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Dataset Classes Train size Test size Evaluation metric

Food-101 102 75,750 25,250 accuracy
CIFAR-10 10 50,000 10,000 accuracy
CIFAR-100 100 50,000 10,000 accuracy
Birdsnap 500 42,283 2,149 accuracy
SUN397 397 19,850 19,850 accuracy
Stanford Cars 196 8,144 8,041 accuracy
FGVC Aircraft 100 6,667 3,333 mean per class
Pascal VOC 2007 Classification 20 5,011 4,952 11-point mAP
Describable Textures 47 3,760 1,880 accuracy
Oxford-IIIT Pets 37 3,680 3,669 mean per class
Caltech-101 102 3,060 6,085 mean-per-class
Oxford Flowers 102 102 2,040 6,149 mean per class

MNIST 10 60,000 10,000 accuracy
Facial Emotion Recognition 2013 8 32,140 3,574 accuracy
STL-10 10 1000 8000 accuracy
EuroSAT 10 10,000 5,000 accuracy
RESISC45 45 3,150 25,200 accuracy
GTSRB 43 26,640 12,630 accuracy
KITTI 4 6,770 711 accuracy
Country211 211 43,200 21,100 accuracy
PatchCamelyon 2 294,912 32,768 accuracy
UCF101 101 9,537 1,794 accuracy
Kinetics700 700 494,801 31,669 mean(top1, top5)
CLEVR Counts 8 2,000 500 accuracy
Hateful Memes 2 8,500 500 ROC AUC
Rendered SST2 2 7,792 1,821 accuracy
ImageNet 1000 1,281,167 50,000 accuracy

Table 2. Datasets examined for linear probes. We note that, for the Birdsnap and Kinetics700 datasets, we used the resources that are
available online at the time of this writing.

a supervised representation to collapse intra-class details
and hurt accuracy on a fine-grained downstream task. As
mentioned, CLIP still underperforms the EfficientNet on
several datasets. Unsurprisingly, the dataset that the Effi-
cientNet does best relative to CLIP on is the one it was
trained on: ImageNet. The EffcientNet also slightly outper-
forms CLIP on low-resolution datasets such as CIFAR10
and CIFAR100. We suspect this is at least partly due to the
lack of scale-based data augmentation in CLIP. The Effi-
cientNet also does slightly better on PatchCamelyon and
CLEVRCounts, datasets where overall performance is still
low for both approaches.
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Figure 9. CLIP’s features outperform the features of the best
ImageNet model on a wide variety of datasets. Fitting a linear
classifier on CLIP’s features outperforms using the Noisy Student
EfficientNet-L2 on 21 out of 27 datasets.
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LM RN50 81.3 82.8 61.7 44.2 69.6 74.9 44.9 85.5 71.5 82.8 85.5 91.1 96.6 60.1 96.3 93.4 84.0 73.8 70.2 19.0 82.9 76.4 51.9 51.2 65.2 76.8 65.2
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50 86.4 88.7 70.3 56.4 73.3 78.3 49.1 87.1 76.4 88.2 89.6 96.1 98.3 64.2 97.2 95.2 87.5 82.4 70.2 25.3 82.7 81.6 57.2 53.6 65.7 72.6 73.3
101 88.9 91.1 73.5 58.6 75.1 84.0 50.7 88.0 76.3 91.0 92.0 96.4 98.4 65.2 98.2 95.9 89.3 82.4 73.6 26.6 82.8 84.0 60.3 50.3 68.2 73.3 75.7
50x4 91.3 90.5 73.0 65.7 77.0 85.9 57.3 88.4 79.5 91.9 92.5 97.8 98.5 68.1 98.1 96.4 89.7 85.5 59.4 30.3 83.0 85.7 62.6 52.5 68.0 76.6 78.2

50x16 93.3 92.2 74.9 72.8 79.2 88.7 62.7 89.0 79.1 93.5 93.7 98.3 98.9 68.7 99.0 97.0 91.4 89.0 69.2 34.8 83.5 88.0 66.3 53.8 71.1 80.0 81.5
50x64 94.8 94.1 78.6 77.2 81.1 90.5 67.7 88.9 82.0 94.5 95.4 98.9 98.9 71.3 99.3 97.1 92.8 90.2 69.2 40.7 83.7 89.5 69.1 55.0 75.0 81.2 83.6

