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A DATASET SAMPLES

Lighting color Scale Pose Position

Background

Figure A1: Examples from the dataset illustrating the different factors of variation.

B AGGREGATED PERFORMANCES FOR LINEAR VS FINETUNING AND 21K VS
1K

As can be seen in figure [ATI] finetuning usually leads to lower drops in performance with high
variability rates during training. However linear evaluation is more robust when diversity was not
encountered during training. Pretraining on ImageNet21k always improves robustness compared
to ImageNet-1k pretraining, whether in finetuning or in linear evaluation. It is worth noting that
for translation robustness, all settings exhibit similar performance, and finetuning only benefits
ImageNet-1k pretraining.

B.1 CLIP ZERO SHOT CLASSIFICATION

We also evaluate CLIP’s robustness using zero-shot classification. We assess both the standard Open
AI CLIP model as well as CLIP trained on 2B LAION images. We prompt the model using "a photo
of a []". CLIP with LAION-2B accuracies are 31.9% for canonical, 15.9% when pose varies, 18.2%
when scale varies, 31.9% when lighting color, and 26.8% background varies. CLIP with trained on
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Figure A2: Examples from the dataset illustrating the different factors of variation.

15



Under review as a conference paper at ICLR 2023

Lighting color Scale Pose Position

Background

Figure A3: Examples from the dataset illustrating the different factors of variation.
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Figure A4: Examples from the dataset illustrating the different factors of variation.
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Figure AS5: Examples from the dataset illustrating the different factors of variation.

18



Under review as a conference paper at ICLR 2023

Lighting color Scale Pose Position

Background

Figure A6: Examples from the dataset illustrating the different factors of variation.
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Figure A7: Examples from the dataset illustrating the different factors of variation.
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Figure A8: Examples from the dataset illustrating the different factors of variation.
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Figure A9: Examples from the dataset illustrating the different factors of variation.
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Figure A10: Examples from the dataset illustrating the different factors of variation.
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Figure A11: Drops in performance averaged over all methods when varying the proportion of varying examples
seen during training.

linear eval slope changes

Background 1.45 2.80 0.08 2.77 11.22 25
&
o] Size 1.01 1.81 -0.43 11.39 2.43 20
E 15
o Lighting 0.08 0.25 1.34 0.01 0.15
< 10
o Pose 1.68 27.41 -0.37 2.27 2.95
> 5

Position 3.51 2.33 0.11 4.60 0.78 0
Position Pose Lighting Size Background

Affected Factors

Figure A12: Cross factor changes when the given factor is varying for linear evaluation

400M images has canonical 30.1%, pose 16.0%, scale 18.4%, lighting color 28.3%, and background
23.6% accuracy.

non

We examine other prompts ("[], an inanimate object", "a photo of a [], an inanimate object", "[], a
household item or vehicle") and observe similar classification performance (25-31% accuracy) using
these variants.

C CROSS FACTOR EFFECTS WHEN VARYING ALL INSTANCES

The cross factor effects when all instances vary with increasing diversity levels are shown in Figures

