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The supplementary document is organized as follows. In Section 1, we provide
the transfer results on temporal action localization; In Section 2, we present the
performance of LocVTP on more video retrieval datasets; In Section 3, we evalu-
ate our pre-trained features on more temporal grounding methods; In Section 4,
more visualization results are given.

1 Transfer Results on Temporal Action Localization

Models| Modal mAP@0.5 @0.75 @0.95 AVG

BSP [5]] R 50.9 35.6 8.0 34.8

LoFi-E2E [306] R 50.4 35.4 8.9 34.4

TSP [1] R 51.3 37.1 9.3 35.8

CoCLR [13]| R+F 47.9 32.2 7.3 31.9

XDC [2]| R+4A 48.4 32.6 7.6 32.3

VideoMoCo [22]| R 478 32.1 7.0 31.7

RSPNet [9] R 47.1 31.2 7.1 30.9

AoT [33]] R 44.1 28.9 5.9 28.8

SpeedNet [6] R 44.5 29.5 6.1 29.4

VideoBERT [20] R+L 385 167 26 194

UniVL [19]| R+L 40.3 17.4 4.4 21.2

SupportSet™ [23]| R+L 39.3 18.3 1.4 20.0

LocVTP(Ours)| R+L 51.6 38.4 9.8 36.5
Table 1: Performance of Temporal Action Localization using different pre-
trained features. We take G-TAD [37] as the downstream method and evaluate on

ActivityNet v1.3 dataset [7]. Methods highlighted in blue use fully-supervised pre-
training. * denotes our implementation. R: RGB; F: optical flow; A: audio; L: language.

Temporal action localization (TAL) [20,27] is a fundamental video under-
standing task which requires to detect the start and end frames of action in-
stances, as well as to predict their class labels. Here we evaluate the TAL per-
formance using our LocVTP pre-trained features with G-TAD [37] as the down-
stream method. Specifically, we retrain G-TAD by only replacing the original
features with our LocVTP features. The popular large-scale benchmark Activi-
tyNet v1.3 [7] is taken as the experimental dataset.
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Method| R@1 R@5 R@10 MdR Method| R@1 R@5 R@10 MdR
NE [3]] 13.7 35.7 47.7 12.0 NE [3]] 6.4 198 284 39.0
SupportSet [23]| 28.4 60.0 72.9 4.0 CE [18]| 11.2 269 348 253

]
Frozen [5]| 45.6 79.8 88.2 2.0 Frozen [5]| 15.0 30.8 39.8 20.0
BridgeFormer [12]| 52.0 82.8 90.0 1.0 BridgeFormer [12]| 17.9 354 44.5 15.0
LocVTP(Ours)| 52.4 83.2 92.4 1.0 MMT [34]| 129 29.9 40.1 19.3
LocVTP(Ours) [32]| 18.4 36.2 44.7 15.0
(a) MSVD (b) LSMDC

Method| R@1 R@5 R@10 MdR

S2VT | 11.9 33.6 - 13.0

CE [ 16.1 41.1 - 8.3

ClipBERT | 20.4 48.0 60.8 6.0

Frozen | 31.0 59.8 72.4 3.0

OA-Trans | 34.8 64.4 75.1 3.0
LocVTP(Ours)| 37.5 64.7 74.2 3.0

]
]
]
]
BridgeFormer [12]| 37.0 622 739 3.0
]
)
(

¢) DiDeMo

Table 2: Video retrieval performance.

The comparison results to current state-of-the-art video pre-training and
VL pre-training approaches are listed in Table. 1. The results show that our
LocVTP pre-trained feature outperforms both video pre-training and VL pre-
training methods at all four evaluation metrics. Notably, we even surpass the
supervised pre-trained features (e.g., BSP [35], LoFi-E2E [36], TSP [1]) which
require classification labels. The excellent performance on the TAL task further
demonstrates the superiority of our LocVTP on the localization tasks.

2 More Transfer Results on Video Retrieval

We provide the video retrieval performance on more datasets including MSVD [3],
LSMDC [24], and DiDeMo [1]. We use HowTol00M as the pre-training dataset
and the visual encoder is initialized with ImageNet-21k pre-trained weights (see
“Settings of Pre-training” of the main paper for details). The results listed in
Table. 2 show that our LocVTP also achieves state-of-the-art performance on
these datasets.

3 Temporal Grounding Results on More Baselines

We provide temporal grounding results on more baselines with our pre-trained
LocVTP features. We select two more recent state-of-the-art algorithms CSM-
GAN [17] and VLGNet [28]. The results are listed in Table. 3. We can observe
that our LocVTP pre-trained feature consistently outperforms other VL pre-
trained features using both advanced temporal grounding methods.
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Models PT Data | R%® RY7 R25 RY7

Sep.Pre. [17] Kinetics | 48.9 29.0 77.2 59.1

" VideoBERT*[20]  HT | 385 226 69.3 554
MIL-NCE [21] HT 432 26.3 754 58.7
UniVL [19]  HT 431 270 769 583
SupportSet™ [23] HT 424  26.8 76.7 58.6

Frozen [5] CC,WV | 473 26.8 725 53.6
OA-Trans*[32] CC, WV | 48.0 27.3 73.0 53.9
LocVTP (Ours) CC,WV |50.2 308 79.8 60.3

December [30] HT 44.1 269 774 58.8
ClipBERT [16] CO,VG 43.7 262 76.8 58.1

(a) Downstream method: CSMGAN [17].

Models PT Data | RY® RY7 R25 RY7

Sep.Pre. [17] Kinetics | 46.5 30.1 77.4 64.3

© VideoBERT*[20]  HT | 369 224 69.1 57.7
MIL-NCE [21]  HT 403 256 748 60.6
UniVL [19] HT 40.8 26.4 76.2 59.9
SupportSet* [23] HT 39.3 263 76.0 59.2

December [30] HT 416 264 76.4 59.2
ClipBERT [16] CO,VG 40.3 26.0 76.1 58.5

(b) Downstream method: VLGNet [28].

Table 3: Temporal grounding performance using different pre-trained fea-
tures. We retrain the the temporal grounding method (a) CSMGAN [17] and (b)
VLGNet [28] using the pre-trained features on ActivityNet Caption dataset. Sep.Pre.
means separately pre-training, i.e., the video encoder supervisedly pre-trained on Ki-
netics [141] and text encoder taken from BERT [11]. HT: HowTo100M; CO: Coco Cap-
tions [10]; VG: Visual genome [15]; CC: Conceptual captions [25]; WV: WebVid-2M [5].
* denotes our implementation.
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4 More Visualizations

UMAP Visualizations. We provide UMAP visualizations of fused multi-modal

features, which are generated by multiplying the extracted video feature by the

query feature. Formally, given the untrimmed video feature v and query fea-

ture g corresponding to time interval [s, e], the fused features are computed by

f = v[s:¢] - q. Clips corresponding to ground-truth caption are marked with
while others are with gray.

Fig. 1 shows the UMAP visualization results for LocVTP (w/ L), LocVTP

(w/o L), UniVL [19], and MIL-NCE [20]. The results show that the temporal-
aware contrastive loss £; helps distinguish action-of-interest from background
and thus benefits the localization task.
Cross-modal Correspondence Visualizations. Fig. 2 shows typical frames
and their corresponding similarity scores with caption words. The top K highest
scored words are marked with red (K = 3). As shown, the most responsive words
exactly reflect the frame content.
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Fig.1: UMAP visualizations. We mark clips corresponding to the ground-
truth caption with green and others with gray.
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