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Topic Introduction & Motivation

Video Moment Retrieval

e Task
o Localize moments within a video based on a
given natural language query
o Input: text query » Output: (start, end)

e Motivation
o Improve user experience and search efficiency

QUERY: Woman has a photoshaot of flowers.
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Limitations of Previous Work

e DETR-based models suffer from a significant
drop in performance when handling short
moments
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Key Observation

Data Perspective Analysis
e Analyze visual features in ICA

» Short moments does not capture a wide
range of visual features

Per-1C Median Absolute Deviation

Distribution in ICA space
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Model Perspective Analysis

Evaluated the prediction tendencies by
assessing the centerand length predictions

> Inaccuracies in center prediction are a
significant source of overall error

1000 -
750 -
500 -
2501

i?%

Cg_ni_sgr Pmticﬁm_is

s |
I Center in GT

short middle

N

B

-

‘to

short mlddlc

Length Puﬁmﬁuns

slmrt middle

long

KAIST C/ML
Why DETR-based Methods Underperform on Short Moments?
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Proposed Method [1/2] WCV@pEles KAIST  C ML
MomentMix: Augmentation for Short Moment

_ ‘ First Stage: ForegroundMix
Data Perspective Solution

e Goal
Overall Framework Foregroundiix (ESELE) o Increase the visual diversity of foreground
T features in short moment
-}’ " FG and BG . ..
e GCenerate short moments by cutting and mixing
longer foreground samples

Long Moment Short Moment
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m Random Replace BackgroundMix (BGMix)
BGMix ! : +' 'c, . Second Stage: BackgroundMix
Random Jupla:! | other clips

= e GCoal
. G Meleasw o Improve the diversity of the visual
hl_l—l—lb background features to strengthen the
association between foreground visual

features and the text query
e Recombine backgrounds from various video clips
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Proposed Method [2/2]
Length-Aware Decoder

Model Perspective Solution
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Decoder Queries with Class-Pattern

e Predefine length classes
(e.g., short, middle, long)

e Uniformly assign each decoder query to
these length-specific classes

Length-wise Matching

e Modify the bipartite matching process
e Queries are matched with ground-truth
moments within the same length class

» Create “lengthwise expert” queries with
length-wise matching
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Main Results

Short Middle Long Full
Rl mAP Rl mAP Rl mAP Rl mAP
CG-DETR [25] 570 9.61 4225 45.23 44.58 64.35 44.10 42.86

Performance with res pect to Moment TaskWeavet [42] 2.91 6.31 3893 44.00 47.58 52.67 42.45 43.33
R*-Tuningf [23] 6.83 11.96 38.86 46.00 49.56 54.23 44.16 46.10

Length on QVH |g h ||g htS FlashVTG [2]  10.35 14.84 41.62 49.04 47.09 51.68 4584 47.59

QD-DETR [26]  3.95 6.98 37.39 41.12 42.86 46.95 40.01 39.84

Method

+Ours 10.33 13.79 41.32 46.94 4540 52.45 45.02 46.61

(+6.38) (+6.81) (+3.93) (+5.82) (+2.54) (+5.50) (+5.01) (+6.77)

. L . TR-DETR [32] 495 822 40.08 43.27 47.63 50.80 43.70 42.62

e Significantly improves short-moment +Ours 1030 14.57 42.54 4790 4761 5358 4659 4777
(+#5.35) (+6.35) (+2.45) (+4.63) (-0.02) (+2.78) (+2.89) (+5.15)

1 UVCOM [36] 528 10.67 41.81 44.90 44.95 48.37 43.85 43.18

performance across all baselines coun IS 1636 4322 $262 468 5262 469 4821

(+6.31) (+5.68) (+1.41) (+7.72) (+1.53) (+4.25) (+3.07) (+5.03)

Table 1. Performance gains of our method on the QVHIGHLIGHTS
test set across different moment lengths. £ means test results from
checkpoint provided by authors.

