (Dong et al. 2022) 31.9 576  67.7 93.8 251.0 | 14.7 37.1 50.4 84.6 186.7
GMMFormer (Wang et al. 2024) | 29.8  54.2 64.6 92.5 241.1 15.2  37.7 50.5 83.7 187.1
Ours 34.6  60.4 70.7 94.4 260.1 15.3 384 51.5 85.2 190.4
Table 2: £ TVR Fll ActivityNet Captions | # CLIP-L/14 $FPERELEL .
MS-SL | GMMFormer | Ours inference runtime (ms)
FLOPs (G) 1.29 1.95 1.23 Video size 1000 1500 2000 2500
Params (M) 4.85 12.85 5.34 MS-SL 0.366 0.606 0.759 0.893
GMMFormer | 0.264 0.267 0.270 0.293
Table 3: Hi%I%E 2L LAk . Ours 0.294 0.391 0427 0.612
Table 4: HEHE[E] LA .
LB e AR A TV T-F CL[RGI R@5 ROI0 RGI00 SumR
()| - - - 328 581 682 93.7 2528
. ) . )| v - - | 33.6 589 69.4 94.5  256.4
K g MR . ARG TR IRATW IS B e dE e )| v v - |343 599 701 944 2587
BT ZIK R A PRVR Ik gt AT IO IS5 R . TR, (d| v - v [343 599 699 943 2584
WA HERE A A e 2L R O kg, 2 O v v v 346 604 707 944 2601

Fz 1 MFE 29, FRA)EART TVR Fl ActivityNet
Captions Bfiidk EAYZEER . WIFTILEEIRY, FATHR LY
FEAE S A Il de A AR T AR TAE, AT A
ResNet, I3D #1 Roberta [) GMMFormer, ¥£ SumR
IRSEELT 9.3 % 1 2.3 % ERE. tAh, AT T
1£ CLIP-B/32 BBt FIRZR W (Aidh 1) ##H47
WaSE R LR, AR DL-DKD (Dong et al. 2023) 2
(B —8 =00 . FRATTRFIX — JLER A REH [T % PRVR
PP 5 R R B A R T — X & R 2E ) AN B P
ST . X—#a#AEMH CLIP-L/14 W5 2] [ ALK
WEL, I BIAHEF MS-SL Al GMMFormer £ B
9.1 % F1 3.3 % M.

SEORBE T FEATT T, AT TR IR AT
W 3 4 FR. BAVHT T =4 FLOPs, 3%
B, DA A LA H)HE Nvidia RTX 3090 GPU
ERrSER T . BRI I IRAE FLOPs FZ4
JrTEFE PRVR Jryk R B R R, HHE TR
[B]FEXF E GMMFormer 18, FLOPs F1Z #1508
IH R F AR transformer 2244, 17 GMMFormer
I A S TR 2 AR AT JATT
VAT 1% i Az A7 I ]2 T > GMMFormer Hi i
FEIC AT . 98T, 3010075 3R 53] T 60
BATHEZD T 1 Z R ERE, X AR T HERERE T
Z (Bl R B AU -

Table 5: JEEBFSE N T IR A AR A0 TVR B4 R0
T-V BBITERT T-F ORI P28 AR SCAR- IR 7~
(o PSR IR 8 2 > R SCA- Wiz

TR B 3k —2BWF 5

APEHe T B AR R, FRA IR
AT T AR o Gl AT (a) A1 (D), FRATHYHEAR
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(b) Uncertainty distribution on TVR
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Ambiguous untrimmed video: house_s07e10_seg02_clip_25

| House and Cuddy are having a conversation with each other. I

Wilson pin point House and walks out quickly. |
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Ambiguous untrimmed video: house_s02e16_seg02_clip_00
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Positive | 34.0  59.7 70.1 94.5 258.3
Ignore 345 60.1 70.1 94.5 259.2
Ours 34.6 604 70.7 94.4 260.1

