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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 50.4 17.2 34.9 34.7 18.7 80.7 7.0 79.7 90.4 45.5 73.6 45.0 56.9 34.8 60.6 77.8 46.6 48.6 35.3 49.4
TI 51.6 13.4 37.7 15.5 31.1 78.8 7.2 83.2 85.7 33.6 74.3 61.2 63.9 33.1 61.6 97.4 60.4 36.5 26.1 50.1
Jigsaw 66.7 18.9 51.4 66.1 37.5 55.1 12.1 76.0 91.5 66.2 72.4 42.8 55.9 30.5 68.2 69.5 35.0 44.9 36.3 52.5
Rel.Pat.Loc 68.5 19.1 52.2 69.0 41.3 60.9 11.1 77.5 92.6 65.4 70.7 43.5 59.6 33.6 68.2 70.7 29.3 47.2 35.2 53.5
Rot-YT-F 70.2 21.5 48.0 48.0 35.7 88.3 8.4 83.4 93.0 61.7 73.6 48.1 57.9 39.3 73.4 90.1 51.2 50.5 38.3 56.9
VIVI-Rot(2) 73.8 27.0 51.2 54.4 35.7 88.2 11.6 77.7 93.1 68.6 73.6 44.0 58.0 39.1 72.5 80.0 49.8 53.0 38.8 57.4
VIVI-Rot(4) 73.4 25.8 52.0 53.1 42.2 88.5 10.3 84.1 93.7 66.3 73.6 49.9 58.3 38.7 73.6 88.9 52.4 52.8 40.6 58.9
Rot-YT-F-AA 77.8 24.0 51.2 56.1 33.3 89.1 10.0 85.1 93.9 66.5 73.6 48.8 59.2 39.0 71.2 92.4 55.1 54.6 38.7 58.9
Ex-YT-F 73.0 24.3 49.8 64.6 48.1 88.4 13.4 83.0 95.5 70.4 73.6 50.4 59.0 38.6 71.0 90.8 46.9 43.5 44.7 59.4
Ex-ImageNet 72.0 20.1 52.8 54.5 51.0 87.5 15.5 83.8 95.2 72.5 74.2 49.9 60.9 36.9 75.6 92.2 45.6 48.8 41.7 59.5
MT-SSL 76.1 27.1 52.9 63.2 48.2 89.6 13.6 81.5 93.5 71.0 73.6 56.6 59.4 37.3 72.9 94.7 47.4 52.3 40.7 60.6
Rot-ImageNet 80.6 25.9 56.5 72.6 47.1 88.6 16.0 81.9 94.2 69.8 73.6 49.1 58.6 37.9 73.1 92.6 50.4 51.6 37.7 60.9
Ex-YT-S 76.2 28.4 50.4 74.9 53.1 88.0 14.3 81.7 94.8 74.2 73.7 52.8 58.9 39.3 70.9 91.1 50.8 49.7 42.1 61.3
Ex-YT-F-AA 78.7 28.1 54.6 64.7 52.7 89.0 16.5 83.5 95.5 73.1 73.6 52.2 60.3 39.0 74.4 93.4 54.6 45.9 44.5 61.8
VIVI-Ex(2)-Ord 76.0 29.0 49.0 77.7 54.7 88.5 13.6 80.5 94.2 73.2 73.6 55.9 60.2 39.1 72.0 91.5 52.1 51.5 42.8 61.9
VIVI-Ex(2) 75.3 28.8 48.7 77.5 55.5 87.9 12.4 81.6 94.1 73.6 73.6 56.3 60.6 38.9 73.1 91.9 52.2 50.6 44.6 62.0
VIVI-Ex(4) 76.3 29.0 50.1 77.9 55.6 88.0 14.1 82.4 94.4 73.1 73.6 55.3 60.9 38.6 72.9 95.3 53.0 52.4 44.1 62.5
Ex-YT-S-AA 79.3 30.1 53.9 75.4 55.3 88.4 14.7 83.4 94.8 75.7 73.6 55.3 59.5 40.7 76.6 91.3 52.9 51.2 41.4 62.8
VIVI-Ex(4)-AA 78.6 30.3 51.5 75.0 56.1 88.6 14.4 83.0 94.7 75.2 73.6 56.3 60.6 41.6 74.2 94.6 55.5 52.3 41.0 63.0
VIVI-Ex(4)-Big 77.5 32.8 51.3 79.4 56.6 88.3 16.6 79.8 95.1 75.3 73.6 54.7 57.9 40.4 74.4 92.0 56.8 52.4 47.0 63.3
VIVI-Ex(4)-Big-AA 77.5 34.8 54.2 76.9 59.5 89.7 16.2 84.3 94.8 77.2 73.6 53.3 60.7 40.5 78.0 93.4 59.2 52.9 47.0 64.4
Semi-Ex-10% 88.6 53.2 60.8 86.8 85.3 88.0 29.0 83.2 95.2 77.3 71.7 42.3 57.4 36.7 71.4 74.9 53.9 52.7 32.3 65.3
Sup-100% 91.0 57.0 66.0 88.6 89.9 87.3 34.4 80.6 95.3 80.8 73.2 41.0 56.1 36.3 70.6 85.7 46.0 45.7 35.4 66.4
VIVI-Ex(4)-Co(10%) 82.8 36.6 58.1 82.7 76.9 81.9 24.1 85.6 94.7 76.4 73.6 79.4 63.9 38.0 76.6 95.3 61.3 42.4 46.3 67.2
Sup-Rot-100% 91.7 53.7 69.5 90.8 88.1 88.5 32.8 83.4 96.0 82.0 71.1 47.3 57.2 36.6 77.1 88.3 52.1 51.6 33.7 68.0
VIVI-Ex(4)-Co(100%) 86.1 51.5 64.5 88.7 87.1 79.4 31.7 83.9 95.1 80.8 73.6 78.9 61.7 36.4 78.2 93.8 61.0 43.1 43.6 69.4

