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The supplementary material discusses details of our model architecture in Appendix A. We specify training details for our
model in Appendix B. In Appendix C we provide details regarding how the baseline methods (prior work) were evaluated on
the VTAB. Additional per-dataset results contrasting various methods as well as an evaluation of the proposed framework as
a pre-training step for object detection are provided in Appendix D. Lastly, an evaluation of our methods and the baselines
on Version 2 (arXiv:1910.04867v2) of the VTAB can be found in Appendix E.
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MS 504 172 349 347 187 807 7.0 797 904 455 73.6 450 569 348 60.6 77.8 46.6 48.6 353 494
TI 51.6 134 377 155 31.1 788 7.2 83.2 857 33.6 743 612 639 331 616 974 604 365 26.1 50.1
Jigsaw 66.7 189 514 66.1 375 551 121 76.0 915 662 724 428 559 305 682 695 350 449 363 525
Rel.Pat.Loc 68.5 19.1 522 69.0 413 609 11.1 77.5 926 654 70.7 435 596 33.6 682 707 293 472 352 535
Rot-YT-F 70.2 21.5 480 48.0 357 883 84 834 930 61.7 736 481 579 393 734 90.1 512 505 383 569
VIVI-Rot(2) 73.8 27.0 512 544 357 882 11.6 777 93.1 68.6 736 440 580 39.1 725 80.0 49.8 530 388 574
VIVI-Rot(4) 734 258 52.0 53.1 422 885 103 841 937 663 73.6 499 583 387 73.6 889 524 528 406 589
Rot-YT-F-AA 77.8 240 512 56.1 333 89.1 10.0 851 939 665 73.6 488 592 390 712 924 551 546 387 589
Ex-YT-F 73.0 243 498 64.6 481 884 134 83.0 955 704 73.6 504 590 38.6 71.0 908 469 435 447 594
Ex-ImageNet 720 20.1 528 545 510 875 155 83.8 952 725 742 499 609 369 756 922 456 488 41.7 595
MT-SSL 76.1 27.1 529 632 482 896 136 81.5 935 710 736 56.6 594 373 729 947 474 523 40.7 60.6
Rot-ImageNet 80.6 259 56.5 726 47.1 88.6 160 819 942 698 736 49.1 586 379 731 926 504 51.6 37.7 60.9
o Ex-YT-S 76.2 284 504 749 53.1 88.0 143 81.7 948 742 737 528 589 393 709 91.1 50.8 497 42.1 613
% Ex-YT-F-AA 787 28.1 54.6 647 527 89.0 165 835 955 731 73.6 522 603 390 744 934 546 459 445 61.8
VIVI-Ex(2)-Ord 76.0 29.0 49.0 777 547 885 13.6 805 942 732 73.6 559 602 39.1 720 915 521 515 428 619
VIVI-Ex(2) 753 28.8 487 775 555 879 124 81.6 941 736 736 563 606 389 731 919 522 506 446 620
VIVI-Ex(4) 763 29.0 50.1 779 556 88.0 14.1 824 944 731 73.6 553 609 386 729 953 53.0 524 441 625
Ex-YT-S-AA 793 30.1 539 754 553 884 147 834 948 757 73.6 553 595 40.7 76.6 913 529 512 414 628
VIVI-Ex(4)-AA 78.6 303 51.5 750 56.1 88.6 144 830 947 752 73.6 563 60.6 416 742 946 555 523 410 630
VIVI-Ex(4)-Big 775 328 513 794 56.6 883 166 798 951 753 73.6 547 579 404 744 920 568 524 470 633
VIVI-Ex(4)-Big-AA 775 348 542 769 595 89.7 162 843 948 772 73.6 533 60.7 405 78.0 934 592 529 470 644
Semi-Ex-10% 88.6 532 60.8 86.8 853 88.0 290 832 952 773 717 423 574 367 714 749 539 527 323 653
Sup-100% 91.0 57.0 660 88.6 899 873 344 80.6 953 808 732 41.0 56.1 363 70.6 857 46.0 457 354 664
VIVI-Ex(4)-Co(10%) 82.8 36.6 58.1 827 769 819 241 856 947 764 736 794 639 380 766 953 613 424 463 67.2