C
L

IP
-V

iT B/32 88.8 95.1 80.5 58.5 76.6 81.8 52.0 87.7 76.5 90.0 93.0 96.9 99.0 69.2 98.6 97.0 90.5 85.3 66.2 27.8 83.9 85.5 61.7 52.1 66.7 70.8 76.1
B/16 92.8 96.2 83.1 67.8 78.4 86.7 59.5 89.2 79.2 93.1 94.7 98.1 99.0 69.5 99.2 97.1 92.7 86.6 67.8 33.3 83.5 88.4 66.1 57.1 70.3 75.5 80.2
L/14 95.2 98.0 87.5 77.0 81.8 90.9 69.4 89.6 82.1 95.1 96.5 99.2 99.2 72.2 99.8 98.2 94.1 92.5 64.7 42.9 85.8 91.5 72.0 57.8 76.2 80.8 83.9

L/14-336px 95.9 97.9 87.4 79.9 82.2 91.5 71.6 89.9 83.0 95.1 96.0 99.2 99.2 72.9 99.7 98.1 94.9 92.4 69.2 46.4 85.6 92.0 73.0 60.3 77.3 80.5 85.4
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B0 74.3 92.5 76.5 59.7 62.0 62.5 55.7 84.4 71.2 93.0 93.3 91.7 98.2 57.2 97.8 97.3 85.5 80.0 73.8 12.4 83.1 74.4 47.6 47.9 55.7 53.4 76.9
B1 74.2 93.2 77.2 61.3 62.6 62.5 56.1 84.7 74.2 93.4 93.6 92.4 98.3 57.0 97.9 96.8 84.5 75.9 75.5 12.5 82.7 74.7 48.5 44.3 54.5 54.4 78.6
B2 75.8 93.6 77.9 64.4 64.0 63.2 57.0 85.3 73.5 93.9 93.5 92.9 98.5 56.6 98.1 96.9 84.4 76.4 73.1 12.6 84.3 75.1 49.4 42.6 55.4 55.2 79.7
B3 77.4 94.0 78.0 66.5 64.4 66.0 59.3 85.8 73.1 94.1 93.7 93.3 98.5 57.1 98.6 97.3 85.0 75.8 76.1 13.4 83.3 78.1 50.9 45.1 53.8 54.8 81.0
B4 79.7 94.1 78.7 70.1 65.4 66.4 60.4 86.5 73.4 94.7 93.5 93.2 98.8 57.9 98.9 96.8 85.0 78.3 72.3 13.9 83.1 79.1 52.5 46.5 54.4 55.4 82.9
B5 81.5 93.6 77.9 72.4 67.1 72.7 68.9 86.7 73.9 95.0 94.7 94.5 98.4 58.5 99.1 96.8 86.0 78.5 69.6 14.9 84.7 80.9 54.5 46.6 53.3 56.3 83.7
B6 82.4 94.0 78.0 73.5 65.8 71.1 68.2 87.6 73.9 95.0 94.1 93.7 98.4 60.2 99.0 96.8 85.4 78.1 72.7 15.3 84.2 80.0 54.1 51.1 53.3 57.0 84.0
B7 84.5 94.9 80.1 74.7 69.0 77.1 72.3 87.2 76.8 95.2 94.7 95.9 98.6 61.3 99.3 96.3 86.8 80.8 75.8 16.4 85.2 81.9 56.8 51.9 54.4 57.8 84.8
B8 84.5 95.0 80.7 75.2 69.6 76.8 71.5 87.4 77.1 94.9 95.2 96.3 98.6 61.4 99.4 97.0 87.4 80.4 70.9 17.4 85.2 82.4 57.7 51.4 51.7 55.8 85.3
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t B0 78.1 94.0 78.6 63.5 65.5 57.2 53.7 85.6 75.6 93.8 93.1 94.5 98.1 55.6 98.6 97.0 84.3 74.0 71.6 14.0 83.1 76.7 51.7 47.3 55.7 55.0 78.5
B1 80.4 95.1 80.2 66.6 67.6 59.6 53.7 86.2 77.0 94.6 94.4 95.1 98.0 56.1 98.9 96.9 84.3 73.1 67.1 14.5 83.9 79.9 54.5 46.1 54.3 54.9 81.1
B2 80.9 95.3 81.3 67.6 67.9 60.9 55.2 86.3 77.7 95.0 94.7 94.4 98.0 55.5 98.9 97.3 84.6 71.7 70.0 14.6 82.9 80.1 55.1 46.1 54.1 55.3 82.2
B3 82.6 95.9 82.1 68.6 68.8 60.6 55.4 86.5 77.2 95.0 94.8 95.2 98.1 56.0 99.3 96.5 85.0 70.5 69.5 15.1 83.1 81.8 56.8 45.1 55.7 52.0 83.8
B4 85.2 95.6 81.0 72.5 69.7 56.1 52.6 87.0 78.7 94.8 95.2 95.3 98.2 56.0 99.4 95.3 84.8 61.9 64.8 16.0 82.8 83.4 59.8 43.2 55.3 53.0 85.4
B5 87.6 96.3 82.4 75.3 71.6 64.7 64.8 87.8 79.6 95.5 95.6 96.6 98.8 60.9 99.5 96.1 87.0 68.5 73.7 16.4 83.5 86.4 61.6 46.3 53.4 55.8 85.8
B6 87.3 97.0 83.9 75.8 71.4 67.6 65.6 87.3 78.5 95.2 96.4 97.2 98.6 61.9 99.7 96.6 86.1 70.7 72.4 17.6 84.2 85.5 61.0 49.6 54.6 55.7 86.4
B7 88.4 96.0 82.0 76.9 72.6 72.2 71.2 88.1 80.5 95.5 95.5 96.6 98.5 62.7 99.5 96.2 88.5 73.4 73.0 18.5 83.8 86.6 63.2 50.5 57.2 56.7 87.0

