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1 Annotation Interface

Unlabeled Image

Is this a Golden Retriever ?
Description: An English breed 
having a long silky golden coat.

Reference Image

◎ Yes

◎ No

Unlabeled Image

Is this a Golden Retriever ?
Description: An English breed 
having a long silky golden coat.

Reference Image

◎ Yes

◎ No

https://www.goog https://www.goog https://www.goog https://www.googhttps://www.flickr https://www.flickr

Fig. 1. The Annotation Interface for OmniBenchmark. The meta information of
each concept consists of a tag, description, and reference images. Annotators determine
whether the unlabeled image conforms to the concept. The yes option will be marked
if the annotator provides a positive answer to the question above.

We illustrate the annotation interface for building OmniBenchmark in Fig. 1.
In addition, the annotator needs to determine the legality of the image. If the un-
labeled images contain pornography or any offensive content, annotators should
click “No” button in this interface.

2 Experiments Results

We present the complete Top-1 accuracy (Table 1) and accuracy relative to the
baseline ResNet50 (Table 2) of all the 26 models. For all the models, we split
them across the four model categories. As shown in Table 1, Swin-T that has
similar parameters to ResNet-50 models achieves the best average accuracy on
the OmniBenchmark. In addition, GV-D [17] is the best ResNet-50 model, which
is pre-trained on the 69M GV-D data.
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3 Social Impact

The usage of OmniBenchmark might bring several risks, such as privacy, and
problematic content. We discuss these risks and their mitigation strategies as
follows.
Copyright. All images in this paper and the dataset are licensed by the CC-
BY (https://creativecommons. org/licenses/by/2.0/) license and contain infor-
mation on their creator. On the above url, this license is described as follows:

– Copy and redistribute the material in any medium or format.
– Remix, transform, and build upon the material for any purpose, even com-

mercially.
– This license is acceptable for Free Cultural Works.
– The licensor cannot revoke these freedoms as long as you follow the license

terms.

Referred to LAION-400M [16], Conceptual 12M [4] and MS-COCO [13], we
only present the lists of URLs to this data. We build the meta file as follow.

[image url] [class index]

Problematic Content. The problematic contents such as drugs, nudity, and
other offensive content exist in the web data. As mentioned in Sec. 1, the anno-
tators were asked to discard such images instead of conducting annotation.
Privacy. To mitigate privacy issues with public visual datasets, researchers have
attempted to obfuscate private information before publishing the data [7, 24].
We plan to follow this line of work to blur faces, license plates in our new
annotated data. In addition, if the original picture found at the URL present on
the OmniBenchmark on the record states users’ names, phone numbers, or any
personal information, users can request a takedown of this image.
Bias. The images were crawled from Flickr thus inheriting all the biases of that
website. The usage of user generated data might bring the risk of bias. We plan
to tackle this problem by balancing various categories.
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Table 1. Top-1 accuracy of 26 models on 21 realms. We present the complete
Top-1 accuracy of 25 models on 21 realms. ImageNet-1K-seen-realms are marked in
underline. Consumer. indicates consumer goods, Locom. indicates locomotive.
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RN50 [9] 50.8 50.3 44.0 43.4 42.1 41.2 40.9 40.4 38.9 36.7 36.2