[A12]and [A13

D VARYING A SUBSET OF INSTANCES DURING TRAINING

We show the effect of increasing the number of instances seen varying during training. In Figure
[AT4] we show the effect of each factor. We break down the effect by factor in figures for linear
evaluation and finetuning [AT7] In addition, we show the overall accuracy in tables [A3] [AZ)
[A3] The val canonical column corresponds to held-out accuracy for canonical and the val diverse
corresponds to the accuracy for a changing factor.
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finetuning slope changes
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Figure A13: Cross factor changes when the given factor is varying for finetuning
train_canonical_top_1_accuracy val_canonical_top_1_accuracy val_diverse_Translation_top_1_accuracy
train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.75 0.95
model
CLIPPretrained 92.24% 91.37% 92.25% 94.01% 96.33% 71.78% 75.93% 68.52% 68.52% 58.89% 39.82% 57.710% 64.51% 65.45% 66.98%
MAEPretrained 52.54% 5593% 60.44% 67.91% 83.79% 2037% 27.78% 33.33% 3889% 27.78%  9.61% 1291% 1426% 15.56% 15.18%
MLPMixerPretrainedlk ~ 94.66% 93.98% 94.58% 95.75% 9725% 77.78% 74.07% 72.22% 66.67% 48.15% 36.86% 53.70% 59.35% 63.05% 63.46%
MLPMixerPretrained21k  94.95% 95.09% 95.19% 96.02% 97.13% 75.93% 75.93% 74.07% 71.78% 70.37% 43.89% 67.36% 71.25% 73.69% 76.18%
ResNet50Pretrained 1k 95.00% 94.58% 94.83% 95.79% 97.23% 88.89% 90.74% 87.04% 83.33% 70.37% 44.35% 63.26% 68.99% 70.04% 70.01%
ResNet50Pretrained21k ~ 95.51% 9530% 95.90% 96.27% 97.39% 77.78% 72.22% 74.07% 74.07% 70.37% 46.61% 68.04% 73.02% 75.90% 77.13%
SimCLRPretrained 96.13% 95.74% 96.22% 96.82% 97.50% 81.48% 79.63% 81.48% 72.22% 70.00% 43.73% 62.96% 69.10% 70.63% 72.02%
ViTPretrained 1k 95.79% 96.18% 96.37% 96.80% 97.75% 88.89% 83.33% 77.718% 71.41% 7593% 49.34% 67.92% 72.74% 75.65% 77.22%
ViTPretrained2 1k 95.43% 95.01% 95.62% 96.39% 97.50% 83.33% 83.33% 83.33% 71.78% 72.22% 46.59% 6721% T1.71% 74.02% 75.17%
iBotPretrained Ik 96.67% 96.43% 96.49% 97.01% 97.66% 81.48% 81.48% 79.63% 79.63% 72.22% 40.27% 65.23% 73.10% 76.06% 77.33%
iBotPretrained21k 96.84% 96.30% 96.44% 96.92% 97.61% 90.74% 85.19% 87.04% 81.48% 72.22% 47.69% 70.55% 76.57% 18.53% 79.04%

Table Al: Position varying linear eval top-1

instances.

accuracy across multiple percentages of varying training

train_canonical_top_1_accuracy

val_canonical_top_1_accuracy

val_diverse_Rotation_top_I_accuracy

train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95
model

CLIPPretrained 91.70% 91.43% 92.42% 93.98% 96.28% 81.48% 85.19% 85.19% 79.63% 55.56% 28.64% 41.16% 44.72% 46.17% 48.85%
MAEPretrained 53.90% 57.24% 61.28% 68.44% 83.90% 2593% 44.44% 38.89% 4259% 29.63%  6.68%  7.93% 8.58%  8.63% 8.36%
MLPMixerPretrainedlk ~ 94.24% 93.76% 94.74% 95.72% 97.28% 74.07% 74.07% 72.22% 70.37% 46.30% 26.84% 39.47% 43.04% 46.51% 48.73%
MLPMixerPretrained21k  94.49% 94.81% 95.03% 95.88% 97.13% 79.63% 71.78% 71.18% 79.63% 72.22% 36.90% 55.46% 61.57% 63.67% 65.50%
ResNet50Pretrained 1k 94.72% 94.56% 94.89% 95.74% 97.18% 85.19% 87.04% 85.19% 81.48% 68.52% 34.44% 46.22% 49.90% 51.73% 53.24%
ResNet50Pretrained21k ~ 95.51% 94.96% 95.69% 96.12% 97.30% 77.78% 75.93% 75.93% 7222% 66.67% 40.29% 57.68% 61.83% 63.91% 65.04%
SimCLRPretrained 95.74% 95.63% 96.16% 96.80% 97.51% 81.48% 83.33% 83.33% 83.33% 62.96% 32.94% 47.35% 52.88% 5597% 56.91%
ViTPretrained 1k 95.71% 95.76% 96.09% 96.719% 97.67% 87.04% 79.63% 81.48% 79.63% 59.26% 39.13% 55.09% 60.14% 64.14% 65.42%
ViTPretrained21k 95.23% 94.89% 95.68% 96.42% 97.45% 85.19% 83.33% 83.33% 83.33% 66.67% 38.25% 54.50% 58.34% 60.94% 62.28%
iBotPretrained 1k 96.39% 96.22% 96.41% 96.96% 97.56% 83.33% 81.48% 81.48% 79.63% 72.22% 34.62% 51.88% 58.88% 62.19% 63.11%
iBotPretrained21k 96.44% 96.09% 96.42% 96.92% 97.61% 90.74% 88.89% 90.74% 87.04% 72.22% 41.03% 57.48% 63.69% 65.49% 67.34%

Table A2: Pose linear eval top-1 accuracy across multiple percentages of varying training instances.