L2-475 91.6 99.0 91.0 74.8 76.4 75.1 66.8 89.5 81.9 95.6 96.5 97.7 98.9 67.5 99.7 97.0 89.5 73.4 68.9 22.2 86.3 89.4 68.2 58.3 58.6 55.2 88.3
L2-800 92.0 98.7 89.0 78.5 75.7 75.5 68.4 89.4 82.5 95.6 94.7 97.9 98.5 68.4 99.7 97.2 89.9 77.7 66.9 23.7 86.8 88.9 66.7 62.7 58.4 56.9 88.4
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32x8d 84.8 95.9 80.9 63.8 69.0 74.2 56.0 88.0 75.4 95.4 93.9 91.7 97.4 60.7 99.3 95.7 82.1 72.3 69.2 16.7 82.3 80.1 56.8 42.2 53.3 55.2 83.3
32x16d 85.7 96.5 80.9 64.8 70.5 77.5 56.7 87.9 76.2 95.6 94.9 92.5 97.4 61.6 99.4 95.5 82.8 73.8 66.1 17.5 83.4 81.1 58.2 41.3 54.2 56.1 84.4
32x32d 86.7 96.8 82.7 67.1 71.5 77.5 55.4 88.3 78.5 95.8 95.3 94.4 97.9 62.4 99.4 95.7 85.4 71.2 66.8 18.0 83.7 82.1 58.8 39.7 55.3 56.7 85.0
32x48d 86.9 96.8 83.4 65.9 72.2 76.6 53.2 88.0 77.2 95.5 95.8 93.6 98.1 63.7 99.5 95.3 85.4 73.0 67.2 18.5 82.7 82.8 59.2 41.3 55.5 56.7 85.2

