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In this supplementary material, we first report qualitative
results for video clip retrieval. Then we provide more analy-
sis on semi-supervised action recognition. Finally, we make
a larger comparison with self-supervised methods that use
other than Kinetics dataset! for training.

1. Qualitative results for video retrieval

To further investigate the quality of the learned represen-
tation, we illustrate a few success and failure examples in
Figure 1. Despite that some of the retrieved videos are from
different action classes than the query video, the learned
representation successfully captures similar motion patterns
and not the appearance context. For example, on the first
row the model captures hand motion, on the second row the
model captures the dominant human poses.

2. Semi-supervised action recognition

We further analyze our method for semi-supervised video
recognition with ablation on the size of source dataset
(Dsource) for self-training. The results are shown in Table 1.
In the main paper, following competing methods, we use a
labelled set (20% or 50% of training set) as Dyp;g and the
full training set as Dy,,c.. Here, we experiment by remov-
ing labelled samples from the training set to have a trimmed
Dysource = training set— Dypy, with the remaining 80% or
50% samples of the training set. With this, the performance
drops for both labeled subsets but the larger drop of 2.4%
for a 50% labelled subset is due to the drastic decrease in
the size of Dj,yce. While the 20% labelled subset loses only
0.1% as the data for self-training is only slightly reduced.
This further shows the importance of our self-training.
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UCF101, split 1
50% labelled Doy / Training dataset

20% labelled

Jing et al. [15]* 48.7 543 training set
Rizve et al. [29] 394 50.2 training set
MotionFit (ours) 57.7 59.0 training set
MotionFit (ours) 57.6 56.6 training set —Dyprc

¥ Use extra labels to pre-train a 2D CNN.

Table 1: Comparison with semi-supervision on video
recognition at smaller scale. We report top-1 accuracy of
models fine-tuned on 20% (or 50%) of UCF101 training
data, which is also our Dyp; (same as Digrger).

3. Comparison with self-supervised methods
for action recognition

In Table 2 we list more results of self-supervised methods
for action recognition that also utilize datasets other than
Kinetics for training. Our method still outperforms other
visual-only methods, including those that use a larger dataset
for pre-training [S].

4. Comparison with self-supervised methods
for clip retrieval

In Table 3 we list more results of self-supervised methods
for clip retrieval that also utilize other than Kinetics dataset
for training. Our method still outperforms other visual-only
methods.
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Figure 1: Success and failure examples for video retrieval. The left examples show top-retrieved videos belonging to the
same action class as the query video. On the right, all three retrieved videos are from a different class. While our model may
retrieve videos from different action classes, it still captures distinctive motion patterns like hand motion and human poses.

Dataset Backbone Frames Resolution Modality \ UCF101 HMDBS51

Sun et al. [30] K400 S3D 16 112 V+T 79.5 44.6
Owens et al. [25] K400 R3D-18 64 224 V+A 82.1 -

Asano et al. [3] K400 R(2+1)D-18 30 112 V+A 83.1 47.1
Asano et al. [3] VGG-Sound [6] R(2+1)D-18 30 112 V+A 87.7 53.1
Korbar et al. [19] K400 MC3-18 25 224 V+A 85.8 56.9
Korbar et al. [19] Audioset [10] MC3-18 25 224 V+A 89.0 61.6
Alwassel et al. [2] K400 R(2+1)D-18 32 224 V+A 86.8 52.6
Alwassel et al. [2] Audioset [10] R(2+1)D-18 32 224 V+A 93.0 63.7
Alwassel er al. [2] IG-Kinetics [11] R(2+1)D-18 32 224 V+A 95.5 68.9
Xiaoetal. [31] K400 SlowFast 64 224 V+A 87.0 54.6
Morgado et al. [23] K400 R(2+1)D-18 32 224 V+A 87.5 60.8
Morgado et al. [23] Audioset [10] R(2+1)D-18 32 224 V+A 91.5 64.7
Patrick et al. [20] K400 R(2+1)D-18 32 224 V+A 89.3 60.0
Patrick et al. [20] VGG-Sound [6] R(2+1)D-18 32 224 V+A 89.4 62.1
Patrick et al. [20] Audioset [10] R(2+1)D-18 32 224 V+A 92.5 66.1
Patrick et al. [26] IG-Kinetics [11] R(2+1)D-18 32 224 V+A 95.2 72.8
Miech et al. [21] HTM [22] S3D 32 224 V+T 91.3 61.0
Piergiovanni er al. [27]  Youtube8M [ 1] S3D 32 224 V+T 93.8 67.4
ElNouby et al. [9] UCF101 R3D-18 16 112 A% 64.4 -