Sup-Rot-100% 91.7 537 695 90.8 881 885 328 834 960 820 71.1 473 572 36.6 77.1 883 52.1 516 337 68.0
VIVI-Ex(4)-Co(100%) 86.1 515 645 887 87.1 794 317 839 951 80.8 736 789 617 364 782 938 610 43.1 436 694
VIVI-Ex(4)-Co(100%)-Big 88.0 533 69.0 904 884 844 341 862 959 81.7 736 799 635 373 829 953 674 462 449 717
MS 684 69.6 481 527 492 967 569 855 975 883 76.8 99.8 904 71.7 753 100.0 96.3 999 974 80.0
TI 76.5 685 564 663 520 962 594 89.8 976 90.1 81.0 940 916 723 61.2 1000 964 970 86.2 80.7
Jigsaw 79.1 653 639 779 654 939 592 830 979 920 80.1 99.6 886 72.0 747 100.0 90.3 999 93.6 83.0
Rel.Pat.Loc 799 657 652 788 66.8 937 58.0 853 97.8 915 798 995 87.7 715 75.0 100.0 904 99.7 92.6 83.1
Rot-YT-F 81.8 72.6 60.7 665 657 969 594 867 983 922 76.8 99.8 92.1 76.0 81.3 100.0 96.6 99.8 98.0 84.3
VIVI-Rot(4) 87.1 742 624 735 686 97.0 61.1 868 983 928 769 998 921 76.3 79.1 100.0 96.5 100.0 97.7 85.3
VIVI-Rot(2) 86.7 74.1 61.6 751 676 97.0 619 867 984 926 777 99.8 925 764 813 100.0 96,6 999 97.1 854
Rot-YT-F-AA 86.8 725 63.0 747 684 969 60.1 864 984 928 785 998 922 764 815 100.0 96,6 99.7 98.1 854
Ex-YT-F 85.0 736 638 849 705 96.8 606 872 986 943 789 998 933 76.8 809 100.0 96,6 999 973 86.2
MT-SSL 88.0 76.1 644 800 723 972 63.0 858 983 937 786 99.7 93.0 754 804 100.0 96.5 100.0 98.1 86.3
Ex-ImageNet 835 742 654 834 749 968 604 855 987 945 79.8 99.8 935 755 804 100.0 96.5 999 98.0 86.4
Rot-ImageNet 88.5 764 67.7 830 73.1 97.0 632 854 985 939 79.1 999 922 76.0 820 100.0 96.6 100.0 98.3 86.9
_ VIVI-Ex(2)-Ord 86.0 757 62.1 87.1 76.1 969 637 872 986 946 799 99.8 935 76.5 809 100.0 965 998 979 87.0
E Ex-YT-S 874 759 648 857 750 969 632 870 986 945 80.1 998 934 774 804 1000 966 99.9 973 87.1
VIVI-Ex(4) 86.1 763 61.8 873 767 970 640 869 986 947 802 998 935 768 81.3 1000 96,6 99.8 982 87.1
Ex-YT-F-AA 88.1 75.1 677 86.1 735 969 622 868 988 946 79.0 99.9 935 765 829 100.0 96.6 999 979 872
VIVI-Ex(2) 86.6 76.1 634 882 744 970 64.1 884 986 947 792 99.8 934 77.1 809 100.0 96.5 999 97.6 872
Ex-YT-S-AA 89.0 76.5 673 862 759 97.0 63.6 869 988 946 803 99.8 933 77.1 82.0 100.0 96.6 999 97.6 87.5
VIVI-Ex(4)-AA 88.8 76.8 640 87.1 759 972 639 88.6 986 945 795 99.8 932 76.7 84.0 100.0 96.6 998 97.6 87.5
VIVI-Ex(4)-Co(10%) 80.3 79.1 67.6 89.1 832 969 665 90.1 984 930 796 995 92.1 748 83.1 100.0 965 99.8 93.6 88.0
VIVI-Ex(4)-Big 89.1 794 647 896 787 97.1 692 869 986 956 802 998 936 772 81.8 100.0 96,6 999 98.6 88.3
VIVI-Ex(4)-Big-AA 90.5 804 685 875 783 973 687 887 987 953 805 999 928 77.8 81.0 100.0 96.7 100.0 98.1 88.5
Semi-Ex-10% 85.3 827 70.5 922 89.0 97.0 674 860 98.6 947 788 99.8 93.1 76.8 815 100.0 96.5 100.0 97.8 88.8
VIVI-Ex(4)-Co(100%) 925 820 732 927 909 96.8 70.7 874 985 937 802 994 912 734 821 1000 965 989 965 893
Sup-100% 94.1 838 74.0 932 919 970 70.7 839 988 953 793 998 92.1 764 80.7 100.0 964 99.8 97.7 89.7
Sup-Rot-100% 946 84.8 759 947 915 970 702 859 988 949 795 99.8 925 76.5 823 100.0 96.5 100.0 98.4 90.2