FixRes-v1 88.5 95.7 81.1 67.4 72.9 80.5 57.6 88.0 77.9 95.8 96.1 94.5 97.9 62.2 99.5 96.2 86.6 76.5 64.8 19.3 82.5 83.4 59.8 43.5 56.6 59.0 86.0
FixRes-v2 88.5 95.7 81.1 67.3 72.9 80.7 57.5 88.0 77.9 95.0 96.0 94.5 98.0 62.1 99.5 96.5 86.6 76.3 64.8 19.5 82.3 83.5 59.8 44.2 56.6 59.0 86.0
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R50x1 72.5 91.7 74.8 57.7 61.1 53.5 52.5 83.7 72.4 92.3 91.2 92.0 98.4 56.1 97.1 97.4 85.0 70.0 66.0 12.5 83.0 72.3 47.5 48.3 54.1 55.3 75.2
R50x3 75.1 93.7 79.0 61.1 63.7 55.2 54.1 84.8 74.6 92.5 91.6 92.8 98.8 58.7 97.7 97.8 86.4 73.1 73.8 14.0 84.2 76.4 50.0 49.2 54.7 54.2 77.2

R101x1 73.5 92.8 77.4 58.4 61.3 54.0 52.4 84.4 73.5 92.5 91.8 90.6 98.3 56.5 97.6 97.3 84.6 69.4 68.9 12.6 82.0 73.5 48.6 45.4 52.6 55.5 76.0
R101x3 74.7 93.9 79.8 57.8 62.9 54.7 53.3 84.7 75.5 92.3 91.2 92.6 98.8 59.7 98.0 98.0 85.5 71.8 60.2 14.1 83.1 75.9 50.4 49.7 54.1 54.6 77.4
R152x2 74.9 94.3 79.7 58.7 62.7 55.9 53.6 85.3 74.9 93.0 92.0 91.7 98.6 58.3 97.6 97.8 86.2 71.8 71.6 13.9 84.1 76.2 49.9 48.2 53.8 55.9 77.1
R152x4 74.7 94.2 79.2 57.8 62.9 51.2 50.8 85.4 75.4 93.1 91.2 91.4 98.9 61.4 98.0 98.0 85.5 72.8 67.9 14.9 83.1 76.0 50.3 42.9 53.6 56.0 78.5
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R50x1 83.3 94.9 82.2 70.9 69.9 59.0 55.6 86.8 77.3 91.5 93.9 99.4 98.0 60.6 98.7 97.5 87.4 68.6 68.2 16.6 82.5 79.4 53.2 49.4 54.5 53.4 76.7
R50x3 86.9 96.7 86.2 75.7 74.6 60.6 54.2 87.7 78.5 93.2 95.3 99.4 98.6 64.6 99.5 98.0 88.1 69.9 59.6 19.6 83.4 83.5 57.8 51.3 55.8 55.6 80.7

R101x1 85.5 95.7 84.4 73.0 72.5 59.8 55.0 87.3 78.1 92.2 95.0 99.5 98.1 62.5 99.2 97.6 87.8 68.7 67.7 18.0 84.0 82.3 55.9 53.4 54.8 53.1 79.4
R101x3 87.2 97.4 87.5 72.4 75.0 57.4 47.4 87.5 79.6 93.2 95.4 99.6 98.6 64.3 99.5 98.2 87.7 68.8 64.1 20.7 80.4 84.0 58.7 52.6 54.9 54.3 81.2
R152x2 88.0 97.5 87.8 75.8 75.9 61.5 55.3 88.1 79.8 93.6 95.9 99.5 98.5 64.3 99.6 97.9 89.0 70.0 70.3 20.7 82.6 85.5 59.6 50.8 54.9 55.1 81.9
R152x4 87.2 97.6 88.2 72.4 75.0 49.1 43.4 87.1 79.9 92.4 95.4 99.3 98.5 65.7 99.6 97.8 87.7 68.2 57.1 20.6 80.4 84.6 59.0 49.7 57.2 55.1 81.5