train_canonical_top_1_accuracy
0.

val_canonical_top_1_accuracy
0.50

val_diverse_Spot hue_top_1_accuracy
0.7

train_prop_to_vary 0.05 0.25 0.75 0.95 0.05 0.75 0.95 0.05 0.25 0.50 0.95
model

CLIPPretrained 92.49% 91.60% 92.46% 94.06% 96.32% 71.78% 75.93% 70.37% 70.37% 59.26% 39.61% 60.78% 66.72% 68.27% 68.64%
MAEPretrained 52.26% 5543% 60.36% 67.78% 83.62% 2222% 31.48% 37.04% 37.04% 2037% 11.51% 15.09% 16.10% 18.91% 15.58%
MLPMixerPretrainedlk ~ 95.17% 94.20% 94.98% 95.86% 97.30% 79.63% 77.718% 70.37% 66.67% 57.04% 40.09% 56.90% 64.43% 67.35% 68.93%
MLPMixerPretrained21k  94.89% 9529% 95.44% 96.13% 97.20% 81.48% 79.63% 72.22% 74.07% 76.30% 44.68% 69.30% 73.32% 76.12% 71.75%
ResNet50Pretrained 1k 9526% 94.81% 95.03% 95.80% 97.23% 87.04% 88.89% 87.04% 83.33% 77.78% 44.08% 62.96% 68.67% T1.81% 72.54%
ResNet50Pretrained21k ~ 95.91% 95.45% 96.00% 96.28% 97.41% 77.78% 75.93% 75.93% 72.22% 71.11% 4422% 67.22% 70.95% 72.38% 74.39%
SimCLRPretrained 96.30% 9591% 96.27% 96.84% 97.59% 79.63% 75.93% 74.07% 74.07% 66.67% 43.36% 63.22% 71.32% 73.72% 72.26%
ViTPretrained 1k 95.99% 96.36% 96.54% 96.95% 97.80% 90.74% 87.04% 83.33% 81.48% 74.07% 52.53% 69.53% 7T1.81% 76.01% 77.28%
ViTPretrained21k 95.57% 9539% 95.84% 96.51% 97.59% 85.19% 81.48% 83.33% 77.78% 75.93% 46.01% 67.50% 71.97% 75.75% 77.06%
iBotPretrained 1k 96.50% 96.55% 96.74% 97.12% 91.710% 79.63% 81.48% 81.48% 77.78% 74.07% 42.32% 68.61% 72.75% 76.28% 78.04%
iBotPretrained21k 97.01% 96.42% 96.65% 97.04% 97.64% 88.89% 87.04% 83.33% 83.33% 7593% 48.83% 73.37% 78.09% 80.39% 81.55%
Table A3: Spot hue linear eval top-1 accuracy across multiple percentages of varying training
Instances.
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train_canonical_top_1_accuracy val_canonical_top_1_accuracy val_diverse_Scale_top_I_accuracy
train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95
model
CLIPPretrained 91.81% 91.51% 9226% 93.90% 96.25% 79.63% 72.22% 74.07% 70.37% 61.11% 36.80% 51.29% 57.05% 56.99% 58.80%
MAEPretrained 51.98% 56.15% 60.87% 68.07% 84.12% 2593% 35.19% 3333% 37.04% 35.19% 7.01% 10.74% 11.05% 11.29% 11.44%

MLPMixerPretrainedlk ~ 94.27% 93.55% 94.47% 95.59% 97.17% 79.63% 77.718% 70.37% 68.52% 53.70% 32.50% 46.15% 51.66% 55.30% 56.62%
MLPMixerPretrained21k  94.86% 94.98% 95.08% 95.93% 97.09% 79.63% 79.63% 75.93% 75.93% 74.07% 40.55% 60.87% 66.63% 67.52% 70.03%
ResNet50Pretrained 1k 94.89% 94.57% 94.84% 95.66% 97.16% 87.04% 90.74% 90.74% 83.33% 72.22% 39.22% 5423% 59.10% 61.27% 60.89%
ResNetSOPretrained21k ~ 95.51% 95.28% 95.77% 96.08% 97.35% 81.48% 71.78% 71.18% 74.07% 74.07% 41.11% 60.06% 66.41% 69.69% 70.33%