VIVI-Ex(4)-Co(100%)-Big  93.5 859 772 944 91.6 973 73.7 894 988 951 81.0 99.7 925 76.7 848 100.0 96.6 99.7 94.6 90.7

Table 4: Testing accuracy for every data set in the VTAB benchmark using 1000 and all samples for fine-tuning. Each
number is the median of three fine-tuning runs. The proposed methods have the prefix Video-Induced Visual Invariances
(VIVI). “Ex” and “Rot” stand for exemplar [3] and rotation prediction [4] frame-level self-supervision, respectively. These
identifiers are followed with the number of shots in parentheses if an InfoNCE prediction loss across shots is used (except
methods using shot order prediction have the suffix “-Ord”). Baseline methods only using frames and shots have the suffix
“YT-F” and “YT-S”, respectively. The suffix “-AA” denotes methods that use AutoAugment [1].
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A. Architectures

Here we expand on the short description in Section 4. The frame encoder f is modelled using the ResNet-50 v2 [5]
architecture with BatchNorm [6]. We also investigate in several experiments the effect of model capacity by widening
the network by a factor of three. To avoid mismatch in batch statistics between the two data sources, in the co-training
experiments we replace the BatchNorm with GroupNorm [14] and also standardize [10] the weights of the convolutions.

For each prediction task, we attach a different linear head to the 2048-dimensional pre-logits ResNet representation before
applying the respective loss or prediction function. For exemplar, following [7], we use a linear head with 1000 outputs with
L2-normalization of the features before feeding into the triplet-loss. For rotation prediction we rely on a linear head with 4
outputs. For the video-level loss (prediction across shots using Lncg and temporal order prediction) we project the pre-logits,
average-pooled across the frames of the same shot, to 512 dimensions using a linear head, and feed this representation to the
prediction functions g,,. Finally, in the experiments with co-training, we rely on an additional linear classification head with
1000 outputs.

For the Lxcg loss, when we sample 2 shots, we predict one from the other using an multilayer perceptron (MLP), i.e., the
function g in (2) has the form g(e, e’) = ¢1(e) " pa(€’), where ¢1, 2 are MLPs with a single hidden layer with 256 units and
128 outputs. In the experiments with 4 shots, we use a 2-layer Long Short-Term Memory (LSTM) prediction function with
256 hidden units to predict every shot embedding from the previous ones. To match the dimension of the LSTM output (256)
and that of the future shot embeddings (512) we employ another linear layer. We use temporal order prediction only together
with exemplar-based self-supervised learning (SSL) and for data with 2 shots per video, relying on a single-hidden-layer
MLP with 512 hidden units as prediction function.