Kim et al. [17] K400 R3D-18 16 112 A% 65.8 33.7
Kong et al. [18] K400 R3D-18 8 112 v 69.4 37.8
Luo et al. [20] UCF101 R(2+1)D-18 16 112 A% 66.3 322
Yao et al. [33] UCF101 R(2+1)D-18 16 112 v 72.1 35.0
Xu et al. [32] UCF101 R(2+1)D-18 16 112 A% 724 30.9
Cho et al. [7] UCF101 R(2+1)D-18 16 112 A% 74.8 36.8
Han et al. [12] K400 R-2D3D-34 25 224 A% 75.7 35.7
Jing et al. [10] K400 R3D-18 64 112 v 76.6 47.0
Zhuang et al. [34] K400 SlowFast 16 112 \'% 77.0 46.5
Han et al. [13] K400 R-2D3D-18 25 224 A% 78.1 41.2
Benaim e al. [4] K400 S3D-G 64 224 A% 81.1 48.8
Han et al. [14] UCF101 S3D 32 128 A% 81.4 52.1
Han et al. [14] K400 S3D 32 128 A% 87.9 54.6
Diba et al. [8] Youtube8M [1] STCNet 32 112 A% 88.1 59.9
Qian et al. [28] K400 R3D-50 16 224 A% 92.2 66.7
MotionFit (ours) K400 R(2+1)D-18 32 112 A% 88.9 61.4
MotionFit (ours) K400 S3D-G 64 224 A% 90.1 50.6

Table 2: Comparison with self-supervised methods on video action recognition. We report top-1 accuracy of fine-tuned
models averaged over all 3 splits of UCF101 and HMDBS51. Our approach is the best when only considering the visual

modality (V).
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UCF101 HMDBS51
Dataset Backbone Modality R@1 R@5 R@20 R@]1 R@5 R@20
Asano et al. [3] K400 R(2+1)D-18 V+A 520 68.6 84.5 248 47.6 75.5
Patrick ef al. [26] K400 R(2+1)D-18 V+A 574 734 88.1 254 514 75.0
Xuetal. [32] UCF101 R(2+1)D-18 v 10.7 259 47.3 5.7 19.5 45.8
Benaim ez al. [4] K400 S3D-G \% 13.0 28.1 49.5 - - -
Noroozi et al. [24]  UCF101 AlexNet v 19.7  28.5 40.0 - - -
Luo et al. [20] UCF101 R(2+1)D-18 v 19.9 337 50.5 6.7 21.3 49.2
Han et al. [13] UCF101 R(2+1)D-18 A% 20.2 404 64.7 7.7 25.7 57.7
Yao et al. [33] UCF101 R(2+1)D-18 v 20.3 340 51.7 8.2 253 51.0
Kong et al. [18] K400 R3D-18 A% 220 39.1 56.3 - - -
Cho et al. [7] UCF101 R3D-18 A% 246 419 62.7 103 26.6 54.6
Buchler et al. [5] UCF101 CaffeNet A% 257 362 492 - - -
Han et al. [14] UCF101 S3D v 533 694 82.0 232 432 65.5
MotionFit (ours) K400 S3D-G v 31.6 517 70.3 - - -
MotionFit (ours) K400 R(2+1)D-18 A% 61.6 75.6 85.5 294 465 66.7

Table 3: Comparison with self-supervised methods on video clip retrieval. We report recall values R@n forn =1, 5, 20
on UCF101 and HMDB51 split 1. Our approach is best when only considering the visual modality and on par with methods
that use an additional audio modality during training.
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