SimCLRPretrained 95.91% 53%  96.09% 96.66% 97.48% 83.33% 77.41% 71.78% 72.22% 62.96% 39.79% 54.93% 61.81% 62.93% 62.96%
ViTPretrained 1k 95.65% 96.01% 96.18% 96.69% 97.69% 87.04% 83.33% 79.63% 75.93% 72.22% 44.10% 58.13% 6391% 67.85% 68.82%
ViTPretrained21k 95.06% 94.87% 9547% 96.30% 97.38% 83.33% 83.33% 83.33% 81.48% 72.22% 41.40% 58.53% 63.25% 65.43% 65.14%
iBotPretrained Ik 96.58% 96.37% 96.48% 96.98% 97.60% 84.07% 11.78% 79.63% 71.78% 66.67% 41.34% 58.93% 67.24% 68.66% 69.08%
iBotPretrained21k 96.92% 96.18% 96.39% 96.86% 97.53% 85.19% 77.78% 81.48% 81.48% 7593% 44.59% 63.11% 68.90% 71.45% 70.82%

Table A4: Scale linear eval top-1 accuracy across multiple percentages of varying training instances

train_canonical_top_1_accuracy val_canonical_top_1_accuracy val_diverse_Background path_top_1_accuracy
train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0. 0. 0.75 0.
model
CLIPPretrained 90.37% 91.88% 92.73% 94.36% 96.710% 85.19% 71.78% 77.78% 71.78% 66.67% 41.30% 54.70% 59.96% 61.75% 63.41%
MAEPretrained 51.51% 56.16% 62.31% 67.08% 84.32% 27.78% 31.48% 37.04% 37.04% 29.63% 9.47% 1221% 11.84% 13.30% 12.67%

MLPMixerPretrainedlk ~ 92.84% 93.82% 94.81% 95.41% 97.38% 7593% 77.718% 7222% 74.07% 61.11% 37.39% 49.19% 52.41% 55.715% 56.74%
MLPMixerPretrained21k  95.42% 9533% 95.62% 96.52% 97.55% 83.33% 81.48% 75.93% 7593% 77.78% 48.30% 64.37% 66.79% 70.15% 70.84%
ResNet50Pretrained 1k 94.35% 95.12% 94.83% 95.93% 97.46% 90.74% 92.59% 88.89% 88.89% 83.33% 44.89% 59.87% 64.15% 66.70% 67.29%
ResNet50Pretrained21k ~ 95.20% 96.40% 95.89% 96.65% 97.67% 81.48% 79.63% 71.78% 71.78% 75.93% 5121% 65.75% 69.47% 72.01% 73.90%

SimCLRPretrained 95.50% 95.98% 96.14% 96.45% 97.52% 83.33% 83.33% 81.48% 71.78% 72.22% 44.33% 59.82% 6539% 67.93% 68.93%
ViTPretrained 1k 95.72% 96.42% 96.27% 96.57% 97.95% 94.44% 88.89% 88.89% 87.04% 77.78% 50.62% 64.09% 67.14% 72.33% 73.19%
ViTPretrained21k 94.91% 9522% 96.09% 96.45% 97.711% 83.33% 83.33% 83.33% 83.33% 77.78% 49.36% 6421% 61.42% 70.71% 72.13%
iBotPretrained Ik 96.42% 96.58% 96.60% 97.40% 97.28% 88.89% 83.33% 87.04% 81.48% 79.63% 44.58% 62.59% 68.10% 71.20% 73.36%
iBotPretrained21k 96.16% 96.14% 96.38% 97.37% 97.27% 88.89% 90.74% 90.74% 83.33% 81.48% 51.20% 68.58% 71.57% 74.62% 75.94%

Table AS: Background path linear eval top-1 accuracy across multiple percentages of varying training
instances

train_canonical_top_1_accuracy val_canonical_top_I_accuracy val_diverse_Translation_top_1_accuracy
train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95
model
CLIPPretrained 97.49% 97.00% 97.25% 97.55% 96.80% 87.04% 90.74% 77.78% 81.48% 7593% 45.33% 69.74% 74.53% 11.72% 78.19%
MAEPretrained 96.75% 96.63% 97.20% 97.46% 9791% 83.33% 74.07% 66.67% 64.81% 72.22% 29.17% 51.35% 61.05% 65.16% 70.07%