For both frame and shot-level SSL approaches we use the augmentation mechanism from [12]. For models co-trained
with a supervised loss based on a fraction of ImageNet we additionally use the same HSV-space color randomization as [15].
We also perform experiments where we replace the augmentation mechanism from [12] with AutoAugment (AA), which is
an augmentation policy learned using a reinforcement learning algorithm from the full ImageNet data set. More specifically,
we rely on the TF-Hub module publicly available at https://tfhub.dev/google/image_augmentation/nas_
imagenet/1.

B. Training details

Table 6 provides details about the schedules, batch size, loss weights, etc. used for the individual methods. When exploring
the effect of AA we reduce the weight of the video-level loss, A, by a factor of 2. The schedule for VIVI-Ex(4)-Co(10%)
is motivated as follows. We take the schedule and batch size used for the ImageNet exemplar co-training experiments for
10% labeled ImageNet examples from [15], stretch the schedule to 100k iterations and reduce the batch size (as well as the
learning rate) so that number of epochs over the 10% (128k example) data set matches that of [15]. Table 5 shows some
statistics of the YouTube-8M (YT8M) subset we use for training.

We set the margin parameter in the semi-hard triplet loss [11] to 0.5. For rotation-based SSL, following common practice
[4, 7], we compute the predicted rotation after appending to the mini-batch 3 rotated copies of the mini-batch along the batch
dimension and compute the rotation loss for all rotated copies.

We train all models on 128 cores of a Google TPU v3 Pod. For exemplar SSL the triplet loss is computed per core. For
all frame/shot level loss variants, Lncg is computed across all cores when prediction is across 4 shots, and computed per core
when prediction is across 2 shots as computing the loss across all cores led to instabilities for that case.

MEAN STD.
Number of shots per video 25.5 30.3
Shot duration 9.0 sec. 25.3 sec.
Video duration 230.7 sec.  61.7 sec.

Table 5: Statistics of the YT8M subset we use for training.

C. Baseline fine-tuning details

As mentioned in the main manuscript we compared against two baseline methods: MT-SSL (Multi-Task Self-Supervised
Learning) [2], and TI (Transitive Invariance) [13]. For MT-SSL we considered two variants: MS which was pre-trained on
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LR #it. w. #it. LR schedule WD A ol batch size #exemp.
Ex-ImageNet 0.8 120k 17k x0.1@52k;86k  10~* - - 2048 8
Ex-YT-F 0.8 120k 17k x0.1@52k;86k  10~* - - 2048 8
Ex-YT-S 0.8 120k 5k x0.1@90k;110k  10~* - - 2048 8 (sh.)
VIVI-Ex(2)-Ord 0.8 120k 5k x0.1@90k;110k  10~* {2.0,1.0,0.5} - 1024 - 2 sh. 8 (sh.)
VIVI-Ex(2) 0.8 120k 5k x0.1@90k;110k  10~* {0.08,0.04,0.02} - 1024 - 2 sh. 8 (sh.)
VIVI-Ex(4) 0.8 120k 5k x0.1@90k;110k  10™* {0.04,0.02,0.01} - 512-4sh. 8 (sh.)
VIV-Ex(4)-Big 0.8 120k 5k x0.1@90k;110k 1074 0.04 - 512-4sh. 8 (sh.)
VIVI-Ex(4)-Co(10%) 0.1 100k 3k x0.1@76k;88k;96k 10~* 0.04 {1.0,4.0,8.0,16.0} 512-4sh., 8(sh.)
256 im.
VIVI-Ex(4)-Co(100%) 0.8 100k 3k x0.1@70k;85k;95k 10~* 0.04 {0.1,0.5,1.0,5.0} 512-4sh., 8(sh.)
2048 im.
VIVI-Ex(4)-Co(100%)-Big 0.8 100k 3k  x0.1@70k;85k;95k 10~* 0.04 {0.1,0.5,1.0,5.0} 512-4sh., 8(sh.)
2048 im.
Rot-ImageNet 0.8 120k 17k x0.1@52k;86k  10~* - - 2048 1
Rot-YT-F 0.8 120k 17k x0.1@52k;86k  10~* - - 2048 1
VIVI-Rot(2) 0.8 120k 5k x0.1@90k;110k  10™* {0.2,0.1,0.05,0.025} - 1024 - 2 sh. 4 (sh.)
VIVI-Rot(4) 0.8 120k 5k x0.1@90k;110k  10™* {0.32,0.16,0.08,0.04} - 512-4sh. 4 (sh.)