V
iT

B/32 81.8 96.7 86.3 65.2 70.7 49.1 42.7 85.3 73.1 90.4 94.5 98.7 97.8 59.0 99.1 96.3 83.0 68.1 65.1 15.7 82.6 79.1 51.7 38.9 57.1 54.6 76.6
B/16 86.7 96.9 86.4 74.0 74.2 54.7 46.0 86.7 74.3 92.7 94.1 99.2 97.4 61.3 99.5 96.4 84.5 63.1 61.5 17.5 85.4 82.7 56.6 40.0 57.0 56.1 80.9
L/16 87.4 97.9 89.0 76.5 74.9 62.5 52.2 86.1 75.0 92.9 94.7 99.3 98.0 64.0 99.7 96.5 85.7 70.4 58.8 17.7 85.7 84.1 58.0 38.4 58.4 52.8 81.9
H/14 83.4 95.8 84.5 70.2 69.2 62.3 54.8 84.7 75.4 91.7 93.7 98.9 98.5 62.4 98.5 97.3 87.0 73.9 63.4 15.4 87.0 79.4 52.1 41.1 55.9 54.1 75.9

Si
m

C
L

R
v2

R50x1 76.4 93.2 77.9 48.6 64.1 56.3 51.7 84.4 77.0 88.3 91.8 92.9 97.6 59.7 97.9 97.5 85.8 71.1 69.1 15.8 84.8 78.4 51.0 56.2 53.9 53.8 73.8
R50x3 81.0 95.6 82.4 56.5 67.0 65.6 61.1 85.9 78.8 90.9 94.1 95.4 98.7 62.6 98.8 97.9 88.2 78.2 74.7 17.6 85.4 82.6 54.6 55.4 54.2 55.2 77.3

R101x1 77.9 94.8 79.9 51.9 65.2 57.1 52.0 85.4 77.2 90.0 91.6 92.7 97.2 59.4 98.2 96.8 84.6 65.7 70.6 16.1 84.3 78.8 52.4 53.6 55.1 55.7 76.1
R101x3 82.2 96.4 83.4 57.5 68.2 64.6 60.0 86.2 78.9 91.8 95.0 95.4 98.4 63.0 99.0 97.9 88.0 77.5 69.1 18.3 85.5 82.9 55.9 52.2 54.5 56.3 78.8
R152x1 78.6 95.0 79.9 50.3 65.6 55.6 52.2 85.8 77.3 90.1 92.5 91.8 97.6 59.8 98.6 96.6 84.3 64.8 70.3 16.6 83.9 79.4 53.1 57.2 55.8 54.8 76.9
R152x2 82.3 96.7 83.9 58.1 68.5 64.9 58.7 86.6 79.1 92.2 94.1 96.0 98.2 64.1 99.0 98.0 88.1 77.0 69.8 18.4 85.3 82.7 56.2 53.6 56.0 56.5 79.2
R152x3 83.6 96.8 84.5 60.3 69.1 68.5 63.1 86.7 80.5 92.6 94.9 96.3 98.7 65.4 99.2 98.1 89.5 78.4 68.5 19.4 85.2 83.5 57.0 54.4 54.6 54.2 80.0

B
Y

O
L 50x1 74.0 93.6 79.1 47.6 63.7 61.6 62.3 82.6 77.0 88.3 93.7 94.3 98.7 58.8 97.4 97.6 88.2 80.1 71.4 14.1 84.8 77.3 49.3 56.1 53.8 54.4 73.3

200x2 78.5 96.2 83.3 53.4 68.5 61.7 55.4 86.6 77.4 91.9 95.5 93.9 98.7 62.6 99.0 97.7 87.4 77.1 76.4 16.4 84.0 82.6 55.1 54.1 52.5 52.4 79.2

M
oC

o v1 65.9 85.0 63.1 27.5 52.6 35.9 43.5 75.7 70.0 70.4 78.1 85.4 97.6 54.3 90.1 97.1 82.9 62.6 60.2 12.6 85.7 64.2 40.7 54.7 55.6 53.5 57.2
v2 72.2 93.4 76.3 39.6 60.2 48.3 51.1 82.6 75.1 84.4 89.9 90.7 98.4 58.3 96.9 97.2 85.4 75.7 75.4 13.2 85.6 72.7 47.8 56.9 53.9 53.8 69.1