10
00

VIVI-Ex(4)-Co(100%)-Big 88.0 53.3 69.0 90.4 88.4 84.4 34.1 86.2 95.9 81.7 73.6 79.9 63.5 37.3 82.9 95.3 67.4 46.2 44.9 71.7
MS 68.4 69.6 48.1 52.7 49.2 96.7 56.9 85.5 97.5 88.3 76.8 99.8 90.4 71.7 75.3 100.0 96.3 99.9 97.4 80.0
TI 76.5 68.5 56.4 66.3 52.0 96.2 59.4 89.8 97.6 90.1 81.0 94.0 91.6 72.3 61.2 100.0 96.4 97.0 86.2 80.7
Jigsaw 79.1 65.3 63.9 77.9 65.4 93.9 59.2 83.0 97.9 92.0 80.1 99.6 88.6 72.0 74.7 100.0 90.3 99.9 93.6 83.0
Rel.Pat.Loc 79.9 65.7 65.2 78.8 66.8 93.7 58.0 85.3 97.8 91.5 79.8 99.5 87.7 71.5 75.0 100.0 90.4 99.7 92.6 83.1
Rot-YT-F 81.8 72.6 60.7 66.5 65.7 96.9 59.4 86.7 98.3 92.2 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 74.2 62.4 73.5 68.6 97.0 61.1 86.8 98.3 92.8 76.9 99.8 92.1 76.3 79.1 100.0 96.5 100.0 97.7 85.3
VIVI-Rot(2) 86.7 74.1 61.6 75.1 67.6 97.0 61.9 86.7 98.4 92.6 77.7 99.8 92.5 76.4 81.3 100.0 96.6 99.9 97.1 85.4
Rot-YT-F-AA 86.8 72.5 63.0 74.7 68.4 96.9 60.1 86.4 98.4 92.8 78.5 99.8 92.2 76.4 81.5 100.0 96.6 99.7 98.1 85.4
Ex-YT-F 85.0 73.6 63.8 84.9 70.5 96.8 60.6 87.2 98.6 94.3 78.9 99.8 93.3 76.8 80.9 100.0 96.6 99.9 97.3 86.2
MT-SSL 88.0 76.1 64.4 80.0 72.3 97.2 63.0 85.8 98.3 93.7 78.6 99.7 93.0 75.4 80.4 100.0 96.5 100.0 98.1 86.3
Ex-ImageNet 83.5 74.2 65.4 83.4 74.9 96.8 60.4 85.5 98.7 94.5 79.8 99.8 93.5 75.5 80.4 100.0 96.5 99.9 98.0 86.4
Rot-ImageNet 88.5 76.4 67.7 83.0 73.1 97.0 63.2 85.4 98.5 93.9 79.1 99.9 92.2 76.0 82.0 100.0 96.6 100.0 98.3 86.9
VIVI-Ex(2)-Ord 86.0 75.7 62.1 87.1 76.1 96.9 63.7 87.2 98.6 94.6 79.9 99.8 93.5 76.5 80.9 100.0 96.5 99.8 97.9 87.0
Ex-YT-S 87.4 75.9 64.8 85.7 75.0 96.9 63.2 87.0 98.6 94.5 80.1 99.8 93.4 77.4 80.4 100.0 96.6 99.9 97.3 87.1