Table 6: Learning rate (LR), number of training iterations (#it.), number of linear warm-up iterations (w. #it.), learning rate
schedule (LR schedule), weight decay (WD), video-level loss weight (), supervised cross-entropy loss weight (), batch
size, and the number of exemplars (#exemp.) for the different models considered in this paper. Lists of values indicate values
explored in the parameter sweep, with the optimal value (in terms of validation VTAB 1000 example score) underlined. For
the co-training methods we indicate video (suffix “sh.”’) and image (suffix “im.”) batch size. If the number of exemplars is
followed by “(sh.)” we use consecutive frames of the same shot to create exemplars.

motion segmentation only, and MT-SSL which combined MS with three other tasks in a multi-task setting. We obtained
pre-trained checkpoints for all three methods (MS, MT-SSL, and TI) from the authors of their respective prior works.

C.1. Fine-tuning motion segmentation and multi-task SSL baselines

MS and MT-SSL pre-trained a ResNet-101 up to block3. The representation at block3 is 7 x 7 x 1024, which is too big.
In [2], the authors used max-pooling to down-sample this to 3 x 3 x 1024 and then trained a linear predictor for ImageNet
classification. We experimented with this approach for VTAB evaluation. The default evaluation protocol for VTAB is to
sweep over initial learning rates: 0.1 and 0.01. These were too high for the MS and MT-SSL models. For several downstream
evaluation tasks fine-tuning diverged. We therefore modified the evaluation sweep minimally to sweep over initial learning
rates: 0.1,0.05,0.01. We also evaluated a simpler alternative: Global average pooling the block3 representation into a
1 x 1 x 1024 dimensional vector. We found that global average pooling the representation achieved best results on the VTAB
validation set. It also did not diverge at higher learning rates, so we could use the default learning rate schedule in this case.
We therefore used this setting for the final evaluation on test data.

C.2. Fine-tuning the transitive invariance baseline

We exported the pre-trained caffe checkpoint into TensorFlow using the Caffe-TensorFlow tool'. We found that the pre-
trained VGG-16 backbone diverges at higher learning rates when fine-tuning downstream on VTAB tasks. We therefore
manually adjusted the sweep over initial learning rates and found 0.01,0.005,0.001 to work well. Another challenge with
transferring this baseline model to several downstream data sets was that it is a patch-based model that expects 96 x 96
dimensional input, whereas the VTAB benchmark scales all images to 224 x 224. We experimented with three ways of
deploying this downstream: (a) Resize the input image from 224 x 224 into 96 x 96, (b) apply the model fully convolutionally
and compute a global average pool at the end, and (c) crop patches of size 96 x 96 at stride 32 from the input image and then
average the representations across all of these. We found that (c) was computationally extremely expensive. (b) performed
best and we report results for that approach on the VTAB test set.

"https://github.com/ethereon/caffe-tensorflow
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D. Additional results

Object detection We evaluate the proposed framework as a pre-training step for object detection. Specifically, we use
different VIVI models and baselines as backbone for RetinaNet [8] and evaluate it on the COCO-2017 data set [9]. For
all experiments, we rely on the standard ResNet-50 v2 architecture. We use the standard RetinaNet training protocol with
fine-tuning and only adapt the learning rate in cases where the default learning rate is too high by halving it until the training
loss decays smoothly (i.e., we tune the learning rate based on the training loss). Table 7 shows the standard COCO-2017
detection metric for different models. It can be seen that VIVI-Ex(4) outperforms the Ex-YT-F, MS, and MT-SSL baselines,
and VIVI-Ex(4)-Co(100%) improves over supervised ImageNet pre-training (Sup-100%).