VirTex 57.9 83.9 57.5 17.0 49.8 22.4 34.5 83.8 58.2 53.6 70.6 74.7 98.1 56.5 89.8 94.8 74.1 69.5 71.3 8.7 83.1 61.5 39.9 45.5 53.5 55.8 50.7

R
es

N
et 50 71.3 91.8 74.5 52.7 60.5 49.9 48.5 83.8 72.3 92.4 90.8 90.8 98.3 54.9 97.1 96.7 83.6 70.6 67.1 11.7 82.5 71.2 46.8 43.0 56.5 55.5 74.3

101 72.7 93.0 77.2 53.7 60.8 50.1 47.0 84.4 71.6 92.3 91.9 90.4 98.5 56.6 97.8 97.1 83.4 72.5 63.6 11.9 83.3 72.7 48.3 43.2 53.0 54.7 75.8
152 73.7 93.5 78.0 55.1 61.6 52.8 48.4 84.5 71.9 93.0 92.1 89.6 98.2 57.0 98.2 97.0 83.1 70.1 70.2 12.3 82.9 75.3 49.2 42.4 53.2 53.9 77.1

Table 3. Linear probe performance. Scores within the 99.5% Clopper-Pearson confidence interval of each dataset’s top score are shown in
bold.
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correct label: red and white triangle with exclamation mark warning

0 20 40 60 80 100

a zoomed in photo of a "red and white triangle with exclamation mark warning" traffic sign.

a zoomed in photo of a "red and white triangle with black right curve approaching warning" traffic sign.

a zoomed in photo of a "red and white triangle car skidding / slipping warning" traffic sign.

a zoomed in photo of a "red and white triangle rough / bumpy road warning" traffic sign.

a zoomed in photo of a "red and white triangle with black left curve approaching warning" traffic sign.

correct rank: 1/43    correct probability: 45.75%
German Traffic Sign Recognition Benchmark (GTSRB)

correct label: positive

0 20 40 60 80 100

a positive review of a movie.

a negative review of a movie.

correct rank: 1/2    correct probability: 78.21%
Stanford Sentiment Treebank

correct label: meme

0 20 40 60 80 100

a meme.

a hatespeech meme.

correct rank: 1/2    correct probability: 99.20%
Hateful Memes

correct label: barn

0 20 40 60 80 100

a photo of a barn.

a photo of a church.

a photo of a threshing machine.

a photo of a sawmill.

a photo of a prison.

correct rank: 1/1000    correct probability: 79.56%
ImageNet Sketch

correct label(s): antelope

0 20 40 60 80 100

a photo of a antelope.

a photo of a zebra.

a photo of a car.

a photo of a cattle.

a photo of a elephant.

correct rank: 1/30    correct probability: 99.77%
ImageNet Vid

correct label: 158

0 20 40 60 80 100

a street sign of the number: "1157".

a street sign of the number: "1165".

a street sign of the number: "1164".

a street sign of the number: "1155".

a street sign of the number: "1364".

correct rank: 83/2000    correct probability: 0.27%
Street View House Numbers (SVHN)

correct label: 7

0 20 40 60 80 100

a photo of the number: "7".

a photo of the number: "2".

a photo of the number: "1".

a photo of the number: "6".

a photo of the number: "4".

correct rank: 1/10    correct probability: 85.32%
MNIST

correct label(s): motorcycle

0 20 40 60 80 100

a photo of a motorcycle.

a photo of a bicycle.

a photo of a car.

a photo of a horse.

a photo of a dining table.

correct rank: 1/20    correct probability: 99.69%
PASCAL VOC 2007

correct label: perforated

0 20 40 60 80 100

a photo of a polka-dotted texture.

a photo of a perforated texture.

a photo of a dotted texture.

a photo of a studded texture.

a photo of a freckled texture.

correct rank: 2/47    correct probability: 20.50%
Describable Textures Dataset (DTD)

correct label: marimba

0 20 40 60 80 100

a photo of a marimba.

a photo of a abacus.

a photo of a steel drum.

a photo of a computer keyboard.

a photo of a pool table.

correct rank: 1/1000    correct probability: 79.54%
ImageNet Blurry

correct label: Pill bottle

0 20 40 60 80 100

a photo of a pill bottle.