DINO [3] 54.2 56.7 48.4 46.1 44.7 46.3 45.3 47.4 42.4 38.6 38.4

MoCov2 [5] 50.5 52.4 45.4 41.5 41.1 41.8 40.5 42.3 38.7 36.5 31.1

SwAV [2] 54.8 56.5 47.9 45.8 44.1 45.7 44.0 47.1 42.1 37.9 36.5

BarlowTwins [27] 52.0 54.1 46.1 44.2 41.5 42.8 42.9 44.7 39.9 37.7 36.5

SwAV-Places [11] 47.6 51.8 46.3 32.2 37.6 39.8 37.0 43.4 36.7 29.0 21.6

MAE [8] 44.5 47.5 41.5 37.4 33.3 35.5 36.3 39.0 31.4 30.6 28.6

BeiT B/16 [1] 44.2 41.9 36.7 34.4 33.1 34.9 35.5 36.0 30.3 31.0 32.3

EfficientNetB4 [20] 50.3 52.3 44.5 45.0 45.5 43.2 44.5 40.9 41.9 38.9 38.0

MLP-Mixer [21] 48.6 47.8 42.0 40.1 40.6 40.0 40.4 38.9 36.5 33.8 30.2

SwinT [14] 61.8 62.2 52.8 54.9 57.6 55.0 55.3 53.1 54.5 46.7 53.9

ResNet-101 [9] 51.8 53.9 45.4 48.2 48.9 45.7 46.7 44.1 45.3 40.5 40.3

InceptionV4 [19] 47.2 48.8 38.7 43.2 44.5 39.3 39.7 37.5 39.8 36.8 32.5

MEAL-V2 [18] 52.5 53.7 45.6 46.9 47.7 44.7 43.2 43.4 43.7 38.3 36.2

CutMix [25] 47.7 48.2 40.3 42.6 43.1 39.3 35.4 36.8 38.6 35.1 30.3

Manifold [22] 47.9 48.8 41.2 42.6 41.9 39.0 38.1 37.7 37.4 34.6 31.6

ReLabel [26] 47.5 47.1 38.1 41.7 42.4 39.1 37.0 35.5 37.6 34.2 31.0

IG-1B [23] 57.3 58.2 49.6 49.4 50.5 48.6 47.2 47.1 46.6 42.4 43.2

GV-D [17] 57.4 59.8 52.1 50.6 48.9 51.3 50.9 52.2 47.5 45.3 52.9

IN21K [10] 56.9 57.6 48.0 46.8 47.5 47.5 47.6 48.1 44.9 41.1 45.3

CLIP [15] 59.5 62.0 54.0 44.9 49.1 49.8 42.5 53.7 46.3 38.5 39.6

MoPro-V1 [12] 51.6 52.7 45.9 45.6 43.8 43.3 42.1 42.7 40.6 38.7 37.5

ViT B/16 [6] 59.3 59.9 51.9 51.5 54.2 51.7 55.2 51.0 50.8 47.6 50.7

Peco RN50 51.4 53.5 45.0 45.2 43.4 43.6 43.5 43.1 41.3 39.3 38.8

Reco RN50 52.5 53.9 45.8 45.3 43.9 44.4 44.3 43.1 41.6 40.1 38.7

Peco RN101 54.0 54.8 47.3 48.0 46.5 45.7 46.0 45.0 43.6 39.4 41.1

Reco RN101 54.3 55.5 46.7 48.2 47.4 46.4 45.4 45.6 44.7 41.5 40.5
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RN50 [9] 32.5 32.0 28.8 27.6 26.9 26.0 25.7 25.1 18.1 12.7 34.3