Table 6: A[AIISEA A 7 N PERE HLEL

. HAORUL, FRATRA T —FIEXTHEHFR (Khosla
et al. 2020) >Rip RALRE AR 2 6] A AH LI DARIR Ay
BB, B A RS R 20 . T EX I FE OL T
PERE T, FRATIA B A 240 50 IE 71 C R 5L
Bl A . P, X segh LR B fa] BRSO 45 2 SR
IEI SR A BT B BRI EE R

AfEbE & fﬁ{u‘f&"ﬁj\?ﬁo FATA K, HFRE g
XIS AR ERE AR RYVE, IR AR ) 2
fi. fEE 4 9, FAVRR TEANEELE TVR L4
fi. (ActivityNet Captions 5 TVR 2{.) WK =,
MU (Z2) FRsRErE () A SR B ARR R E
PRo EAMASRUL, FRME ERIE R AT XA, 221
TEFCT S 2 [B] AR R 38 7 v T A lCORT B SCAR- B3R
B, FRATURZE ) IEREAS A F X B A AN S (LY 40
AL, PO B EIE S n0 18 SR AT B
B AR AN . 7, 22 Bl I 2 SCAR- AP35 AT
FETEAE, R B ASA TR SO (5 RE 5
)o IXSELEILRAN | AR RITE AR B v B ST i
e N AN

g RIS

FATHEAT T 20 Hr,  DABGIEAS: DI 1) A SCA-HUBI0NS & 751
TG R B R (e 5 F, T2
T AN SCAA ) A RO A RSO ¢ 2 g dst.

IKREHERRYE) o BN, FRATIEEN I 5 b i) fa 2 4 1)
1, [N EEARSE AR AL FRle, ZMmBiln s
FrALE AT A 45 58 B FOR I 2] o IXUESE T IRATHIAL
RIVERSIN A BT L2 TR C AR, D TR R
X 14 SCAR-WATOR LA S R A4 P A 1 e D S0

ghig

TEASCH, FRATVR YT BN AR I 1) SCAS U R 1
SO BN 2 8] 3% 2B LR h TP
Polk, AT T BB Z R ER2:2]" (Ambiguity-
Restrained representation Learning, ARL), BYEE %
MSCA SR 2 [BIBOH] 5¢ & 2 > 152 md. ARL @it
AT 22 PE B S VA A SCAS B2 A5 T e B 4
*@ﬁﬁﬁi?ioﬁﬁ,ﬁ%@f¢ﬂﬁW%mMﬁ
PATH BIRRDRI ) 9C 2R o X8 5 2R B i e A A BRI BRGNS 7
SESTRERI GO 100 3 R LA b, R
TIEE R TR, —X— KR 52 | SCAR 5512 [8]
R 5 IV E I

ABFSEHRA 155 MSIT/IITP (4% 2022-0-00680,
2020-0-01821, 2019-0-00421, RS-2024-00459618, RS-
2024-00360227 , RS-2024-00437102, RS-2024-00437633)
Fil MSIT/NRF (4#: RS-2024-00357729) [ H).

References

Azadi, S.; Feng, J.; Jegelka, S.; and Darrell, T. 2015.
Auxiliary image regularization for deep cnns with noisy
labels. arXiv preprint arXiv:1511.07069.

Balcan, M.-F.; Beygelzimer, A.; and Langford, J. 2006.
Agnostic active learning. In Proceedings of the 23rd
international conference on Machine learning, 65-72.

www.xueshuxiangzi.com



Carreira, J.; and Zisserman, A. 2017. Quo vadis, ac-
tion recognition? a new model and the kinetics dataset.
In proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 6299-6308.

Chen, T.; Kornblith, S.; Norouzi, M.; and Hinton, G.
2020. A simple framework for contrastive learning of
visual representations. In International conference on
machine learning, 1597-1607. PMLR.

Dong, J.; Chen, X.; Zhang, M.; Yang, X.; Chen, S.; Li,
X.; and Wang, X. 2022. Partially Relevant Video Re-
trieval. In Proceedings of the 30th ACM International
Conference on Multimedia, 246-257.