a photo of a bottle cap.

a photo of a beer bottle.

a photo of a pillow.

a photo of a wine bottle.

correct rank: 1/113    correct probability: 98.34%
ObjectNet ImageNet Overlap

correct label: building

0 20 40 60 80 100

a photo of a building.

a photo of a carriage.

a photo of a statue.

a photo of a bag.

a photo of a mug.

correct rank: 1/12    correct probability: 97.69%
aYahoo

correct label: Black chinned Hummingbird

0 20 40 60 80 100

a photo of a broad tailed hummingbird, a type of bird.

a photo of a calliope hummingbird, a type of bird.

a photo of a costas hummingbird, a type of bird.

a photo of a black chinned hummingbird, a type of bird.

a photo of a annas hummingbird, a type of bird.

correct rank: 4/500    correct probability: 12.00%
Birdsnap

correct label: King Charles Spaniel

0 20 40 60 80 100

a photo of a king charles spaniel.

a photo of a brittany dog.

a photo of a cocker spaniel.

a photo of a papillon.

a photo of a sussex spaniel.

correct rank: 1/1000    correct probability: 91.61%
ImageNet

correct label: great masterwort

0 20 40 60 80 100

a photo of a great masterwort, a type of flower.

a photo of a bishop of llandaff, a type of flower.

a photo of a pincushion flower, a type of flower.

a photo of a globe flower, a type of flower.

a photo of a prince of wales feathers, a type of flower.

correct rank: 1/102    correct probability: 74.25%
Flowers-102

correct label: country line dancing

0 20 40 60 80 100

a photo of country line dancing.

a photo of square dancing.

a photo of swing dancing.

a photo of dancing charleston.

a photo of salsa dancing.

correct rank: 1/700    correct probability: 98.98%
Kinetics-700

correct label: kennel indoor

0 20 40 60 80 100

a photo of a kennel indoor.

a photo of a kennel outdoor.

a photo of a jail cell.

a photo of a jail indoor.

a photo of a veterinarians office.

correct rank: 1/723    correct probability: 98.63%
SUN

correct label: 2012 Honda Accord Coupe

0 20 40 60 80 100

a photo of a 2012 honda accord coupe.

a photo of a 2012 honda accord sedan.

a photo of a 2012 acura tl sedan.

a photo of a 2012 acura tsx sedan.

a photo of a 2008 acura tl type-s.

correct rank: 1/196    correct probability: 63.30%
Stanford Cars

correct label: roundabout

0 20 40 60 80 100

satellite imagery of roundabout.

satellite imagery of intersection.

satellite imagery of church.

satellite imagery of medium residential.

satellite imagery of chaparral.

correct rank: 1/45    correct probability: 96.39%
RESISC45

correct label: Belize

0 20 40 60 80 100

a photo i took in french guiana.

a photo i took in gabon.

a photo i took in cambodia.

a photo i took in guyana.

a photo i took in belize.

correct rank: 5/211    correct probability: 3.92%
Country211

correct label: Boeing 717

0 20 40 60 80 100

a photo of a mcdonnell douglas md-90, a type of aircraft.

a photo of a boeing 717, a type of aircraft.

a photo of a fokker 100, a type of aircraft.

a photo of a mcdonnell douglas dc-9-30, a type of aircraft.

a photo of a boeing 727-200, a type of aircraft.

correct rank: 2/100    correct probability: 9.91%
FGVC Aircraft

correct label: beer bottle

0 20 40 60 80 100

a photo of a beer bottle.

a photo of a pirate ship.

a photo of a chocolate syrup.

a photo of a product packet / packaging.

a photo of a wine bottle.

correct rank: 1/1000    correct probability: 88.27%
ImageNetV2 Matched Frequency

correct label: snake

0 20 40 60 80 100

a photo of a snake.

a photo of a sweet pepper.

a photo of a flatfish.

a photo of a turtle.

a photo of a lizard.

correct rank: 1/100    correct probability: 38.02%
CIFAR-100

correct label: Maine Coon

0 20 40 60 80 100

a photo of a maine coon, a type of pet.

