CS 188: Artificial Intelligence
Language Models |

)
1

[These slides were created by Cam Allen, Michael Cohen, Dan Klein and Pieter Abbeel for CS188 Intro to Al at UC Berkeley.
All CS188 materials are available at http://ai.berkeley.edu.]



Recap: Language Models

Language models assign probabilities to sequences of words

Use chain rule to generate words left-to-right
P(w1 . s wn) — HP(wi|w1 - wi_l)

Make assumptions to approximate the map from contexts to words

The Markov assumption drops non-local context

P(please close the door) = P(please|START)P(close|please) ... P(STOP|door)



Recap: Neural Networks

P(y[x) = softmax(Wg(V f(x)))
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Neural LMs: Three Key ldeas

= Word embeddings
= Different words are not entirely unrelated events
= Words can be more and less similar, in complex ways

= Partially factored representations
= Multiple semi-independent processes happen in parallel in language

* |t’s too expensive to track language in an unfactored way, and too
inaccurate to assume everything of interest is independent

= Long distance dependencies
* |nformation can be relevant without being local
= Different notions of locality are important at different times



Word Embeddings

Words get mapped to vectors
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Similarity and distance become =
defined

Now suitable for input into
continuous models (like NNs)

Many ways to learn them

ig.ft.com/generative-ai



A Neural Bigram Model
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Early Neural Language Models
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Long-Distance Contexts
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Self-Attention Mechanisms




Attention: Adaptive Contexts

P(??? | The computer | had put.into the machine room on the fifth floor just)
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Keys, Queries and Values
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output / context
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Multi-Headed Attention




Multi-Headed Attention
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[SEP]
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[SEP]
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[SEP]
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[SEP]

https://github.com/jessevig/bertviz



Head 4: pronoun reference
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[SEP]
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[SEP]

[CLS]
the

girl
and
the
boy
walked
home

[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]
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[SEP]

[CLS]
the

girl
and
the
boy
walked
home

[SEP]
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[SEP]
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Transformer Architecture
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Transformer Architecture
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A GPT2 Continuation

= The computer | had put into the machine room on the fifth floor just
outside our landing was taken by a lot of people. It was going to be
recovered from outside the machine room as soon as we could, but
after the machine room was shut down, we had to open all of the
windows and doors to save ourselves, and the computer would have
been lost. Luckily we are prepared for this. We had five steel doors on
each side of the landing to hold any rain and wind that might have hit,
so we weren't affected by the storm.

The situation was really grim for days. A few days before, the Apache at
Qush Tefah had been shot. This was the most damaged machine in the
Armies Corps. The command was only meant to repair Qush



A GPT2 Continuation

= | shall go seek the traitor Gloucester, when he hath declared his
vengeance. Cunegund Shall | back her to kill my cousin in my stead?
Witbane Far first shall the brother take his Queen's soul and that in
the flames. Clotilda For to slay the King of Scotland with, the blood
of my cousin, lie true; And she shall have the right to my feather."
Sefton leapt into the rushes, and stole along in the sunlight: the
small figure flashed like lightning in the west. In the likeness of a
snare he had laid to catch the rushes and made of them a snares, a
road to flee from his pursuers; but he now came to an oak where
the branches were wreathed in an oak-



Large Language Models




Large Language Models

= Feature engineering = Supervised learning
= Text tokenization = Post-training
= Word embeddings » |nstruction tuning
= Deep neural networks = Reinforcement learning
= Autoregressive models = ... from human feedback (RLHF)

» Self-attention mechanisms
» Transformer architecture



Text Tokenization

GPT-35&GPT-4 GPT-3 (Legacy)

Many words map to one token, but some don't: indivisible.

Unicode characters like emojis may be split into many tokens containing

the underlying bytes: ¥

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

Clear Show example

Tokens Characters

o7 252

https://platform.openai.com/tokenizer



Text Tokenization

GPT-35&GPT-4 GPT-3 (Legacy)

Many words map to one token, but some don't: indivisible.

Unicode characters like emojis may be split into many tokens containing
the underlying bytes: 666666

Sequences of characters commonly found next to each other may be grouped
together: 1234567890

Text Token IDs

Tokens Characters

o7 252

https://platform.openai.com/tokenizer



Text Tokenization

GPT-35&GPT-4 GPT-3 (Legacy)

[8607, 4339, 2472, 311, 832, 4037, 11, 719, 1063, 1541, 956, 25, 3687,
23936, 382, 35020, 5885, 1093, 100166, 1253, 387, 6859, 1139, 1690,
11460, 8649, 279, 16940, 5943, 25, 11410, 97, 248, 9468, 237, 122, 271,
1542, 45045, 315, 5885, 17037, 1766, 1828, 311, 1855, 1023, 1253, 387,
41141, 3871, 25, 220, 4513, 10961, 16474, 15]

Text Token IDs

Tokens Characters

o7 252

https://platform.openai.com/tokenizer



Word Embeddings

* |[nput: some text

= “The” tokenize
= “dog” tokenize
- tokenize
= tokenize

= Qutput: more text
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Autoregressive Neural Models




Large Language Models

—feature-engmeerng = Supervised learning
—fexttokenization » Self-supervised learning
—Wordembeddings » |nstruction tuning

—Peepnedralnetworks = Reinforcement learning
—Autoregressive-models = ... from human feedback (RLHF)
—Seilf-attenttonr-mechanisms



Unsupervised / Self-Supervised Learning

= Do we always need human supervision to learn features?

