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Video Temporal Grounding

“What is Video Temporal Grounding?”
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Introduction

“ [EOS] over-reliance phenomenon”

“A guy with red jacket
is getting interviewed”

Query : “A guy with red jacket is getting interviewed”
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Figure 1(b). Cross-attention map from FlashVTG



Introduction

Quantitative analysis of [EOS] reliance phenomenon

Video clips [T]
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Model Train Val
Pearson Spearman  Pearson  Spearman
CG-DETR 0.8960 0.8914 0.5962 0.7622
TR-DETR 0.8110 0.7754 0.6021 0.6340
FlashVTG 0.9745 0.9801 0.6771 0.7800

Table A5. Correlation between [EOS] and word-token attentions
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Introduction

mAP | Iword [ ]{E0S] [ | Word + [EOS]
54
Higher correlation : [EOS] = Word + [EOS] 100
Lower correlation : [EOS] >> Word + [EOS] 53
_+007
EOS dominant state is VTG model’s current optimum 52 il ] [
51
“Does [EOS] really capture everything?” 096
50
Not always — [EOS] 1sn’t visually grounded, -0.39
salient visual cues can be under-represented. i — i
49 i | :
=>» Word tokens can complement [EOS]. D U D
48 — — e e ] e
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Figure 1(a). MR performance comparison with token configurations

h Y
@ YONSELUNIVERSITY N




Method
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Figure 2. Overall architecture of DualGround
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Method

Sentence-level Path
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Experiment Result
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Table1. MR & HD results on QVHihglights Test split

B e e e

\
|
Method Backbone R1@0.5 R1@0.7 mAP mAP@0.5 mAP@0.75 VG-mAP VG-Hit@l |
CG-DETR [18]  SF+C 6543 4838 4286 6451 4277 40.33 66.21 !
TR-DETR [24]  SF+C 6466 4896 4262  63.98 43.73 39.91 63.42 |
UVCOM [31] SF+C  63.55 4747 4318  63.37 42.67 39.74 64.20 oo
R2-Tuning [13] C 68.03 4935 4617  69.04 47.56 40.75 64.20 Ly .
FlashVTG [1] SF+C  66.08  50.00 4870  67.99 47.59 41.07 66.10 i | Table5. MR results on Charades Test split
DualGround SF+C 6820 5172  49.02  69.23 47.71 41.15 66.30 'l Vethod e RG0S RG0S
! . .
FlashVTG [1] V2 70.69  53.96 5200  72.33 53.85 44.09 71.00 | OmivIGN  CGiSE 923 %66
DualGround V2 7187 5694 5273 7241 5438 44.02 70.80 | ' CGDETR[IS] C:SF 5841 3632
' | TRDETR[24]  CsSF 5761 3352
| FlashVTG([1]  C4SF 6108  37.89
| : DualGround C+SF 61.11 38.52
| ' "CGDETR[I18] IV 7040 4840
Table2. MR & HD results on QVHihglights Val split :: EFE&T“EET] }g gggg jggfj
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| | ——
Dual d V2 70.67 50.33
Method Backbone RI@05 RI@07 mAP mAP@0S mAP@075 VGmAP VGHi@l | 1 _ealGroun
CG-DETR [18]  IV2 7006 5587 4893  69.85 49.56 42.30 68.71 :
TR-DETR [24]  IV2 7172 5593 4893  70.87 50.14 43.74 70.84 |
FlashVTG [1] V2 7148 5606 5261  72.37 55.03 44.08 71.48 !
DualGround V2 7348 5897 5326  72.99 56.35 44.12 71.62 ,
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Experiment Result

MR predictions (a)

HD predictions (b)

L2 Norm of Vp (c¢)
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Phrase-Word Attention map

Query: A guy with red jacket is getting interviewed (g) p1 pz 3 p4
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Figure 3. Visualization results on QVnghIlghts vaI spI|t Ny,



Thank You
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