DINO [3] 37.5 38.6 34.9 33.7 32.4 30.3 32.1 31.6 22.7 15.3 38.9

MoCov2 [5] 34.4 33.1 30.6 27.4 28.7 28.2 29.6 25.4 18.5 12.8 34.8

SwAV [2] 37.6 37.2 34.3 31.7 31.6 31.3 32.2 30.3 21.9 14.6 38.3

BarlowTwins [27] 35.6 37.2 32.8 32.6 30.2 29.6 30.3 28.4 22.3 14.2 36.9

SwAV-Places [2] 32.8 33.7 34.9 26.7 32.2 27.9 31.5 23.7 17.9 10.8 33.1

MAE [8] 29.2 29.4 26.7 26.6 25.1 23.7 25.4 22.8 17.4 10.0 30.6

BeiT B/16 [1] 26.5 24.6 26.4 20.4 22.8 22.4 24.0 23.0 13.8 8.5 30.1

EfficientNetB4 [20] 35.9 31.6 30.6 26.1 28.7 27.6 29.2 25.6 17.7 14.2 35.8

MLP-Mixer [21] 31.2 28.1 29.2 23.0 26.0 24.6 27.4 23.2 15.2 10.3 32.2

SwinT [14] 46.9 41.6 40.7 36.5 38.3 33.0 35.4 46.8 24.5 22.8 46.4

ResNet-101 [9] 38.1 33.0 32.2 27.8 30.1 25.3 28.9 27.0 18.7 14.2 37.4

InceptionV4 [19] 32.8 27.3 27.0 22.0 25.8 24.4 23.5 20.8 16.0 11.9 32.3

MEAL-V2 [18] 37.0 32.5 31.2 27.9 29.9 27.2 28.1 25.9 19.1 14.0 36.6

CutMix [25] 32.1 23.6 27.2 18.2 26.3 19.7 24.3 20.5 12.6 11.8 31.1

Manifold [22] 31.2 25.7 26.8 19.4 25.7 21.2 24.1 21.2 15.0 11.7 31.6

ReLabel [26] 30.3 25.5 25.9 19.5 24.9 21.3 23.0 20.7 13.5 11.8 30.8

IG-1B [23] 40.5 37.2 34.9 31.9 32.8 30.2 31.8 30.1 21.2 17.1 40.4

GV-D [17] 41.5 47.1 39.8 46.8 35.9 36.6 36.6 42.0 37.9 20.2 45.4

IN21K [10] 40.1 38.9 35.4 32.3 32.8 30.8 31.9 37.7 21.1 17.2 40.4

CLIP [15] 42.7 38.6 42.6 34.2 38.2 29.9 36.4 32.6 28.9 20.5 42.1

MoPro-V1 [12] 34.9 32.8 31.8 28.7 29.3 27.3 28.1 27.7 19.9 13.5 36.1

ViT B/16 [6] 44.2 40.2 37.9 34.5 36.7 30.1 33.3 44.3 23.5 21.6 45.8

Peco RN50 35.1 34.9 31.0 30.6 28.9 28.0 28.1 27.4 20.6 13.8 36.4

Reco RN50 35.5 35.1 31.4 31.1 29.1 28.6 28.6 27.8 20.6 14.1 36.9

Peco RN101 37.8 37.4 32.8 33.3 30.9 28.7 29.3 28.7 22.1 15.2 38.5

Reco RN101 38.4 36.9 32.7 33.8 31.0 28.4 28.9 28.6 21.8 15.5 38.7



4 Zhang et al.

Table 2. Accuracy of 26 models on 21 realms relative to the base-
line ResNet50. We present the complete relative accuracy of 25 models on 21
realms. ImageNet-1K-seen-realms are marked in underline. Consumer. indicates con-
sumer goods, Locom. indicates locomotive..

M
e
th

o
d

D
e
c
o
ra

ti
o
n

C
re

a
ti
o
n

P
ro

c
e
ss

M
a
m
m
a
l

In
st
ru

m
e
n
t.

M
a
te

ri
a
l

A
q
u
a
ti
c
.

A
c
ti
v
it
y
.