METHOD AP

RetinaNet (Random init.) 26.9
RetinaNet (MS) 323
RetinaNet (Ex-YT-F) 32.6
RetinaNet (MT-SSL) 32.7
RetinaNet (VIVI-Ex(4)) 33.6
RetinaNet (Sup-100%) 353

RetinaNet (VIVI-Ex(4)-Co(100%))  36.5

Table 7: Object detection performance of RetinaNet [8] on the COCO-2017 data set [9] for different ways of pre-training the

ResNet-50 v2 backbone (Sup-100% corresponds to standard supervised ImageNet pre-training). The reported AP values are
the median over 3 runs.

Additional figures In Fig. 5 to 9 we provide per-data set comparisons of different model pairs to better understand the

effect of increasing the model size, using AA, and co-training with different amounts of labeled images. All numbers are
accuracies when using 1000 labels for fine-tuning.
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Figure 5: Per-data set comparison of ImageNet-based exemplar SSL (Ex-ImageNet) with VIVI-Ex(4). Training on YT8M
rather than ImageNet and exploiting temporal information mostly helps on natural (red) and structured (blue) data sets, and
slightly hurts for some specialized (green) data sets.
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Figure 6: Per-data set comparison of VIVI-Ex(4) and a 3x wider counterpart (VIVI-Ex(4)-Big). Increasing model capacity
leads to an increase in accuracy for all natural (red) data sets and some structured (blue) and specialized (green) data sets.
However, some structured and specialized data sets also incur a reduction in accuracy.
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Figure 7: Per-data set comparison of VIVI-Ex(4) and a variant using AA. AA seems to benefit all data set categories similarly,
and also leads to reductions in accuracy for a few data sets from all categories.
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Figure 8: Per-data set comparison of VIVI-Ex(4) and its counterpart co-trained with 10% class-balanced ImageNet data
(VIVI-Ex(4)-Co(10%)). Most data sets from each category incur an increase in accuracy, but one data set from each the
natural and structured categories suffer a significant loss in accuracy.
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Figure 9: Effect of increasing the number of ImageNet images used for co-training from 10% (VIVI-Ex(4)-Co(10%)) to
100% (VIVI-Ex(4)-Co(100%)). The accuracy on the majority of natural (red) data sets is significantly increased, whereas
most of the structured data sets incur a slight drop in accuracy.



E. Evaluation on VTAB Version 2

In Table 8 we report complete testing results for the 1000 example transfer regime of Version 2 (arXiv:1910.04867v2)
of the VTAB benchmark [16]. Table 9 shows the mean testing accuracy per data set category, and Table 10 is the Version
2-analog of Table 1. Note that the full data set evaluation is the same in both Versions 1 and 2. The 1000 example regime
of Version 2 uses 800 samples for fine-tuning and 200 samples for validation to select the hyper-parameters for fine-tuning
(see Section 4; the considered set of fine-tuning hyper-parameters remains the same). In contrast, Version 1 uses all the 1000
samples for fine-tuning, and the standard validation set for each data set. We emphasize that we do not re-select the training
hyper-parameters (such as the video-level loss weight, see Table 6), but only the hyper-parameters for the transfer step.