MLPMixerPretrainedlk ~ 96.95% 96.73% 97.17% 97.24% 97.88% 88.89% 77.718% 71.78% 74.07% 64.81% 44.65% 64.56% 70.67% 74.34% 75.95%
MLPMixerPretrained21k  97.71% 97.69% 97.90% 97.98% 98.35% 85.19% 88.89% 85.19% 81.48% 77.78% 46.53% 70.54% 77.27% 79.718% 81.68%
ResNet50Pretrained 1k 97.97% 971.92% 9791% 97.86% 98.27% 81.04% 87.04% 72.22% 81.48% 81.48% 45.05% 64.83% 71.87% 76.56% 79.63%
ResNetSOPretrained21k ~ 97.54% 97.62% 97.74% 97.69% 98.20% 88.89% 83.33% 83.33% 83.33% 77.78% 52.22% 70.96% 75.78% 81.10% 82.45%

SimCLRPretrained 97.40% 97.57% 97.68% 97.81% 98.12% 90.74% 77.78% 87.04% 83.33% 77.78% 4521% 68.73% 74.59% 76.55% 79.86%
ViTPretrained 1k 97.80% 97.88% 98.00% 97.92% 98.28% 90.74% 90.74% 85.19% 81.48% 81.48% 49.30% 71.82% 76.95% 80.39% 82.58%
ViTPretrained21k 97.80% 97.59% 97.89% 97.91% 98.25% 87.04% 88.89% 81.48% 81.48% 87.04% 45.83% 71.80% 7551% 79.96% 81.86%
iBotPretrained Ik 97.77% 91.55% 97.64% 97.771% 98.06% 88.89% 85.19% 79.63% 75.93% 79.63% 45.69% 68.94% 74.76% 76.63% 79.83%
iBotPretrained21k 97.97% 97.83% 97.88% 97.92% 98.13% 88.89% 87.04% 88.89% 81.48% 79.63% 49.84% 70.97% 78.13% 82.53% 84.07%

Table A6: Position finetuning top-1 accuracy across multiple percentages of varying training instances

train_canonical_top_1_accuracy val_canonical_top_1_accuracy val_diverse_Rotation_top_1_accuracy
train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95
model
CLIPPretrained 97.60% 97.01% 97.30% 97.58% 97.97% 88.89% 88.89% 85.19% 83.33% 72.22% 3429% 57.01% 62.67% 65.58% 68.45%
MAEPretrained 96.87% 96.75% 91.25% 97.52% 97.95% 75.93% 68.52% 62.96% 68.52% 62.96% 22.64% 4524% 50.87% 54.18% 53.82%

MLPMixerPretrainedlk ~ 96.75% 96.58% 97.08% 97.25% 97.86% 83.33% 85.19% 83.33% 77.78% 64.81% 33.29% 51.43% 55.55% 58.718% 59.35%
MLPMixerPretrained21k  97.68% 97.65% 97.90% 97.90% 98.35% 87.04% 87.04% 71.78% 77.78% 75.93% 38.93% 62.76% 67.97% 71.90% 73.47%
ResNet50Pretrained 1k 98.05% 97.81% 97.89% 97.93% 98.24% 84.81% 81.48% 81.48% 81.48% 7593% 33.29% 53.51% 62.56% 64.45% 67.47%
ResNet50Pretrained21k ~ 97.52% 97.45% 97.65% 97.61% 98.18% 85.19% 79.63% 83.33% 87.04% 85.19% 37.45% 59.85% 65.39% 70.66% 73.13%

SimCLRPretrained 97.37% 9143% 97.53% 97.74% 98.07% 87.04% 87.04% 83.33% 87.04% 7593% 35.50% 55.87% 64.34% 66.79% 69.34%
ViTPretrained 1k 97.94% 9187% 97.98% 97.95% 98.31% 88.89% 87.04% 85.19% 71.78% 7593% 40.13% 62.66% 68.53% 71.32% 73.36%
ViTPretrained2 1k 97.68% 97.61% 97.90% 97.97% 98.27% 88.89% 79.63% 83.33% 74.07% 70.74% 39.75% 61.42% 68.39% 71.51% 73.76%
iBotPretrained Ik 97.49% 91.55% 97.56% 97.75% 98.02% 88.89% 77.78% 83.33% 75.93% 68.52% 36.30% 60.69% 65.98% 68.22% 70.00%
iBotPretrained21k 98.00% 97.79% 97.96% 98.01% 98.19% 88.89% 87.04% 83.33% 85.19% 72.22% 38.86% 62.35% 69.18% 71.96% 73.84%