D
e
v
ic
e

A
m
p
h
ib

ia
n

B
ir
d

DINO [3] 3.4 6.4 4.4 2.7 2.6 5.1 4.4 7.0 3.4 1.9 2.2

MoCov2 [5] -0.3 2.1 1.4 -2.0 -1.0 0.6 -0.4 1.9 -0.2 -0.2 -5.1

SwAV [2] 4.0 6.2 3.9 2.4 2.0 4.5 3.1 6.7 3.2 1.2 0.3

BarlowTwins [27] 1.2 3.7 2.2 0.8 -0.6 1.6 2.0 4.3 0.9 1.0 0.4

SwAV-Places [11] -3.2 1.5 2.4 -11.2 -4.5 -1.5 -3.9 3.0 -2.3 -7.7 -14.6

MAE [8] -6.3 -2.9 -2.5 -6.0 -8.8 -5.7 -4.6 -1.4 -7.6 -6.1 -7.6

BeiT B/16 [1] -6.6 -8.5 -7.3 -9.0 -9.0 -6.3 -5.4 -4.4 -8.7 -5.7 -3.9

EfficientNetB4 [20] -0.5 2.0 0.5 1.6 3.5 2.0 3.6 0.5 2.9 2.2 1.9

MLP-Mixer [21] -2.2 -2.6 -2.0 -3.3 -1.5 -1.2 -0.5 -1.5 -2.5 -2.9 -5.9

SwinT [14] 11.0 11.9 8.8 11.5 15.6 13.8 14.4 12.7 15.6 10.0 17.7

ResNet-101 [9] 1.0 3.6 1.5 4.8 6.8 4.5 5.8 3.7 6.4 3.8 4.1

InceptionV4 [19] -3.6 -1.6 -5.2 -0.2 2.4 -1.9 -1.2 -3.0 0.9 0.1 -3.7

MEAL-V2 [18] 1.7 3.3 1.7 3.5 5.7 3.5 2.3 3.0 4.8 1.6 0.1

CutMix [25] -3.1 -2.2 -3.7 -0.8 1.0 -1.9 -5.5 -3.6 -0.3 -1.6 -5.8

Manifold [22] -2.9 -1.5 -2.7 -0.9 -0.1 -2.2 -2.8 -2.7 -1.6 -2.1 -4.6

ReLabel [26] -3.3 -3.3 -5.8 -1.8 0.3 -2.2 -3.9 -5.0 -1.4 -2.5 -5.1

IG-1B [23] 6.5 7.8 5.6 6.0 8.5 7.4 6.3 6.7 7.7 5.7 7.0

GV-D [17] 6.7 9.5 8.2 7.2 6.9 10.1 10.0 11.8 8.5 8.6 16.8

IN21K [10] 6.1 7.3 4.0 3.4 5.4 6.3 6.7 7.7 6.0 4.4 9.1

CLIP [15] 8.7 11.7 10.1 1.5 7.0 8.6 1.6 13.3 7.4 1.8 3.4

MoPro-V1 [12] 0.8 2.3 1.9 2.1 1.7 2.1 1.2 2.3 1.7 2.0 1.3

ViT B/16 [6] 8.6 9.6 8.0 8.1 12.1 10.5 14.3 10.6 11.8 10.9 14.5

PeCo RN50 0.6 3.2 1.0 1.8 1.3 2.4 2.6 2.7 2.3 2.6 2.7

ReCo RN50 1.7 3.6 1.9 1.9 1.8 3.2 3.4 2.7 2.7 3.4 2.5

PeCo RN101 3.3 4.5 3.3 4.6 4.4 4.5 5.2 4.6 4.7 2.7 5.0

ReCo RN101 3.5 5.2 2.7 4.8 5.3 5.2 4.5 5.2 5.7 4.8 4.4
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DINO [3] 5.0 6.6 6.1 6.1 5.5 4.3 6.4 6.5 4.7 2.7 4.6

MoCov2 [5] 1.9 1.2 1.8 -0.2 1.8 2.2 3.9 0.3 0.4 0.1 0.5

SwAV [2] 5.1 5.2 5.5 4.1 4.7 5.3 6.5 5.2 3.8 1.9 4.0

BarlowTwins [27] 3.1 5.2 4.0 5.0 3.3 3.6 4.6 3.2 4.2 1.5 2.6

SwAV-Places [2] 0.3 1.7 6.2 -0.8 5.3 1.9 5.8 -1.5 -0.2 -1.9 -1.2

MAE [8] -3.3 -2.6 -2.1 -1.0 -1.7 -2.3 -0.3 -2.4 -0.7 -2.7 -3.7

BeiT B/16 [1] -6.0 -7.4 -2.4 -7.2 -4.1 -3.6 -1.7 -2.2 -4.3 -4.2 -5.6

EfficientNetB4 [20] 3.4 -0.4 1.8 -1.5 1.8 1.6 3.5 0.5 -0.4 1.5 1.5

MLP-Mixer [21] -1.3 -3.8 0.4 -4.6 -0.9 -1.4 1.7 -2.0 -2.9 -2.4 -2.1

SwinT [14] 14.4 9.7 12.0 9.0 11.4 7.0 9.7 21.7 6.5 10.2 12.1

ResNet-101 [9] 5.6 1.0 3.4 0.3 3.3 -0.7 3.2 1.9 0.7 1.6 3.2

InceptionV4 [19] 0.2 -4.7 -1.8 -5.6 -1.0 -1.6 -2.2 -4.4 -2.1 -0.7 -1.9

MEAL-V2 [18] 4.5 0.5 2.4 0.3 3.1 1.2 2.4 0.8 1.1 1.3 2.3

CutMix [25] -0.4 -8.3 -1.6 -9.3 -0.6 -6.3 -1.5 -4.7 -5.5 -0.9 -3.2

Manifold [22] -1.3 -6.3 -2.0 -8.1 -1.1 -4.8 -1.6 -4.0 -3.1 -1.0 -2.7

ReLabel [26] -2.2 -6.5 -2.8 -8.1 -1.9 -4.7 -2.7 -4.4 -4.6 -0.9 -3.5

IG-1B [23] 8.0 5.2 6.2 4.3 6.0 4.2 6.1 5.0 3.1 4.4 6.1

GV-D [17] 9.0 15.2 11.1 19.2 9.0 10.6 10.9 16.9 19.9 7.6 11.1

IN21K [10] 7.6 7.0 6.6 4.8 5.9 4.8 6.2 12.5 3.1 4.6 6.2

CLIP [15] 10.2 6.7 13.8 6.7 11.4 3.9 10.7 7.5 10.9 7.9 7.8

MoPro-V1 [12] 2.4 0.8 3.0 1.2 2.4 1.3 2.4 2.6 1.8 0.9 1.8

ViT B/16 [6] 11.6 8.2 9.2 6.9 9.8 4.1 7.6 19.2 5.4 8.9 10.0

PeCo RN50 2.6 2.9 2.2 3.0 2.1 2.0 2.4 2.2 2.5 1.1 2.1

ReCo RN50 3.0 3.1 2.6 3.5 2.3 2.6 2.9 2.6 2.6 1.4 2.6

PeCo RN101 5.3 5.5 4.0 5.8 4.0 2.7 3.6 3.6 4.0 2.5 4.2

ReCo RN101 5.9 4.9 4.0 6.3 4.1 2.4 3.2 3.5 3.8 2.9 4.4
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