It can be seen that the relative improvements of our methods in terms of the VTAB 1000 example mean accuracy over
the baselines obtained for Version 2 are comparable to Version 1, with few exceptions. Accordingly, the ranking of methods
according to the mean accuracy remains mostly unchanged.
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TI 549 7. 383 282 323 770 74 500 841 500 63.1 127 61.7 350 41.6 86.1 593 21.1 292 442
MS 523 127 373 326 158 81.8 68 768 89.7 49.7 573 432 557 384 484 812 464 348 351 47.1
Rel.Pat.Loc 678 179 51.0 672 388 61.7 105 734 92.6 662 59.7 443 557 394 578 63.6 327 299 349 50.8
Jigsaw 66.2 148 507 653 340 549 114 730 915 667 71.3 441 562 422 638 660 342 329 317 511
Rot-YT-F 69.5 215 472 440 342 884 95 825 921 594 705 47.1 574 462 715 920 499 368 371 556
VIVI-Rot(4) 7277 24.6 48.6 489 39.1 888 110 83.1 935 659 712 49.0 586 465 704 89.1 517 247 398 56.7
VIVI-Rot(2) 73.0 267 49.1 550 432 884 127 83.0 93.1 667 71.6 451 57.8 455 69.5 88.0 511 375 381 576
Rot-YT-F-AA 77.1 23.0 50.8 553 352 886 94 819 934 645 714 428 586 469 717 914 539 407 398 577
Ex-YT-F 722 239 519 50.1 447 881 153 825 953 69.7 70.6 47.6 59.5 457 723 903 468 326 447 58.1
BigBiGAN 80.8 392 566 779 444 768 203 774 956 740 693 539 556 387 714 70.6 467 272 463 59.1
Ex-TmageNet 727 232 545 687 487 884 144 803 955 73.8 741 449 602 457 69.6 89.3 458 342 407 592
MT-SSL 762 262 493 63.5 485 89.1 10.6 803 933 702 717 556 62.1 443 763 866 432 39.1 389 592
Rot-ImageNet 77.1 252 559 712 442 885 144 81.1 935 70.1 64.1 48.0 59.6 469 745 927 499 374 389 59.6
o Ex-YTS 754 28.1 502 743 523 882 147 822 945 744 740 527 59.9 454 707 88.0 483 329 366 602
§ VIVI-Ex(2)-TimeArrow 749 285 483 77.1 553 880 141 83.0 941 739 715 468 582 464 739 927 481 356 423 60.7
VIVI-Ex(4) 750 293 49.0 77.8 553 879 15.1 803 942 739 704 552 588 464 709 913 514 349 421 61.0
VIVI-Ex(2) 748 28.8 495 775 540 882 140 80.0 940 73.7 719 56.0 61.1 465 70.1 91.8 51.0 382 450 614
Ex-YT-S-AA 78.0 294 50.7 753 553 897 140 839 949 763 717 523 587 465 722 910 526 353 399 615
Sup-10% 849 46.1 554 828 802 869 249 80.6 952 73.1 719 394 557 435 633 760 459 309 329 616
VIVI-Ex(4)-AA 78.6 305 509 748 558 888 145 812 949 755 71.8 543 61.0 457 763 930 541 317 397 617
VIVI-Ex(4)-Big 76.5 33.0 51.6 752 57.1 875 17.1 80.1 947 751 724 554 57.1 46.6 733 894 551 356 441 619
Ex-YT-F-AA 76.5 27.8 547 750 520 89.7 167 83.6 955 741 735 51.1 579 48.6 748 942 527 348 439 619
VIVI-Ex(4)-Big-AA 79.7 351 56.0 723 569 89.5 180 82.0 952 772 71.6 547 603 487 758 924 585 356 462 63.5
Semi-Ex-10% 87.7 528 604 840 840 871 292 79.1 949 77.1 70.1 394 560 423 720 737 523 376 335 639
Sup-100% 80.8 546 656 884 89.1 863 345 797 953 810 726 418 525 427 753 810 473 326 358 65.6
VIVI-Ex(4)-Co(10%) 827 365 579 820 766 822 240 847 948 768 732 755 60.5 467 774 950 583 305 453 663
Sup-Rot-100% 80.9 52.8 686 903 888 887 325 80.5 959 834 732 482 570 485 79.1 925 500 306 32.8 675
VIVI-Ex(4)-Co(100%) 86.7 51.6 648 882 863 804 325 843 951 809 726 780 604 454 802 929 617 302 41.8 692

