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1 Action Classification Results on UCF101 and HMDB51
Datasets

In the paper, we have discussed that finetuning on the UCF101[15] and HMDB51[11]
datasets are easy to overfit since these datasets are relatively small. We present
the action classification results here for comparisons with other state-of-the-
art methods in Table 1. The 30-view evaluation results are reported following
[5] for R3D50 backbone. We sample 16 frames of each video and the input size
is set as 16×224×224. The proposed method outperforms other state-of-the-
art methods except MoDist[17], and STiCA[13]. MoDist uses the optical flow for
self-supervised training. STiCA uses the multi-modality to improve cross-modal
video representation learning. In contrast, the proposed method uses the RGB
image only.

2 Ablation Study on OFC module

The effects of TC and VM modules are concluded as: Table 2 demonstrates
TC and VM are not independent in TCVM framework. TC improves
classification performance by balancing the effect between origin features and fea-
ture differences, while VM strengthens retrieval performance by dismissing scene
bias. (2) Table 3(a) of the main paper demonstrates OFC is necessary
for retrieval tasks but less important for finetuning tasks. Adding the
OFC module enhances the retrieval performance (+24.6% on UCF101), while
slightly improving (only 0.8%) the classification task.

3 Action Retrieval Visualizations

Fig. 1 shows four action retrieval visualization results on UCF101 and HMDB51
datasets. MoCo[8] is used to compare. Column 1 shows the Query actions.
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Method Year Pretraining Dataset Backbone Input Size UCF101 HMDB51

Huang[9] 2021 K400 R21D26 112 85.7 54.0
PacePred[16] 2020 K400 R21D 112 77.1 36.6

VideoPlayback[18] 2020 UCF101 R3D 112 66.5 29.7
VideoMoCo[12] 2021 K400 R3D 112 74.1 43.6
Mem-DPC[7] 2020 K400 R2D3D 224 78.1 41.2
MoSI[10] 2021 K400 R2D3D 224 70.7 48.6

SpeedNet[1] 2020 K400 S3D-G 224 81.1 48.8
DPC[6] 2019 K400 R3D34 224 75.7 35.7

STiCA[13] 2021 K400 R21D18 112 93.1 67.0
CoCon[14] 2021 K400 R3D34 224 79.1 48.5
MoDist[17] 2021 K400 R3D50 224 91.5 67.4
RSPNet[2] 2021 K400 R3D18 112 74.3 41.8
TCLR[3] 2021 K400 R3D18 112 84.1 53.6
Ding[4] 2021 K400 R21D 112 84.8 53.5

Ours† 2022 k400 R3D50 224 86.9 61.9

Table 1: Downstream action classification results on UCF101 and HMDB51
datasets. † denotes the results from 10×3 view evaluation following[5].

Method Dataset
OFC TC VM UCF101 HMDB51 SSv2

✓ 45.1 20.2 55.2
✓ ✓ 28.2 14.0 58.3
✓ ✓ 56.7 26.2 56.9

✓ ✓ ✓ 56.1 25.6 58.5

Table 2: Ablation studies on OFC module.

Columns 2-4 present the action retrieval results by using MoCo. Columes 5-
7 show the results by using the proposed method. Row 1 is the result from
UCF101 dataset. Rows 2-4 are the results from HMDB51 dataset. It can be seen
that our method reaches more accurate results in action retrieval task.

4 Pseudo Code

We present the pseudo code in the ”TCVM pseudo code.py” file.
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Fig. 1: Action Retrieval Visualizations on UCF101 and HMDB51 datasets.
MoCo[8] is used to compare.
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