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S-1 Experimental Details

S-1.1 AlexNet-based encoder with Alignment and Uniformity loss

For the experiments in Section 4.1, we follow the training procedure described in [1], with parameters
� = 2, t = 2, the weight for both losses set to 1 and a batch size of 768. We train with stochastic
gradient descent with momentum (set to 0:9) for 200 epochs, starting with a learning rate of 0:36
and decaying it by a factor of 0:1 at epochs 155, 170 and 185. The augmentations we use at train
time are: transforming the image into gray-scale with probability 0:2; color, contrast and saturation
jittering by a scaling factor sampled at uniform between 0:6 and 1:4; randomly flipping horizontally
with probability 0:5; changing the aspect ratio by a factor between 0:75 and 1:33 sampled at uniform;
and a random crop of the original image by a factor between 0:08 and 1 sampled at uniform. The
dimensionality of the last and the penultimate embedding are 128 and 4096 respectively. The
dimensionality of the third to last layer (used as the final representation) is 4096.

Finally, in Tables 1, 2 and 3 we report the detailed linear evaluation performance on Imagenet-100
and VTAB tasks with the previous setup and the proposed datasets.

S-1.2 MoCo v2

For the experiments in Section 4.2, we follow the training procedure described in [2] with a ResNet-50
encoder. We use a batch size of 256 and the dimensionality of the last and the penultimate embedding
are 128 and 4096 respectively. The rest of hyperparameters and image augmentations are the same as
the ones found to work the best for Imagenet-1k in [2]. This corresponds to training for 200 epochs
with a dataset of 1.3M samples, using a cosine learning rate scheduler starting at 0.015, temperature
of 0.2 and the full set of augmentations described in [2].
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Model

I-100 CIFAR Flowers Pets SVHN Caltech DTD Sun397

Baselines
Pixels 0.09 0.07 0.10 0.06 0.13 0.18 0.04 0.03
Mean Colors 0.05 0.06 0.05 0.04 0.20 0.03 0.06 0.04
Random CNN 0.21 0.22 0.22 0.14 0.38 0.38 0.16 0.11
Places 0.55 0.35 0.48 0.30 0.46 0.68 0.47 0.42
Imagenet100 0.63 0.37 0.53 0.41 0.42 0.68 0.51 0.34
Imagenet1k 0.60 0.38 0.56 0.39 0.44 0.71 0.51 0.35
Statisticals
S 0.31 0.29 0.25 0.16 0.57 0.46 0.28 0.14
WMM 0.31 0.20 0.21 0.11 0.37 0.30 0.35 0.14
S+C 0.37 0.29 0.26 0.14 0.52 0.41 0.32 0.15
S+C+WMM 0.40 0.29 0.31 0.17 0.42 0.42 0.36 0.17
Feat. Visualizations
Random 0.35 0.22 0.23 0.14 0.36 0.36 0.28 0.13
Dead leaves 0.39 0.25 0.26 0.16 0.38 0.37 0.36 0.16
Procedurals
FractalDB 0.33 0.21 0.31 0.18 0.36 0.43 0.33 0.14
Minecraft 0.41 0.26 0.27 0.19 0.39 0.43 0.34 0.20
Dead leaves
Squares 0.35 0.25 0.31 0.18 0.42 0.53 0.32 0.20
Oriented 0.37 0.30 0.31 0.19 0.49 0.55 0.35 0.22
Shapes 0.39 0.28 0.34 0.20 0.45 0.56 0.35 0.23
Textures 0.41 0.25 0.34 0.22 0.37 0.50 0.32 0.22
StyleGANs
Random 0.34 0.40 0.38 0.22 0.67 0.57 0.31 0.18
Sparse 0.40 0.32 0.33 0.19 0.52 0.48 0.37 0.20
High freq. 0.42 0.32 0.42 0.21 0.46 0.50 0.41 0.21
Oriented 0.43 0.35 0.39 0.19 0.52 0.54 0.40 0.22

Table 1: Imagenet100 and VTAB linear evaluation results for Natural tasks (columns) after contrastive
training on each of the datasets (rows). From left to right the columns correspond to the tasks:
Imagenet100, CIFAR-100, Oxford Flowers102, Oxford IIIT Pets, SVHN, Caltech101, DTD and
Sun397. In bold, best synthetic dataset, underlined when it also outperforms training with real images.
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Model