Dong, J.; Zhang, M.; Zhang, Z.; Chen, X.; Liu, D.; Qu,
X.; Wang, X.; and Liu, B. 2023. Dual Learning with
Dynamic Knowledge Distillation for Partially Relevant
Video Retrieval. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, 11302—
11312.

Faghri, F.; Fleet, D. J.; Kiros, J. R.; and Fidler, S. 2018.
VSE++: Improving Visual-Semantic Embeddings with
Hard Negatives.

Fang, B.; Liu, C.; Zhou, Y.; Yang, M.; Song, Y.;
Li, F.; Wang, W.; Ji, X.; Ouyang, W.; et al. 2023.
Uatvr: Uncertainty-adaptive text-video retrieval. arXiv
preprint arXiv:2301.06309.

Freund, Y.; Schapire, R.; and Abe, N. 1999. A short
introduction to boosting. Journal-Japanese Society For
Artificial Intelligence, 14(771-780): 1612.

Gorti, S. K.; Vouitsis, N.; Ma, J.; Golestan, K.; Volkovs,
M.; Garg, A.; and Yu, G. 2022. X-pool: Cross-modal
language-video attention for text-video retrieval. In
Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, 5006-5015.

Han, B.; Yao, Q.; Yu, X.; Niu, G.; Xu, M.; Hu, W
Tsang, I.; and Sugiyama, M. 2018. Co-teaching: Ro-
bust training of deep neural networks with extremely
noisy labels. Advances in neural information process-
ing systems, 31.

He, K.; Zhang, X.; Ren, S.; and Sun, J. 2016. Deep
residual learning for image recognition. In Proceedings
of the IEEE conference on computer vision and pattern
recognition, 770-778.

Hou, Z.; Ngo, C.-W.; and Chan, W. K. 2021. CON-
QUER: Contextual query-aware ranking for video cor-
pus moment retrieval. In Proceedings of the 29th ACM
International Conference on Multimedia, 3900-3908.

Jin, P.; Li, H.; Cheng, Z.; Huang, J.; Wang, Z;
Yuan, L.; Liu, C.; and Chen, J. 2023. Text-video re-
trieval with disentangled conceptualization and set-to-
set alignment. arXiv preprint arXiv:2305.12218.

Ju, L.; Wang, X.; Wang, L.; Mahapatra, D.; Zhao, X.;
Zhou, Q.; Liu, T.; and Ge, Z. 2022. Improving med-
ical images classification with label noise using dual-

uncertainty estimation. IEEE transactions on medical
imaging, 41(6): 1533-1546.

Khosla, P.; Teterwak, P.; Wang, C.; Sarna, A.; Tian,
Y.; Isola, P.; Maschinot, A.; Liu, C.; and Krishnan, D.
2020. Supervised contrastive learning. Advances in neu-
ral information processing systems, 33: 18661-18673.

Krishna, R.; Hata, K.; Ren, F.; Fei-Fei, L.; and Car-
los Niebles, J. 2017. Dense-captioning events in videos.
In Proceedings of the IEEE international conference on
computer vision, 706—715.

Lei, J.; Yu, L.; Berg, T. L.; and Bansal, M. 2020. Tvr: A
large-scale dataset for video-subtitle moment retrieval.
In Computer Vision-ECCV 2020: 16th European Con-
ference, Glasgow, UK, August 23-28, 2020, Proceed-
ings, Part XXI 16, 447-463. Springer.

Li, H.; Song, J.; Gao, L.; Zhu, X.; and Shen, H. 2024.
Prototype-based Aleatoric Uncertainty Quantification
for Cross-modal Retrieval. Advances in Neural Infor-
mation Processing Systems, 36.

Li, J.; Socher, R.; and Hoi, S. C. 2020. Dividemix:
Learning with noisy labels as semi-supervised learning.
arXiv preprint arXiv:2002.07394.

Lin, C.; Wu, A.; Liang, J.; Zhang, J.; Ge, W.; Zheng,
W.-S.; and Shen, C. 2022. Text-adaptive multiple visual
prototype matching for video-text retrieval. Advances
in neural information processing systems, 35: 38655—
38666.