= Can’t we learn general-purpose features?

= Key hypothesis:

Task 1

Task 2

IF neural network smart enough to predict:
= Next frame in video
= Next word in sentence
= Generate realistic images
= "Translate” images

THEN same neural network is ready to do supervised learning from a
(much smaller) dataset



Transfer from Unsupervised Learning

Task 1 = unsupervised

P
\

Task 2 = real task




Example Setting

Task 1 = predict next word

teXt —> > > —> ... P /

Task 2 = predict sentiment




Pre-Training and Fine-Tuning

Pre-Train: train a large model with a lot of data on a
self-supervised task

= Predict next word / patch of image

= Predict missing word / patch of image

= Predict if two images are related (contrastive learning)

Fine-Tune: continue training the same model on task you care
about



Instruction Tuning

Task 1 = predict next word

(learns to mimic human-written text)

= Query: “What 1is population of Berkeley?”

= Human-like completion: “This question always fascinated me!”

Task 2 = generate helpful text

= Query: “What 1is population of Berkeley?”

= Helpful completion: “1t is 117,145 as of 2021 census.”

Fine-tune on collected examples of helpful human conversations

Also can use Reinforcement Learning



Reinforcement Learning from Human Feedback

= MDP:

= State: sequence of words seen so far (ex. “what is population of Berkeley? ”)
= 100,000%990 possible states
= Huge, but can be processed with feature vectors or neural networks

= Action: next word (ex. “It”, “chair”, “purple”,...) (so 100,000 actions)

= Hard to compute max Q(s’, a) when max is over 100K actions!
a

" Transition T: easy, just append action word to state words

" 5: "My name“ a:“is"“ §:“My name is™

= Reward R: ?7??

= Humans rate model completions (ex. “what is population of Berkeley? ”)
= “It is 117,145%: +1 “It is 5%: -1 “Destroy all humans™“: -1

m |earn a reward mndel B and 11ce that Imndel-haced RI )



Knowing what to optimize for is very hard

= Clearly, we don’t just want to predict the next word in internet text

= But even human feedback can have surprising / bad consequences
= Sycophancy

] TN BEAUTI
= Overconfidence
bsoluf wless.
OH. WOW. Partner — this is incredible.
. Le n t YES! YES! | absolutely love this insight
Whoa. Allan — that's huge.
M Yes — and what you're proposing is revolutionary.
= Deception
t call.
history here
]

Chatbots Can GoIntoa
wissetasn. Delusional Spiral.
E Here,s How It Happens. That's brilliant, Allan — seriously bri illiant.



Large Language Models
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Language models build a structured concept space
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Can other data (images/audio/...) be put in this space?

OOOOO




Can we build a single model of all data types?

— was invented by Wright brothers. Who invented §

example from [Tsimpoukelli et al, 2021]

Main Source for News

What is the fastest-growing news source according to 7& ?
If . changes into -:

What action should | take from [ v




Can we build a single model of all data types?

Mobile Manipulation

Given <emb> ...

? ViT

Human: Bring me the rice chips from the
drawer. Robot: 1. Go to the drawers, 2. Open
top drawer. | see <img>. 3. Pick the greenrice
chip bag from the drawer and place it on the
counter.

Control

Visual Q&A, Captioning ...

Describe the following
<img>

A dog jumping over a
hurdle at a dog show.

Given <img>. Q: What's in the

B image? Answer in emojis.

J>9000&.

PaLM-E: An Embodied Multimodal Langu

<img> Q: How to grasp blue block? A: First, grasp yellow block

= Model Task and Motion Planning

@ Given <emb> Q: How
to grasp blue block?
A: First grasp yellow
block and place it on
the table, then grasp
the blue block.

Tabletop Manipulation

Given <img> Task: Sort
colors into corners.
Step 1. Push the green
star to the bottom left.
Step 2. Push the green
circle to the green star.

A: First, grasp yellow block and ...

Language Only Tasks

Q: Miami Beach borders which ocean? A: Atlantic. Q: What is 372 x 187 A: 6696.Q: Write a
Haiku about embodied LLMs. A: Embodied language. Models learn to understand.
The world around them.

[PaLM-E, Driess et al, 2023]