VIVI-Ex(4) 86.1 76.3 61.8 87.3 76.7 97.0 64.0 86.9 98.6 94.7 80.2 99.8 93.5 76.8 81.3 100.0 96.6 99.8 98.2 87.1
Ex-YT-F-AA 88.1 75.1 67.7 86.1 73.5 96.9 62.2 86.8 98.8 94.6 79.0 99.9 93.5 76.5 82.9 100.0 96.6 99.9 97.9 87.2
VIVI-Ex(2) 86.6 76.1 63.4 88.2 74.4 97.0 64.1 88.4 98.6 94.7 79.2 99.8 93.4 77.1 80.9 100.0 96.5 99.9 97.6 87.2
Ex-YT-S-AA 89.0 76.5 67.3 86.2 75.9 97.0 63.6 86.9 98.8 94.6 80.3 99.8 93.3 77.1 82.0 100.0 96.6 99.9 97.6 87.5
VIVI-Ex(4)-AA 88.8 76.8 64.0 87.1 75.9 97.2 63.9 88.6 98.6 94.5 79.5 99.8 93.2 76.7 84.0 100.0 96.6 99.8 97.6 87.5
VIVI-Ex(4)-Co(10%) 89.3 79.1 67.6 89.1 83.2 96.9 66.5 90.1 98.4 93.0 79.6 99.5 92.1 74.8 83.1 100.0 96.5 99.8 93.6 88.0
VIVI-Ex(4)-Big 89.1 79.4 64.7 89.6 78.7 97.1 69.2 86.9 98.6 95.6 80.2 99.8 93.6 77.2 81.8 100.0 96.6 99.9 98.6 88.3
VIVI-Ex(4)-Big-AA 90.5 80.4 68.5 87.5 78.3 97.3 68.7 88.7 98.7 95.3 80.5 99.9 92.8 77.8 81.0 100.0 96.7 100.0 98.1 88.5
Semi-Ex-10% 85.3 82.7 70.5 92.2 89.0 97.0 67.4 86.0 98.6 94.7 78.8 99.8 93.1 76.8 81.5 100.0 96.5 100.0 97.8 88.8
VIVI-Ex(4)-Co(100%) 92.5 82.0 73.2 92.7 90.9 96.8 70.7 87.4 98.5 93.7 80.2 99.4 91.2 73.4 82.1 100.0 96.5 98.9 96.5 89.3
Sup-100% 94.1 83.8 74.0 93.2 91.9 97.0 70.7 83.9 98.8 95.3 79.3 99.8 92.1 76.4 80.7 100.0 96.4 99.8 97.7 89.7
Sup-Rot-100% 94.6 84.8 75.9 94.7 91.5 97.0 70.2 85.9 98.8 94.9 79.5 99.8 92.5 76.5 82.3 100.0 96.5 100.0 98.4 90.2

fu
ll

VIVI-Ex(4)-Co(100%)-Big 93.5 85.9 77.2 94.4 91.6 97.3 73.7 89.4 98.8 95.1 81.0 99.7 92.5 76.7 84.8 100.0 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 LNCE 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 gm. Finally, in the experiments with co-training, we rely on an additional linear classification head with
1000 outputs.

