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CLIP: Connecting
Text and Images

We're introducing a neural network called CLIP which efficiently
learns visual concepts from natural language supervision. CLIP
can be applied to any visual classification benchmark by simply
providing the names of the visual categories to be recognized,

similar to the “zero-shot"” capabilities of GPT-2 and GPT-3.
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DATASET

ImageNet Sketch

ImageNet Adversarial
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Effective
robustness

+6%

+51%
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» Very large improvements in cgut—of—distribution robustness.



How 1o I1solate source of robustness?

CLIP: Connecting
Text and Images

We're introducing a neural network called CLIP which efficiently
learns visual concepts from natural language supervision. CLIP
can be applied to any visual classification benchmark by simply
providing the names of the visual categories to be recognized,
similar to the “zero-shot” capabilities of GPT-2 and GPT-3.
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CLIP Standard ImageNet Models (ResNet50 etc..)

More Robust to ImageNet distribution shifts Not Robust to ImageNet distribution shifts

Uses Contrastive Loss to optimize Uses cross entropy loss to optimize
Uses Language Supervision at training time No language supervision at training time
400M examples .2 Million training examples
Trained on private image-caption training-set Trained on ILSVRC 2012 training set




Hypotheses for CLIP's Robustness

® | arge training set size

® [raining distribution

® | anguage supervision at training time

® | anguage supervision at test time (prompts)

e Use of contrastive loss functions
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Main Findings

e Changing the training distribution affects robustness

® Presence of language supervision does nhot affect robustness




YFCC-15M

e |5M Subset of publicly avallable YFCC-100M dataset explicitly used
in OpenAl CLIP training

e [Dataset of Image-Caption pairs sourced from Flickr

one of the aerial: cinematic viewof alake a forestof landscape newly built the public a coftage in
most woman aerial shotof  and pine stunted trees  with mown smallhouse  house the
dramatic waving her the dramatic  forest thatstand in grassanda  nextto the traditional picturesque
mountain armsonthe  coaslineat sharp haystack seaandthe  pubinold village
ranges| have rock the cliffs contrast ... beach buildingon

seen comer



cxperimental Setup

Supervised Contrastive
(Without Language) (With Language)

ImageNet Standard | ImageNet-Captions
(Baseline) + CLIP (Us)

ImageNet

YFCC Hardmatch | YFCC-15M C
+ NoCLIP (Us) (Baseline)

YFCC




ImageNet-Captions Examples

Title: Reflected Duck Title: SILENT ROCKER Title: A Phone Call at Night
Description: Description: MOSE’ S MOTHER HAS Description: I might have a
Tags: 1ake, water, bird [6 tags LEFT THE BuILDING [10 words thing with telephones [174
omitted] omitted] words omitted]
Tags: rockingchair, rock, chair Tags: phone, telephone,
[2 tags omitted] blackandwhite [7 tags omitted]

® | arge portions of ImageNet are still on Flickr

o Queried text data from Flickr API, restrict to ILSVRC 20172, run
image deduplication (463,622 images)
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Robustness under distribution shift
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Robustness under distribution shift
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Robustness under distribution shift
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Robustness under distribution shift
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Linear fit (CLIP zero-shot)
YFCC CLIP

ImageNet-Captions CLIP
YFCC SImCLR + Classification



e Contrastively trained model on

magenet-Captions 1s not
robust

e (|assification trained model on

YFCC-15M is robust

Results

Robustness under distribution shift
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Linear fit (CLIP zero-shot)
YFCC CLIP
ImageNet-Captions CLIP
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Prompts and Contrastive Loss

Effect of test time prompts
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Yy =2x

_inear fit (ImageNet classification)
mageNet classification

Linear fit (CLIP zero-shot)

CLIP zero-shot

Prompt variations

Interpolation with a random classifier
SimSiam

SimCLRv2

SwAV



Conclusion

Hypotheses:
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® Training distribution
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o Modelarehftectureanga-size (Radford et al.)
Promising future research directions in dataset design and analysis
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