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It’s cold today! Don’t forget to wear a ______. 

The ____________ is a popular tourist attraction in Seattle.

I missed ___ bus. 

I had 3 pencils and lost one so now I have ______ pencils. 
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It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed ___ bus. 

I had 3 pencils and lost one so now I have ______ pencils. 

Language Models



It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have ______ pencils. 

Language Models



It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have two pencils. 

Language Models





Encoder Only: Capture the meaning of an entire sequence
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Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
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Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
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Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
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Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

Outputs:
context vectors: y (shape: Dv)



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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the y vectors contain?



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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What information do 
the y vectors contain?

Nothing, yet! 



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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the y vectors contain?



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

I Love Cake

What information do 
the y vectors contain?

Just copying input



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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How to we force this 
model to learn 
semantic/factual/gram
matical/logical 
information?



Language Models

It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have two pencils. 



Language Models

It’s cold today! Don’t forget to wear a jacket. 

The Space Needle is a popular tourist attraction in Seattle.

I missed the bus. 

I had 3 pencils and lost one so now I have two pencils. 

Semantic
Factual

Grammatical
Logical



Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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Encoder Only: Capture the meaning of an entire sequence
Example Model: BERT
Input: Text sequence
Output: Feature Vector
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Randomly select 15% of 
tokens. 

80% - [MASK]
10% - random token
10% - keep same



Encoder Only: Capture the meaning of an entire sequence

Decoder Only: Generate text based on previously generated text

Encoder-Decoder: Generate text based on previously generated text and the 
meaning of a separate sequence sequence

I love cake

I love 

I love cake me gusta 
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Decoder Only: Generate text based on previously generated text

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

x2

x1

x0

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0



Decoder Only: Generate text based on previously generated text
Input: Text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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future words

I

[Start]

Love



Decoder Only: Generate text based on previously generated text
Input: Text sequence
Output: Completed text sequence
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Decoder Only: Inference
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Decoder Only: Inference

mul(→) + add (↑)

q0

softmax (↑)

y1

I
e1,0

e0,0

a1,0

a0,0

e1,1

e0,1

a1,1

a0,1

q1

y0

k1

k0

v1

v0

I Love

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

I Love Cake

I

[Start]

Love
I

[Start]



Encoder Only: Capture the meaning of an entire sequence

Decoder Only: Generate text based on previously generated text

Encoder-Decoder: Generate text based on previously generated text and the 
meaning of a separate sequence 

I love cake

I love 

I love cake me gusta 



Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 
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Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

a2,0

a1,0

a0,0

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2



Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

me

a2,0

a1,0

a0,0

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2



Encoder-Decoder: Generate text based on previously generated 
text and the meaning of a separate sequence 

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

Cake

Love

I

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

mul(→) + add (↑)

A
lig

nm
en

t

q0

A
tte

nt
io

n

softmax (↑)

y1

e2,0

e1,0

e0,0

a2,0

a1,0

a0,0

e2,1

e1,1

e0,1

e2,2

e1,2

e0,2

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2

q1 q2

y2y0

k2

k1

k0

v2

v1

v0

me gusta

me

a2,0

a1,0

a0,0

a2,1

a1,1

a0,1

a2,2

a1,2

a0,2



Which of the three options is GPT?



Which of the three options is GPT?     Decoder Only!



Which of the three options is GPT?     Decoder Only!

Encoder-Decoder: Generate text based on previously generated text and the 
meaning of a separate sequence sequence

I love cake me gusta 

Decoder Only: Generate text based on previously generated text

English: I Love Cake Spanish:
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GPT-3

“Context”

In-Context Learning

Brown et al “Language Models are Few-Shot Learners”
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Wei et al “Chain-of-Thought Prompting Elicits Reasoning in Large Language Models”



Language Models
Encoders vs Decoders vs Encoder-Decoder Models

Prompting (zero-shot, in-context, chain-of-thought)

Vision + Language Models

CLIP training + inference

Results + Robustness

My prior work
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Vision + Language

Text pretraining task: Given previous words, pick the next word

Text + Vision: Where can we get large amounts of image and text data?

https://en.wikipedia.org/wiki/Mount_Rainier
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SimCLR

list of positive pairs



SimCLR

list of positive pairs

Each 2k and 2k + 1 
element is a positive pair
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CLIP Training (from the CLIP paper)

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”



CLIP Inference (from the CLIP paper)
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CLIP Inference (from the CLIP paper)

Radford et al “Learning Transferable Visual Models From Natural Language Supervision”





After training on ~1,000,000 labeled ImageNet train images



After training on ~1,000,000 labeled ImageNet train images

After training on 0 
labeled ImageNet train 
images (but many other 
“unlabeled”  images)













AI-Chaining
(aka a plug for my own past work)



AI-Chaining
(aka a plug for my own past work)









Thank you!