Table A7: Pose finetuning top-1 accuracy across multiple percentages of varying training instances

train_canonical_top_1_accuracy val_canonical_top_I_accuracy val_diverse_Spot hue_top_1_accuracy
train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95
model
CLIPPretrained 97.66% 97.13% 97.40% 97.62% 97.98% 90.74% 88.89% 87.04% 87.04% 81.48% 49.99% 70.06% 75.12% 82.36% 82.48%
MAEPretrained 97.04% 96.67% 97.20% 97.41% 91.95% 79.63% 71.718% 72.22% 74.07% 68.52% 30.10% 54.63% 60.74% 66.78% 69.34%

MLPMixerPretrainedlk ~ 97.32% 96.92% 97.20% 97.36% 97.89% 87.04% 83.33% 71.78% 79.63% 72.22% 48.80% 65.60% 70.82% 76.88% 78.59%
MLPMixerPretrained21k  97.80% 97.83% 97.99% 97.99% 98.42% 88.89% 87.04% 81.48% 7593% 79.63% 49.81% 73.15% 7523% 79.01% 82.35%
ResNet50Pretrained 1k 98.02% 97.99% 98.03% 97.98% 98.28% 88.89% 87.04% 83.33% 81.48% 77.78% 48.48% 67.72% 74.65% 16.90% 75.83%
ResNetSOPretrained21k ~ 97.68% 97.60% 97.87% 97.719% 98.24% 90.74% 87.04% 83.33% 71.78% 75.93% 54.35% 71.69% 76.70% 81.03% 81.86%

SimCLRPretrained 97.60% 97.61% 97.72% 97.87% 98.17% 90.00% 76.30% 85.19% 71.78% 74.07% 45.58% 70.36% 79.09% 78.06% 81.75%
ViTPretrained 1k 97.68% 97.93% NaN 98.00% 98.37% 94.44% 88.89% NaN 81.48% 81.48% 54.38% 70.94% NaN 82.53% 83.94%
ViTPretrained21k 97.77% 97.68% 97.94% 98.00% 98.24% 92.59% 85.19% 77.78% 78.15% 81.48% 52.49% 72.55% 76.58% 79.75% 82.39%
iBotPretrained 1k 9791% 97.58% 97.76% 97.88% 98.08% 88.89% 81.48% 79.63% 75.93% 74.07% 48.67% 69.24% 75.01% 79.44% 80.81%
iBotPretrained21k 98.25% 97.87% 97.88% 97.96% 98.13% 90.74% 83.33% 92.59% 79.63% 83.33% 49.39% 74.42% 80.67% 83.05% 85.02%

Table A8: Spot hue finetuning top-1 accuracy across multiple percentages of varying training instances
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Position Pose

Lighting Size

percent of diverse training samples

Position Pose

Lighting

0

0.5 1 0 0.5

percent of diverse training samples
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—e— MAEPretrained
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~—e— MLPMixerPretrained21k
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SimCLRPretrained
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—e— ViTPratrained2 1k

Background

—e— CLIPPretrained

—e— MAEPretrained

—e— MLPMixerPretrained1lk
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—e— ResNet50Pretrained1k
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—e— ViTPretrained1lk

— o— \/iTPratrained?1k

(a) Training with increasing percentage of variability across all instances using finetuning

Figure A14: Training with increasing percentage of instances seen varying during training using linear evaluation

(top) and finetuning (bottom).

train_canonical_top_1_accuracy

val_canonical_top_1_accuracy
0.50

val_diverse_Scale_top_I_accuracy

train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.75 0.95 0.05 0.25 0.50 0.75 0.95
model