Lin, Y.; Zhang, J.; Huang, Z.; Liu, J.; Wen, Z.;
and Peng, X. 2024. Multi-granularity correspondence
learning from long-term noisy videos. arXiv preprint
arXiv:2401.16702.

Liu, Y.; Ott, M.; Goyal, N.; Du, J.; Joshi, M.; Chen, D.;
Levy, O.; Lewis, M.; Zettlemoyer, L.; and Stoyanov, V.
2019. Roberta: A robustly optimized bert pretraining
approach. arXiv preprint arXiv:1907.11692.

Ma, Y.; Xu, G.; Sun, X.; Yan, M.; Zhang, J.; and Ji,
R. 2022. X-clip: End-to-end multi-grained contrastive
learning for video-text retrieval. In Proceedings of the
30th ACM International Conference on Multimedia,
638—647.

Neverova, N.; Novotny, D.; and Vedaldi, A. 2019. Cor-
related uncertainty for learning dense correspondences
from noisy labels. Advances in Neural Information Pro-
cessing Systems, 32.

Northcutt, C.; Jiang, L.; and Chuang, I. 2021. Confi-
dent learning: Estimating uncertainty in dataset labels.
Journal of Artificial Intelligence Research, 70: 1373—
1411.

Radford, A.; Kim, J. W.; Hallacy, C.; Ramesh, A.; Goh,
G.; Agarwal, S.; Sastry, G.; Askell, A.; Mishkin, P;
Clark, J.; et al. 2021. Learning transferable visual mod-
els from natural language supervision. In International
conference on machine learning, 8748-8763. PMLR.

Song, Y.; and Soleymani, M. 2019. Polysemous visual-
semantic embedding for cross-modal retrieval. In Pro-
ceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 1979-1988.

www.xueshuxiangzi.com



Tan, C.; Xia, J.; Wu, L.; and Li, S. Z. 2021. Co-learning;:
Learning from noisy labels with self-supervision. In Pro-
ceedings of the 29th ACM International Conference on
Multimedia, 1405-1413.

Wang, Q.; Zhang, Y.; Zheng, Y.; Pan, P.; and Hua,
X.-S. 2022. Disentangled Representation Learning for
Text-Video Retrieval. arXiv:2203.07111.

Wang, Y.; Ma, X.; Chen, Z.; Luo, Y.; Yi, J.; and Bailey,
J. 2019. Symmetric cross entropy for robust learning
with noisy labels. In Proceedings of the IEEE/CVF
international conference on computer vision, 322-330.
Wang, Y.; Wang, J.; Chen, B.; Zeng, Z.; and Xia, S.-
T. 2024. GMMFormer: Gaussian-Mixture-Model based
Transformer for Efficient Partially Relevant Video Re-
trieval. In Proceedings of the AAAI Conference on Ar-
tificial Intelligence, volume 38, 5767-5775.

Wei, H.; Feng, L.; Chen, X.; and An, B. 2020. Com-
bating noisy labels by agreement: A joint training
method with co-regularization. In Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition, 13726-13735.

Wu, W.; Luo, H.; Fang, B.; Wang, J.; and Ouyang, W.
2023. Cap4video: What can auxiliary captions do for
text-video retrieval? In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recogni-
tion, 10704-10713.

Zhang, B.; Hu, H.; Lee, J.; Zhao, M.; Chammas, S.;
Jain, V.; Ie, E.; and Sha, F. 2020. A hierarchical multi-
modal encoder for moment localization in video corpus.
arXiv preprint arXiv:2011.09046.

Zhang, H.; Sun, A.; Jing, W.; Nan, G.; Zhen, L.; Zhou,
J. T.; and Goh, R. S. M. 2021. Video corpus moment re-
trieval with contrastive learning. In Proceedings of the
44th International ACM SIGIR Conference on Research
and Development in Information Retrieval, 685-695.

Zheng, Z.; and Yang, Y. 2021. Rectifying pseudo label
learning via uncertainty estimation for domain adap-
tive semantic segmentation. International Journal of
Computer Vision, 129(4): 1106-1120.

www.xueshuxiangzi.com