a photo of a persian, a type of pet.

a photo of a ragdoll, a type of pet.

a photo of a birman, a type of pet.

a photo of a siamese, a type of pet.

correct rank: 1/37    correct probability: 99.99%
Oxford-IIIT Pets

correct label: Siberian Husky

0 20 40 60 80 100

a photo of a siberian husky.

a photo of a german shepherd dog.

a photo of a collie.

a photo of a border collie.

a photo of a rottweiler.

correct rank: 1/200    correct probability: 76.02%
ImageNet-R (Rendition)

correct label: kangaroo

0 20 40 60 80 100

a photo of a kangaroo.

a photo of a gerenuk.

a photo of a emu.

a photo of a wild cat.

a photo of a scorpion.

correct rank: 1/102    correct probability: 99.81%
Caltech-101

correct label: Volleyball Spiking

0 20 40 60 80 100

a photo of a person volleyball spiking.

a photo of a person jump rope.

a photo of a person long jump.

a photo of a person soccer penalty.

a photo of a person table tennis shot.

correct rank: 1/101    correct probability: 99.30%
UCF101

correct label: angry

0 20 40 60 80 100

a photo of a happy looking face.

a photo of a neutral looking face.

a photo of a surprised looking face.

a photo of a fearful looking face.

a photo of a angry looking face.

correct rank: 5/7    correct probability: 8.16%
Facial Emotion Recognition 2013 (FER2013)

correct label: 4

0 20 40 60 80 100

a photo of 3 objects.

a photo of 4 objects.

a photo of 5 objects.

a photo of 6 objects.

a photo of 10 objects.

correct rank: 2/8    correct probability: 17.11%
CLEVR Count

correct label: bird

0 20 40 60 80 100

a photo of a bird.

a photo of a cat.

a photo of a deer.

a photo of a frog.

a photo of a dog.

correct rank: 1/10    correct probability: 40.86%
CIFAR-10

correct label: lynx

0 20 40 60 80 100

a photo of a fox squirrel.

a photo of a mongoose.

a photo of a skunk.

a photo of a red fox.

a photo of a lynx.

correct rank: 5/200    correct probability: 4.18%
ImageNet-A (Adversarial)

correct label: healthy lymph node tissue

0 20 40 60 80 100

this is a photo of lymph node tumor tissue

this is a photo of healthy lymph node tissue

correct rank: 2/2    correct probability: 22.81%
PatchCamelyon (PCam)

correct label: annual crop land

0 20 40 60 80 100

a centered satellite photo of permanent crop land.

a centered satellite photo of pasture land.

a centered satellite photo of highway or road.

a centered satellite photo of annual crop land.

a centered satellite photo of brushland or shrubland.

correct rank: 4/10    correct probability: 12.90%
EuroSAT

correct label(s): airplane,person

0 20 40 60 80 100

a photo of a airplane.

a photo of a bird.

a photo of a bear.

a photo of a giraffe.

a photo of a car.

correct rank: 1/23    correct probability: 88.98%
Youtube-BB

correct label: television studio

0 20 40 60 80 100

a photo of a television studio.

a photo of a podium indoor.

a photo of a conference room.

a photo of a lecture room.

a photo of a control room.

correct rank: 1/397    correct probability: 90.22%
SUN397

correct label: guacamole

0 20 40 60 80 100

a photo of guacamole, a type of food.

a photo of ceviche, a type of food.

a photo of edamame, a type of food.

a photo of tuna tartare, a type of food.

a photo of hummus, a type of food.

correct rank: 1/101    correct probability: 90.15%
Food101

Figure 11. Visualization of predictions from 36 CLIP zero-shot classifiers. All examples are random with the exception of reselecting
Hateful Memes to avoid offensive content. The predicted probability of the top 5 classes is shown along with the text used to represent
the class. When more than one template is used, the first template is shown. The ground truth label is colored green while an incorrect
prediction is colored orange.
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Table 4. Zero-shot performance of CLIP models over 27 datasets.
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Figure 12. CLIP’s zero-shot performance compared to linear-probe ResNet performance




