CLIPPretrained 97.68% 97.08% 97.39% 97.63% 97.95% 90.74% 90.74% 87.04% 83.33% 79.63% 4547% 66.39% 72.46% 75.63% 78.05%
MAEPretrained 96.81% 96.64% 97.19% 97.40% 97.91% 81.48% 70.37% 70.37% 70.37% 53.70% 28.70% 51.73% 60.66% 62.49% 64.47%
MLPMixerPretrainedlk ~ 97.23% 96.60% 97.07% 97.24% 97.82% 87.04% 85.19% 83.33% 74.07% 70.37% 41.62% 60.01% 65.78% 70.24% 71.64%
MLPMixerPretrained21k  97.80% 97.80% 97.96% 97.95% 98.37% 85.19% 87.04% 81.48% 7222% 77.78% 46.02% 68.37% 73.08% 76.51% 77.38%
ResNet50Pretrained 1k 97.88% 97.94% 97.95% 97.89% 98.24% 87.04% 85.19% 81.48% 75.93% 79.63% 4447% 62.86% T11.55% 73.81% 75.80%
ResNet50Pretrained21k ~ 97.40% 97.58% 97.84% 97.72% 98.18% 90.74% 79.63% 81.48% 79.63% 79.63% 49.37% 68.72% 70.89% 76.85% 79.18%
SimCLRPretrained 97.51% 97.54% 97.65% 97.83% 98.10% 88.89% 83.33% 83.33% 83.33% 74.44% 4225% 65.04% 71.88% 74.89% 76.25%
ViTPretrained1k 97.80% 97.92% 98.05% 97.92% 98.34% 88.89% 83.33% 85.19% 79.63% 79.63% 44.17% 6586% 11.66% T1.46% 78.46%
ViTPretrained2 1k 97.71% 97.71% 97.85% 97.99% 98.24% 85.19% 85.19% 85.19% 79.63% 79.63% 42.63% 67.71% 70.61% 74.96% 76.14%
iBotPretrained 1k 97.85% 97.61% 91.74% 97.19% 98.04% 90.74% 87.04% 83.33% 83.33% 79.63% 45.14% 64.09% 71.34% 73.90% 76.99%
iBotPretrained21k 97.88% 97.75% 91.86% 97.97% 98.12% 88.89% 87.04% 87.04% 81.48% 7593% 48.70% 6552% 72.39% 79.16% 80.04%

Table A9: Scale finetuning top-1 accuracy across multiple percentages of varying training instances

E ALL FACTOR GAPS

We also study the setting where all factors vary during training. In Figures[AT9)and [A20] we show the
generalization gaps when all factors vary for linear evaluation and finetuning.

F CLASS GENERALIZATION

In addition to the finetning results, we include here linear evaluation results for class generalization

gaps[ATI]

train_canonical_top_1_accuracy

val_canonical_top_1_accuracy

val_diverse_Background path_top_1_accuracy

train_prop_to_vary 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75 0.95 0.05 0.25 0.50 0.75

model

CLIPPretrained 96.49% 97.05% 97.52% 97.81% 98.01% 94.44% 88.89% 92.59% 87.04% 81.48% 50.79% 67.24% 76.25% 79.79% 80.92%
MAEPretrained 96.20% 96.61% 97.31% 97.63% 97.99% 81.85% 72.22% 77.718% 72.22% 62.96% 30.49% 52.04% 64.77% 66.61% 68.56%
MLPMixerPretrainedlk ~ 96.16% 97.03% 97.13% 97.66% 97.76% 90.74% 87.04% 81.48% 7593% 72.22% 47.41% 63.84% 71.85% 73.716% 75.96%
MLPMixerPretrained21k  98.08% 98.15% 98.09% 98.33% 98.71% 88.89% 92.59% 90.74% 85.19% 79.63% 51.84% 72.00% 77.05% 80.46% 81.10%
ResNet50Pretrained 1k 97.71% 91.76% 97.95% 98.04% 98.38% 92.59% 92.59% 90.74% 92.59% 83.33% 46.50% 63.48% 70.90% 73.73% 77.72%
ResNetSOPretrained21k ~ 97.38%  98.09% 97.72% 98.33% 98.34% 88.89% 83.33% 87.04% 81.48% 85.19% 50.87% 71.59% 7621% 79.13% 83.24%
SimCLRPretrained 97.38% 97.31% 97.77% 97.55% 98.05% 77.78% 87.04% 88.89% 90.74% 83.33% 43.32% 61.47% 69.94% 76.99% 79.07%
ViTPretrained 1k 98.12% 97.76% 97.89% 97.73% 98.44% 88.89% 90.74% 87.04% 81.48% 83.33% 5425% 71.56% 75.73% 80.58% 84.92%
ViTPretrained2 1k 97.77% 97.49% 97.95% 98.04% 98.37% 91.67% 88.89% 90.74% 87.04% 81.48% 55.17% 73.53% 76.50% 82.28% 81.94%
iBotPretrained 1k 97.47% 97.44% 97.61% 98.15% 97.86% 88.89% 92.59% 90.74% 81.48% 79.63% 51.19% 71.17% 7532% 78.37% 79.93%
iBotPretrained21k 97.69% 97191% 97.77% 98.17% 97.93% 93.52% 92.59% 90.74% 85.19% 83.33% 55.00% 73.11% 76.62% 83.56% 82.90%