For the LNCE 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′) = φ1(e)

>φ2(e
′), where φ1, φ2 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, λ, 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, LNCE 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

3
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LR #it. w. #it. LR schedule WD λ γ batch size #exemp.

Ex-ImageNet 0.8 120k 17k ×0.1@52k;86k 10−4 - - 2048 8
Ex-YT-F 0.8 120k 17k ×0.1@52k;86k 10−4 - - 2048 8
Ex-YT-S 0.8 120k 5k ×0.1@90k;110k 10−4 - - 2048 8 (sh.)
VIVI-Ex(2)-Ord 0.8 120k 5k ×0.1@90k;110k 10−4 {2.0, 1.0, 0.5} - 1024 · 2 sh. 8 (sh.)
VIVI-Ex(2) 0.8 120k 5k ×0.1@90k;110k 10−4 {0.08, 0.04, 0.02} - 1024 · 2 sh. 8 (sh.)
VIVI-Ex(4) 0.8 120k 5k ×0.1@90k;110k 10−4 {0.04, 0.02, 0.01} - 512 · 4 sh. 8 (sh.)
VIV-Ex(4)-Big 0.8 120k 5k ×0.1@90k;110k 10−4 0.04 - 512 · 4 sh. 8 (sh.)

VIVI-Ex(4)-Co(10%) 0.1 100k 3k ×0.1@76k;88k;96k 10−3 0.04 {1.0, 4.0, 8.0, 16.0} 512 · 4 sh.,
256 im.

8 (sh.)

VIVI-Ex(4)-Co(100%) 0.8 100k 3k ×0.1@70k;85k;95k 10−4 0.04 {0.1, 0.5, 1.0, 5.0} 512 · 4 sh.,
2048 im.

8 (sh.)

VIVI-Ex(4)-Co(100%)-Big 0.8 100k 3k ×0.1@70k;85k;95k 10−4 0.04 {0.1, 0.5, 1.0, 5.0} 512 · 4 sh.,
2048 im.

8 (sh.)

Rot-ImageNet 0.8 120k 17k ×0.1@52k;86k 10−4 - - 2048 1
Rot-YT-F 0.8 120k 17k ×0.1@52k;86k 10−4 - - 2048 1
VIVI-Rot(2) 0.8 120k 5k ×0.1@90k;110k 10−4 {0.2, 0.1, 0.05, 0.025} - 1024 · 2 sh. 4 (sh.)
VIVI-Rot(4) 0.8 120k 5k ×0.1@90k;110k 10−4 {0.32, 0.16, 0.08, 0.04} - 512 · 4 sh. 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 (λ), supervised cross-entropy loss weight (γ), 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× 7× 1024, which is too big.
In [2], the authors used max-pooling to down-sample this to 3 × 3 × 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
1×1×1024 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 tool1. 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 × 96
dimensional input, whereas the VTAB benchmark scales all images to 224 × 224. We experimented with three ways of
deploying this downstream: (a) Resize the input image from 224×224 into 96×96, (b) apply the model fully convolutionally
and compute a global average pool at the end, and (c) crop patches of size 96× 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.

