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Video moment retrieval aims to identify the moment boundaries (the start and end time) within a
given video that best semantically correspond to the text query.
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[1] Otani, M., Y. Nakashima, E. Rahtu, et al. Uncovering hidden challenges in query-based video moment retrieval.
In BMVC. 2020.
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Charades-STA

Table 1: Performance comparisons (%) on the Charades-STA dataset. "x" denotes that we re-
implement the method under the same training scheme. "A" stands for using audio data.

Charades-STA

Method Type  R1@05 RI@07 MAP@0S MAP@0.75 MAP,,,
MAN [32] VGG, Glove 4121  20.54 i i i
RaNet*[74] VGG,Glove 4291 2582 5328 24.41 28.55
2DTAN*[26] VGG, Glove 4134 2391 5468 24.15 29.26
DORi [77) VGG, Glove 4347 2637 i i i
CBLN [43] VGG, Glove 47.94 28.22 - - -
DCM [39] VGG, Glove 4780  28.00 i i i
MMN* [27] VGG, Glove 4693  27.07 5885 28.16 31.58
MomentDETR* [36] VGG, Glove 5054 2801  57.39 25.62 29.87
MomentDiff VGG, Glove 5194 2825  59.86 29.11 31.66
UMT [37] VGG+A, Glove 4844 2976 5803 27.46 3037
MomentDiff VGG+A.Glove  52.62 2993  60.69 29.74 31.81
DEBUG(78] C3D, Glove 3739  17.69 i i i
LPNet[35] C3D.Glove 4094  21.13 i i i
VSLNet*[29] C3D.Glove 4867 3033  56.88 25.79 30.16
MomentDETR*[36]  C3D.Glove 5049 2995 5627 26.08 29.92
MomentDiff C3D.Glove 5379  30.18 5932 29.85 31.89
MomentDETR* [36]  SF+C, C 5322 3087 5886 26.43 30.43
MomentDiff SF+C,Glove 5542 3217 6093 32.47 32.59
MomentDiff SF+C, C 5557 3242 6107 32.51 32.85
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QVHighlights TACoS

Table 2: Performance comparisons (%) on QVHighlights Table 3: Performance comparisons (%)
with SF+C video features and CLIP text features. "x" de-on TACoS. We adopt C3D features to
notes that we re-implement the method with only segment encode videos. MDE is the abbreviation
moment labels. "{" stands for using audio data. MDE is the of MomentDETR [36].
abbreviation of MomentDETR [36].

Method TACoS
Method QVHighlights R1@0.1 R1@0.3 R1@0.5
R1@0.5 R1@0.7 MAP@0.5 MAP@0.75 MAP,,, CTRL [22] 24.32 18.32 13.30
MCN [24] 11.41 2.72 24.94 8.22 10.67 SCDM [31] - 26.11 21.17
CAL 2549  11.54 23.40 7.65 9.89 DRN - - 23.17
XML 4183  30.35 44.63 31.73 32.14 DCL 49.36  38.84  29.07
XML+ 4669  33.46 47.89 34.67 34.90 CBLN [43] ~ 49.16 ~ 3898  27.65
MDE* [36] 5356 3409  53.97 2865 2939 FVMR @]~ 53.12 4148 29.12
MomentDiff  57.42  39.66  54.02 3573 3595 RaNet (74} : 4334 3354
UMT* [37] 5626 4031 52.77 36.82 35.79 MDE* ol 4116 3221 2055
: MMN* [27] 5139 3924  26.17
MomentDifff 58.21 41.48 54.57 37.21 36.84

MomentDiff  56.81 44.78 33.68
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R1@n and MAP results on public OOD datasets

Charades-CD ActivityNet-CD

Method
R1@0.3 R1@0.5 R1@0.7 R1@0.3 R1@0.5 R1@0.7

2DTAN 49.71 28.95 12.78 12.60 40.04 22.07 10.29 12.77
MMN 55.91 34.56 15.84 15.73 44.13 24.69 12.22 15.06
MomentDETR 57.34 41.18 19.31 18.95 39.98 21.30 10.58 12.19

MomentDiff 67.73 47.17 22.98 22.76 45.54 26.96 13.69 16.38
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Statistical distributions on our anti-bias datasets
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R1@n and MAP results on anti-bias datasets

Charades-STA-Len Charades-STA-Mom
Method

R1@0.3 | R1@0.5 | R1@0.7 R1@0.3 | R1@0.5 | R1@0.7

2DTAN 39.68 28.68 17.72 22.79 27.81 20.44 10.84 17.23
MMN 43.58 34.31 19.94 26.85 33.58 27.20 14.12 19.18
MomentDETR 42.73 34.39 16.12 24.02 29.94 22.16 11.56 18.66

MomentDiff 51.25 38.32 23.38 28.19 48.39 33.59 15.71 21.37
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Visualization of the diffusion process

Quety Kids checkmg out their goodzes and chocolates during Easter.
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