Learning Transferable Visual
Models From Natural Language
Supervision
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Approach:
1. natural language supervision
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3. selecting an efficient pre-training method
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featuresE &0
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iv. cosine similarityS logit2 2 2 0| logite| HLIE MHst7| 2%t
temperature parameter 1= F7|2tC}. Ol 1= hyperparameter?} Ol St

s7tstt .

v. Cosine similarityZ logit 2211 CE lossE #&

vi. Cosine similarity?| CHZt A 22 Z[CHE 10 2|2 MEE2 XAR Jt= Wy
2 3t&(contrastive learning)
(1) Contrastive pre-training
Fepper the ‘
aussie pup > En-:::u:;gr

v h J v v
I 1 ]'1 T: [N
—» I LTy | LT | LTy | I Ty
—)l- 12 [2"J'| |1 |2 |.2"]".| 13"]'};
> e » b | | LT LT | BTy | . LTy

Iy Ty T2 [ InTa 0 L |[InTw

# OpenAI/CLIP 34| ZE 7i=fg}

# image_input.shape = [batch_size, channels, height, width]
# text_input.shape = [batch_size, context_length]

# Image_encoder? Text_encoderE 0|23l features AMA
image_features = image_encoder(image_input) # [batch_size, embeddings_dim]
text_features = text_encoder(text_input) # [batch_size, embeddings_dim]

# Cosine similarity AiM

# 2 featuresS2 0|2| L2_normeE LIHELE.

image_features /= image_feautres.norm(dim=-1, keepdim=True)
text_features /= text_feautres.norm(dim=-1, keepdim=True)
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# Dot product
similarity = image_featrues @ text features.t() # [batch_size, batch_size]

# Scaling by temperature parameter
similarity = similarity * np.exp(t)

Cosine similarity between text and image features

a page of text about segmentation- 035

a black-and-white silhouette of a horse

a facial photo of a tabby cat

a cup of coffee on a saucer

a rocket standing on a launchpad

a person looking at a camera on a tripod

a portrait of an astronaut with the American flag

a red motorcycle standing in a garage

Figure 3. Example of cosine similarity between text and image features

d. choosing and scaling a model
i. i 22 encoder0 image encoder, text encoder =Y.
i. image encoder?| 22 F£7tX|7t /U

1. resnet-50 base 2 ResNetDOA AFEEl 7| 1} rect-2 blur poolingS X
8311, global average pooling layerE attention pooling layer2 #H&
ZUCE 47| A attention pooling transformerd|A] ALEE|= MSAE 0|8
StE| O] of Query2 S0{7H= 242 global average pooling2| Z2t0|C}.

2. vision transformer (ViT) base = 7|2|'_S ViTE JEHE ol'gsl'xll-l} ]IHX|9|-
position embeddingsE Edt= 220 A LayerNormS F7teh 243t of
Zt CtZ initialization schemeS 0| &.
jii. text encodere transformer AM&. L = 12, d,,04qe; = 512, h =82 4
A3l 63M-parameterE 7|2 AO| X2 A2, HABRES T2{sH ARAO| |
CH 20|12 7622 MA.

iv. scaling a model &H
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Envioronment:
o AdamW optimizer 0| &. GainZ} biasE H|2|gt 2 &= weightsOll HE.
« Cosine annealing learning rate scheduler At&.
o ResNet-502 baselineRE & 222 1 epoch 7|E2E hyperparameter tuning.
o O 3 REES2 AMEO| LYF B0} heuristicSHA| hyperparameter tuning.

« Temperature parameter2! 1= 0.070| A A|Zt5t, O] 101 2|3l logitsZ 1008H 0]&f
AHX|= A2 s e e 2ls €.

o Batch_size= 32768Z AME. (HOtO{O}SICL.)
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Experiments:
1. Zero-shot Transfer

a. motivation
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b. Using CLIP for Zero-Shot Transfer

(2) Create dataset classifier from label text
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c. prompt engineering and ensembling
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