1https://github.com/ethereon/caffe-tensorflow

4

https://github.com/ethereon/caffe-tensorflow


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) 32.3
RetinaNet (Ex-YT-F) 32.6
RetinaNet (MT-SSL) 32.7
RetinaNet (VIVI-Ex(4)) 33.6
RetinaNet (Sup-100%) 35.3
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 3× 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.
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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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Rel.Pat.Loc 67.8 17.9 51.0 67.2 38.8 61.7 10.5 73.4 92.6 66.2 59.7 44.3 55.7 39.4 57.8 63.6 32.7 29.9 34.9 50.8
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Rot-YT-F 69.5 21.5 47.2 44.0 34.2 88.4 9.5 82.5 92.1 59.4 70.5 47.1 57.4 46.2 71.5 92.0 49.9 36.8 37.1 55.6
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Rot-YT-F-AA 77.1 23.0 50.8 55.3 35.2 88.6 9.4 81.9 93.4 64.5 71.4 42.8 58.6 46.9 71.7 91.4 53.9 40.7 39.8 57.7
Ex-YT-F 72.2 23.9 51.9 50.1 44.7 88.1 15.3 82.5 95.3 69.7 70.6 47.6 59.5 45.7 72.3 90.3 46.8 32.6 44.7 58.1
BigBiGAN 80.8 39.2 56.6 77.9 44.4 76.8 20.3 77.4 95.6 74.0 69.3 53.9 55.6 38.7 71.4 70.6 46.7 27.2 46.3 59.1
Ex-ImageNet 72.7 23.2 54.5 68.7 48.7 88.4 14.4 80.3 95.5 73.8 74.1 44.9 60.2 45.7 69.6 89.3 45.8 34.2 40.7 59.2
MT-SSL 76.2 26.2 49.3 63.5 48.5 89.1 10.6 80.3 93.3 70.2 71.7 55.6 62.1 44.3 76.3 86.6 43.2 39.1 38.9 59.2
Rot-ImageNet 77.1 25.2 55.9 71.2 44.2 88.5 14.4 81.1 93.5 70.1 64.1 48.0 59.6 46.9 74.5 92.7 49.9 37.4 38.9 59.6
Ex-YT-S 75.4 28.1 50.2 74.3 52.3 88.2 14.7 82.2 94.5 74.4 74.0 52.7 59.9 45.4 70.7 88.0 48.3 32.9 36.6 60.2
VIVI-Ex(2)-TimeArrow 74.9 28.5 48.3 77.1 55.3 88.0 14.1 83.0 94.1 73.9 71.5 46.8 58.2 46.4 73.9 92.7 48.1 35.6 42.3 60.7
VIVI-Ex(4) 75.0 29.3 49.0 77.8 55.3 87.9 15.1 80.3 94.2 73.9 70.4 55.2 58.8 46.4 70.9 91.3 51.4 34.9 42.1 61.0
VIVI-Ex(2) 74.8 28.8 49.5 77.5 54.0 88.2 14.0 80.0 94.0 73.7 71.9 56.0 61.1 46.5 70.1 91.8 51.0 38.2 45.0 61.4
Ex-YT-S-AA 78.0 29.4 50.7 75.3 55.3 89.7 14.0 83.9 94.9 76.3 71.7 52.3 58.7 46.5 72.2 91.0 52.6 35.3 39.9 61.5
Sup-10% 84.9 46.1 55.4 82.8 80.2 86.9 24.9 80.6 95.2 73.1 71.9 39.4 55.7 43.5 63.3 76.0 45.9 30.9 32.9 61.6
VIVI-Ex(4)-AA 78.6 30.5 50.9 74.8 55.8 88.8 14.5 81.2 94.9 75.5 71.8 54.3 61.0 45.7 76.3 93.0 54.1 31.7 39.7 61.7
VIVI-Ex(4)-Big 76.5 33.0 51.6 75.2 57.1 87.5 17.1 80.1 94.7 75.1 72.4 55.4 57.1 46.6 73.3 89.4 55.1 35.6 44.1 61.9
Ex-YT-F-AA 76.5 27.8 54.7 75.0 52.0 89.7 16.7 83.6 95.5 74.1 73.5 51.1 57.9 48.6 74.8 94.2 52.7 34.8 43.9 61.9
VIVI-Ex(4)-Big-AA 79.7 35.1 56.0 72.3 56.9 89.5 18.0 82.0 95.2 77.2 71.6 54.7 60.3 48.7 75.8 92.4 58.5 35.6 46.2 63.5
Semi-Ex-10% 87.7 52.8 60.4 84.0 84.0 87.1 29.2 79.1 94.9 77.1 70.1 39.4 56.0 42.3 72.0 73.7 52.3 37.6 33.5 63.9
Sup-100% 89.8 54.6 65.6 88.4 89.1 86.3 34.5 79.7 95.3 81.0 72.6 41.8 52.5 42.7 75.3 81.0 47.3 32.6 35.8 65.6
VIVI-Ex(4)-Co(10%) 82.7 36.5 57.9 82.0 76.6 82.2 24.0 84.7 94.8 76.8 73.2 75.5 60.5 46.7 77.4 95.0 58.3 30.5 45.3 66.3
Sup-Rot-100% 89.9 52.8 68.6 90.3 88.8 88.7 32.5 80.5 95.9 83.4 73.2 48.2 57.0 48.5 79.1 92.5 50.0 30.6 32.8 67.5
VIVI-Ex(4)-Co(100%) 86.7 51.6 64.8 88.2 86.3 80.4 32.5 84.3 95.1 80.9 72.6 78.0 60.4 45.4 80.2 92.9 61.7 30.2 41.8 69.2