Table A10: Background path finetuning top-1

training instances
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Generalization when Background varies in training
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Figure A15: Linear Evaluation Effect of Variability in Training (part 1)

G CROSS FACTOR EFFECTS

We study the effect of varying a factor on the generalization gaps of other factors. In Figures [A2]]
and[A22] we show the slopes of the generalization gaps as the number of varying training instances
increases during training. We see how varying one factor can also close the robustenss gap of other
factors. We also show normalized versions of these plots in[A23]and [A24]
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Generalization when Lighting varies in training
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Figure A16: Linear Evaluation Effect of Variability in Training (part 2)

percent of diverse Lighting training samples

1

percent of diverse Position training samples

model Position gap Pose gap  Lighting color gap  Size gap Background gap  Average gap
CLIP -41.69 -46.51 -43.73 -41.51 -48.09 -44.31
MAE -3.32 -6.64 -7.69 -5.68 -14.61 -7.59
MLPMixerlk -39.07 -43.70 -43.42 -36.32 -47.79 -42.06
MLPMixer21k -43.07 -57.34 -42.90 -44.84 -52.09 -48.05
ResNet50-1k -44.97 -51.06 -43.84 -42.18 -55.67 -47.54
ResNet50-21k -46.34 -56.89 -44.06 -47.26 -57.81 -50.47
ViT-1k -47.03 -58.69 -45.24 -48.67 -52.77 -50.48
ViT-21k -50.41 -56.94 -49.17 -49.76 -55.23 -52.30
iBot-1k -46.90 -61.71 -46.35 -51.56 -59.88 -53.28
iBot-21k -53.00 -64.94 -50.99 -56.05 -64.83 -57.96
Average -41.58 -50.44 -41.74 -42.38 -50.88 -45.40

Table A11: Linear eval class generalization top-1 accuracy gaps: shows validation top-1 accuracy
difference between classes (27 randomly selected) seen with diversity and those not.

H EFFECT OF CLASS SIMILARITY ON MODELS’ ABILITY TO GENERALIZE

VARIATION ACROSS CLASSES

We study the effect of class similarity by measuring the generalization gaps per class for each factor
relative to the class’s similarity to the nearest class seen varying during training. If models’ are able
to generalize variation across classes, we might expect models generalize variation better when the
class is similar to one seen varying during training. In Figures[A25] [A25][A29] and[A27]
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Figure A17: Finetuning Effect of Variability in Training (part 1)
I EXPERIMENTS DETAILS

Tables [2a)and [2b] show results for the best after 10k steps of training with adam on 6 log scale learning
rates (le-2 to 1e-6) cross validated on canonical top-1 accuracy for validation images.
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Generalization when Lighting varies in training
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Figure A18: Finetuning Effect of Variability in Training (part 2)
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Figure A19: Generalization gaps when all factors vary during training with linear evaluation
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Figure A20: Generalization gaps when all factors vary during training with finetuning



Under review as a conference paper at ICLR 2023

varying factor
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Figure A21: Spill over effects: shows the average slope across models when a given factor varies during linear

evaluation
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Figure A22: Spill over effects: shows the average slope across models when a given factor varies for finetuning

varying factor
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Figure A23: Normalized Spill over effects: shows the average slope across models when a given factor varies
during linear evaluation. Normalization is across rows by dividing the diagonal value to isolate how much more
a given spill-over effect than the intended.

varying factor
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Figure A24: Normalized Spill over effects: shows the average slope across models when a given factor varies
for finetuning. Normalization is across rows by dividing the diagonal value to isolate how much more a given
spill-over effect than the intended.
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Position accuracy as class similarity changes
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Figure A25: Position gap as class similarity to nearest neighbor increases to classes seen varying during training.

Pose accuracy as class similarity changes
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Figure A26: Pose gap as class similarity to nearest neighbor increases to classes seen varying during training.
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Size accuracy as class similarity changes
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Figure A27: Scale gap as class similarity to nearest neighbor increases to classes seen varying during training.

Background accuracy as class similarity changes
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Figure A28: Background gap as class similarity to nearest neighbor increases to classes seen varying during
training.
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Lighting accuracy as class similarity changes
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Figure A29: Lighting color gap as class similarity to nearest neighbor increases to classes seen varying during
training.
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