VIVI-Ex(4)-Co(100%)-Big 87.6 53.6 689 899 87.0 841 342 859 955 816 719 758 628 459 839 953 62.1 27.1 453 704

Table 8: Testing accuracy for fine-tuning hyper-parameter selection according to Version 2 (arXiv:1910.04867v2) of the
VTAB benchmark [16]. Each number is the median of three fine-tuning runs. The proposed methods have the prefix VIVI.
“Ex” and “Rot” stand for exemplar [3] and rotation prediction [4] frame-level self-supervision, respectively. These identifiers
are followed with the number of shots in parentheses if an InfoNCE prediction loss across shots is used (except methods
using shot order prediction have the suffix “-Ord”). Baseline methods only using frames and shots have the suffix “YT-F”
and “YT-S”, respectively. The suffix “-AA” denotes methods that use AutoAugment [1].



METHOD MEAN NAT. SPEC. STR.

TI 442 350 61.8 433
MS 47.1 342 684 479
Rel.Pat.Loc 50.8 450 73.0 448
Jigsaw 5.1 425 756 464
Rot-YT-F 556 449 76.1 548
VIVI-Rot(4) 56.7 477 784 537
VIVI-Rot(2) 57.6 497 78.6  54.1
Rot-YT-F-AA 577 485 77.8 557
Ex-YT-F 58.1 494 79.5 549
BigBiGAN 59.1  56.6 79.1 513
Ex-ImageNet 592 529 809 538
MT-SSL 59.2 519 789 558
Rot-ImageNet 59.6  53.8 772 56.0
Ex-YT-S 60.2 548 813 543
VIVI-Ex(2)-TimeArrow 60.7 552 80.6 555
VIVI-Ex(4) 61.0 55.6 797 564
VIVI-Ex(2) 614 553 799 575
Ex-YT-S-AA 61.5 56.1 81.7  56.0
Sup-10% 61.6 659 80.2 485
VIVI-Ex(4)-AA 61.7 563 809 57.0
VIVI-Ex(4)-Big 619 569 80.6  57.1
Ex-YT-F-AA 619  56.1 81.7 572
VIVI-Ex(4)-Big-AA 635 582 81.5 59.0
Semi-Ex-10% 639 693 80.3 509
Sup-100% 65.6 72.6 822 51.1
VIVI-Ex(4)-Co(10%) 663  63.1 824 611
Sup-Rot-100% 67.5 73.1 832 548
VIVI-Ex(4)-Co(100%) 69.2  70.1 832 613

VIVI-Ex(4)-Co(100%)-Big 704 722 83.7 623

Table 9: Overall and per group mean testing accuracy for fine-tuning hyper-parameter selection according to Version 2
(arXiv:1910.04867v2) of the VTAB benchmark. Each number is the median of three fine-tuning runs. See the caption of
Table 8 for a description of the method abbreviations.

METHOD MEAN NAT. SPEC. STR.
Ex-ImageNet 59.2 52.9 80.9 53.8
VIVI-Ex(4) 61.0 (+1.8) 55.6 79.7 56.4
VIVI-Ex(4)-Big 619 (+2.7) 569 80.6 571
Semi-Ex-10% [16] 63.9 69.3 80.3 50.9
VIVI-Ex(4)-Co(10%) 66.3 (+2.4) 63.1 824  61.1
Sup-100% 65.6 72.6 82.2 51.1
Sup-Rot-100% [16] 67.5 73.1 832 548
VIVI-Ex(4)-Co(100%) 69.2 (+3.6) 70.1 83.2 61.3

VIVI-Ex(4)-Co(100%)-Big 704 (+4.8) 72.2 83.7 62.3

Table 10: Testing result summary as in Table 1 for fine-tuning hyper-parameter selection according to Version 2
(arXiv:1910.04867v2) of the VTAB benchmark. Each number is the median of three fine-tuning runs.
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