10
00

VIVI-Ex(4)-Co(100%)-Big 87.6 53.6 68.9 89.9 87.0 84.1 34.2 85.9 95.5 81.6 71.9 75.8 62.8 45.9 83.9 95.3 62.1 27.1 45.3 70.4

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].
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METHOD MEAN NAT. SPEC. STR.

TI 44.2 35.0 61.8 43.3
MS 47.1 34.2 68.4 47.9
Rel.Pat.Loc 50.8 45.0 73.0 44.8
Jigsaw 51.1 42.5 75.6 46.4
Rot-YT-F 55.6 44.9 76.1 54.8
VIVI-Rot(4) 56.7 47.7 78.4 53.7
VIVI-Rot(2) 57.6 49.7 78.6 54.1
Rot-YT-F-AA 57.7 48.5 77.8 55.7
Ex-YT-F 58.1 49.4 79.5 54.9
BigBiGAN 59.1 56.6 79.1 51.3
Ex-ImageNet 59.2 52.9 80.9 53.8
MT-SSL 59.2 51.9 78.9 55.8
Rot-ImageNet 59.6 53.8 77.2 56.0
Ex-YT-S 60.2 54.8 81.3 54.3
VIVI-Ex(2)-TimeArrow 60.7 55.2 80.6 55.5
VIVI-Ex(4) 61.0 55.6 79.7 56.4
VIVI-Ex(2) 61.4 55.3 79.9 57.5
Ex-YT-S-AA 61.5 56.1 81.7 56.0
Sup-10% 61.6 65.9 80.2 48.5
VIVI-Ex(4)-AA 61.7 56.3 80.9 57.0
VIVI-Ex(4)-Big 61.9 56.9 80.6 57.1
Ex-YT-F-AA 61.9 56.1 81.7 57.2
VIVI-Ex(4)-Big-AA 63.5 58.2 81.5 59.0
Semi-Ex-10% 63.9 69.3 80.3 50.9
Sup-100% 65.6 72.6 82.2 51.1
VIVI-Ex(4)-Co(10%) 66.3 63.1 82.4 61.1
Sup-Rot-100% 67.5 73.1 83.2 54.8
VIVI-Ex(4)-Co(100%) 69.2 70.1 83.2 61.3
VIVI-Ex(4)-Co(100%)-Big 70.4 72.2 83.7 62.3

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(2) 61.4 (+2.2) 55.3 79.9 57.5
VIVI-Ex(4)-Big 61.9 (+2.7) 56.9 80.6 57.1

Semi-Ex-10% [16] 63.9 69.3 80.3 50.9
VIVI-Ex(4)-Co(10%) 66.3 (+2.4) 63.1 82.4 61.1

Sup-100% 65.6 72.6 82.2 51.1
Sup-Rot-100% [16] 67.5 73.1 83.2 54.8
VIVI-Ex(4)-Co(100%) 69.2 (+3.6) 70.1 83.2 61.3
VIVI-Ex(4)-Co(100%)-Big 70.4 (+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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