EuroSAT Resisc45 Retino. Camelyon

Baselines
Pixels 0.18 0.12 0.74 0.52
Mean Colors 0.40 0.15 0.74 0.70
Random CNN 0.69 0.38 0.74 0.74
Places 0.88 0.71 0.74 0.82
Imagenet100 0.90 0.72 0.74 0.80
Imagenet1k 0.90 0.73 0.74 0.80
Statisticals
S 0.82 0.49 0.74 0.77
WMM 0.81 0.51 0.74 0.77
S+C 0.85 0.56 0.74 0.78
S+C+WMM 0.85 0.60 0.74 0.79
Feat. Visualizations
Random 0.75 0.49 0.74 0.76
Dead leaves 0.83 0.58 0.74 0.81
Procedurals
FractalDB 0.83 0.59 0.74 0.79
Minecraft 0.84 0.57 0.74 0.78
Dead leaves
Squares 0.82 0.58 0.74 0.76
Oriented 0.86 0.63 0.74 0.77
Shapes 0.86 0.66 0.74 0.79
Textures 0.83 0.64 0.74 0.77
StyleGANs
Random 0.85 0.53 0.74 0.74
Sparse 0.86 0.61 0.74 0.79
High freq. 0.87 0.67 0.74 0.77
Oriented 0.88 0.64 0.74 0.81

Table 2: VTAB linear evaluation results for Specialized tasks (columns) after contrastive training
on each of the datasets (rows). From left to right the columns correspond to the tasks: EuroSAT,
Resisc45, Diabetic Retinopathy and Patch Camelyon. In bold, best synthetic dataset, underlined
when it also outperforms training with real images.
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Model

ClevrD ClevrC dSprO dSprL sNorbE sNorbA DMLab KittiD

Baselines
Pixels 0.34 0.23 0.05 0.09 0.14 0.07 0.17 0.40
Mean Colors 0.27 0.24 0.07 0.06 0.13 0.05 0.24 0.33
Random CNN 0.49 0.34 0.17 0.29 0.22 0.13 0.34 0.42
Places 0.46 0.50 0.21 0.16 0.31 0.22 0.40 0.52
Imagenet100 0.46 0.50 0.21 0.16 0.35 0.23 0.38 0.50
Imagenet1k 0.46 0.53 0.20 0.15 0.36 0.25 0.38 0.51
Statisticals
S 0.52 0.43 0.23 0.24 0.32 0.19 0.34 0.37
WMM 0.39 0.44 0.20 0.15 0.23 0.18 0.33 0.40
S+C 0.50 0.43 0.18 0.26 0.30 0.16 0.32 0.33
S+C+WMM 0.49 0.41 0.17 0.25 0.27 0.16 0.33 0.33
Feat. Visualizations
Random 0.49 0.38 0.18 0.25 0.27 0.13 0.34 0.43
Dead leaves 0.45 0.40 0.17 0.24 0.24 0.14 0.32 0.40
Procedurals
FractalDB 0.44 0.47 0.16 0.20 0.26 0.14 0.33 0.34
Minecraft 0.45 0.42 0.18 0.17 0.27 0.17 0.35 0.50
Dead leaves
Squares 0.51 0.48 0.18 0.16 0.35 0.18 0.38 0.32
Oriented 0.48 0.49 0.18 0.17 0.30 0.22 0.37 0.39
Shapes 0.48 0.51 0.17 0.19 0.32 0.21 0.38 0.36
Textures 0.49 0.48 0.19 0.24 0.27 0.17 0.38 0.32
StyleGANs
Random 0.51 0.45 0.23 0.24 0.34 0.24 0.38 0.46
Sparse 0.53 0.48 0.21 0.24 0.35 0.20 0.37 0.39
High freq. 0.47 0.45 0.20 0.23 0.33 0.19 0.35 0.38
Oriented 0.48 0.53 0.21 0.22 0.33 0.21 0.37 0.44

Table 3: VTAB linear evaluation results for Structured tasks (columns) after contrastive training
on each of the datasets (rows). From left to right the columns correspond to the tasks: Clevr-
Closest Object Distance, Clevr-Count, dSprites-Orientation, dSprites-Label X-position, SmallNORB-
Elevation, sNORB-Azimuth, DMLab and KITTI-Closest Vehicle Distance. In bold, best synthetic
dataset, underlined when it also outperforms training with real images.
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