MR HD
Method R1 mAP > Very Good
@0.5 @0.7 Avg. @0.5 @0.75 Avg. mAP HIT@1 CHARADES-STA ~ TACOS ~ CHARADES-STA'
Overall Performance Method
M-DETR [18] ~ 52.89 33.02 - 5482 2940 30.73 35.69 55.60 R1@0.5 R1@0.7 R1@0.5R1@0.7R1@0.5 R1@0.7
UMT f[22] 5623 41.18 - 53.83 37.01 36.12 38.18 59.99
EaTR [13] 57.98 4241 - 5995 39.29 39.00 - - gléll-)liz][ﬂ] ) . ) A Z';‘é }??3
m i i i UniVTG [20]  58.86 40.86 - 57.60 35.59 3547 3820 60.96 MAN [39] ) ) i C 4124 2054
b Our ethOd ylelds sign Iﬂcant CG-DETR [4] 6543 48.38 44.10 64.51 4277 42.86 4033 6621 2D—TA[N []4%1 4602 2750 2799 1292 4094 2285
. . MomentDiff [19] 57.42 39.66 - 5402 3573 3595 - - VSLNet[41] 4269 2414 2354 1315 - .
IMmprovements across all metrics, TaskWeavet [42] 6187 46.24 4245 6375 43.63 4333 37.87 5908 MDETR[18] 5363 3137 2467 1197 - :
BAM-DETR [17] 62.71 48.64 - 6457 4633 4536 - - QD-DETR [26] 5731 3255 - C 5277 313
1 1 1 R*-Tuning} [23] 66.08 48.90 44.16 68.09 47.65 46.10 39.18 64.20 UniVIG [20] 5801 3565 3497 17.35
indicati ng en hanced overall FlashVTG [2]  66.08 50.00 45.84 67.99 48.70 47.59 41.07 66.15 TR-DETR [32] 5761 3352 - o 5347 3081
. QD-DETR [26]  61.22 44.49 40.01 62.31 39.45 39.84 39.01 62.13 BAM-DETR [17] 59.83 39.83 4154 26.77 - -
pe rformmance across all baselines. +Ours 63.62 48.77 45.02 65.50 47.78 46.61 40.35 64.46 R*-Tuning [23] - 387 2502 - _
(+2.40) (+4.28) (+5.01) (+3.19) (+8.33) (+6.77) (+1.34) (+2.33) FlashVTG lz] 60.11 38.01 4176 24.74 5425 37.42
TRDETR [32]  64.66 48.96 43.70 63.98 43.73 42.62 3991 63.42 UVCOM 6] 5925 3664 3639 2332 5457 3413
+Ours 65.63 51.23 46.59 66.89 49.04 47.77 41.54 66.02 +Oours 6145 4022 4221 2802 5616 3610

(40.97) (+2.27) (+2.89) (+2.91) (+5.31) (+5.15) (+1.63) (+2.60)
UVCOM [36] 63.55 47.47 43.85 63.37 42.67 43.18 39.74 64.20

+Ours 65.37 50.71 46.92 66.65 49.22 48.21 4091 66.54
(+41.82) (+3.24) (+3.07) (+3.28) (+6.55) (+5.03) (+1.17) (+2.34)

(+2.20)  (+3.58)  (+5.82) (+4.70) (+1.59)  (+1.97)

Table 3. Results on CHARADES-STA and TACOS test set. § indi-
cates training with VGG features and GloVe features.

Table 2. Performance comparison on QVHIGHLIGHTS fest set.
indicates training with additional audio features. # means test re- 6
sults from checkpoint provided by authors.
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Main Results

Component Analysis

Short Middle Long Full
. . . MMix LAD Rl mAP Rl mAP Rl mAP Rl mAP
e Toexamine the impact of MomentMix and the X X 457 777 3889 4310 4262 47.44 4106 41.00
VX 648 1144 4206 46.88 4415 49.57 44.66 44.68
Length-Aware Decoder X v 876 1101 4055 4553 43.69 50.76 43.65 4448

v v 1107 15.27 43.12 48.53 44.39 52.65 46.13 47.70

Table 4. Performance comparison with baseline(QD-DETR) on

» While each component individually improves QVHIGHLIGHTS val set. MMix, and LAD indicate MomentMix
performance, their combined application leads to and Length-Aware Decoder, respectively.
even greater improvements.

. . . R1 mAP
Evaluation in Few-shot Scenarios Method @05 @07 Ave @05 @075 Avg

100% train data  61.39  46.18 41.06 61.68 41.57 41.00
50% train data ~ 57.23 4026 36.10 57.51 35.63 3598

e Tovalidate the effectiveness of MomentMix as a TR N R TR
. . (+5.93) (+7.48) (+7.26) (+4.40) (+6.27) (+5.75)

data augmentation technique, we conducted 20% train data  46.84 3045 2658 4827 2535 2688

. . +MomentMix 5245 37.68 33.69 5266 3425 3372
experiments using 50%, 20%, and 10% of the , Co.6D)  (1.33) (.01 43 (8.90) (6.5

10% train data 3245 1684 1500 3710 1537 1817

training data +MomentMix 43.10 2871 2561 4497 26.12 2662

(+10.65) (+11.87) (+9.71) (+7.87) (+18.75) (+8.45)

. . .. Table 6. Results on the QVHIGHLIGHTS val set using 50%, 20%,
> MomentMix effectively generates new training and 10% of the original training data.

samples by enhancing feature diversity
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