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Reminders

• Exam 2: Thu,  Nov 6, 7:00 pm – 9:00 pm
– Scope: Lectures 8 - 16

• Homework 7: Deep Learning & LLMs
– Out: Thu, Nov 6
– Due: Sun, Nov 16 11:59pm
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Peer Tutoring
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Tutor Tutee

better grades

deeper 
understanding

personal 
attention

better grades

mastery

Improved course for everyone



PROMPTING
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Zero-shot vs. Few-Shot

• Definition: in zero-shot learning we assume that training 
data does not contain any examples of the labels that 
appear in the test data

• Definition: in few-shot learning we assume that training data 
contains a handful (maybe two, three, or four) examples of 
each label
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Prompting
• Language models are trained to maximize the likelihood of 

sequences in the training data
• Most condition on the previous tokens to generate the next 

tokens

• Key idea behind prompting: provide a prefix string to the such 
that its likely completion is the answer you want
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Definition: An autoregressive language model defines a probability
distribution over sequences x1:T of the form:

p(x1:T ) =
T∏

t=1

p(xt | x1, . . . , xt−1)



Prompting Examples
Conditional 
Sampling:
To draw a sample, 
feed in a prompt 
(i.e. context) and 
then sample from 
the model 
conditioned on that 
prompt
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Prompt
(i.e. context)

Output
(i.e. generated 

poem)

Examples from GPT-3 paper

GPT-3

text completion



Prompting Examples
Conditional 
Sampling:
To draw a sample, 
feed in a prompt 
(i.e. context) and 
then sample from 
the model 
conditioned on that 
prompt
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Prompt

Model
Output

El último dueño de esta propiedad 
había sido un hombre soltero, que 
alcanzó una muy avanzada edad, y 
que durante gran parte de su 
existencia tuvo en su hermana una 
fiel compañera y ama de casa.

English translation:

The last owner of this property was 
a bachelor man who lived to a very 
advanced age, and who had his 
sister as a faithful companion and 
housekeeper for most of his life.

Llama-2-70B

Text from https://huggingface.co/datasets/opus_books/viewer/en-es

The late owner of this estate was a 
single man, who lived to a very 
advanced age, and who for many 
years of his life, had a constant 
companion and housekeeper in his 
sister.

English 
source 
from 

Sense & 
Sensibility

translation



Prompting Examples
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Prompt Model
Output

Rhodochiton is a genus of flowering 
plants within the family 
Plantaginaceae, native to southern 
Mexico and neighbouring Guatemala. 
They climb by means of twining leaf 
stalks. One of the three species, 
"Rhodochiton atrosanguineus", the 
purple bell vine, is grown as an 
ornamental plant. All three species 
are sometimes included in 
"Lophospermum".

Question: You can find the purple bell 
vine in more than one country. True, 
False, or Neither?

Answer: True.

Explanation: The purple bell vine 
(Rhodochiton atrosanguineus) is 
native to southern Mexico and 
neighbouring Guatemala, which 
means it can be found in more than 
one country.

Llama-2-70B

Text from https://huggingface.co/datasets/facebook/anli

Correct Answer True.

question answering
(entailment)



Prompting Examples
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Llama-2-70B

Story text from https://arxiv.org/pdf/1910.00998.pdf

Prompt

Model
Output

Story: Jason listened to the weather 
and heard it was goingto be sunny. He 
thought the kids might like to 
goswimming. He gathered up the 
swimsuits, towelsand sunscreen. 
Jason and the kids got into the 
truckand drove to the beach. They 
spent the next 2 hoursplaying and 
splashing in the surf.

One-sentence Summary:

Jason took the kids swimming at the 
beach after hearing the weather 
forecast, gathering necessary items 
and driving there.

summarization



What else can a large LM (attempt to) do?

Using the idea of 
prompts, we can 
apply LMs to a 
variety of 
different 
problems in 
natural language 
processing.

In the zero-shot 
setting, we 
simply feed the 
context to the 
model and 
observe how it 
completes the 
sequence. (i.e. 
there is no 
additional 
training)
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Answer fact-based questions:

Complete sentences logically:

Complete analogies:

Reading comprehension:

Examples from GPT-3



Zero-shot LLMs
• GPT-2 (1.5B parameters) 

for unsupervised 
prediction on various 
tasks

• GPT-2 models 
p(output | input, task)
– translation: (translate to 

french, english text, 
french text)

– reading comprehension: 
(answer the question, 
document, question, 
answer)

• Why does this work?

15
Figures from Radford et al. (2019)



Zero-shot LLMs
• GPT-2 (1.5B parameters) 

for unsupervised 
prediction on various 
tasks

• GPT-2 models 
p(output | input, task)
– translation: (translate to 

french, english text, 
french text)

– reading comprehension: 
(answer the question, 
document, question, 
answer)

• Why does this work?
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Figures from Radford et al. (2019)



IN-CONTEXT LEARNING
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Few-shot Learning with LLMs

• Definition: fine-tune the LLM on the training data 
using… 
– a standard supervised objective
– backpropagation to compute gradients
– your favorite optimizer (e.g. Adam) 

• Pro: fits into the standard ML recipe
• Pro: still works if N is large
• Con: backpropagation requires ~3x the memory 

and computation time as the forward 
computation

• Con: you might not have access to the model 
weights at all (e.g. because the model is 
proprietary)

Option B: In-context learning

• Definition: 
1. feed training examples to the LLM as a 

prompt
2. allow the LLM to infer patterns in the training 

examples during inference (i.e. decoding)
3. take the output of the LLM following the 

prompt as its prediction
• Con: the prompt may be very long and 

Transformer LMs require O(N2) time/space where 
N = length of context

• Pro: no backpropagation required and only one 
pass through the training data

• Pro: does not require model weights, only API 
access 18

Option A: Supervised fine-tuning

Suppose you have…
• a dataset D = {(xi, yi)}i=1

N and N is rather small (i.e. few-shot setting)
• a very large (billions of parameters) pre-trained language model
There are two ways to “learn”

This section!



Few-shot
In-context 
Learning
• Few-shot learning can 

be done via in-
context learning

• Typically, a task 
description is 
presented first

• Then a sequence of 
input/output pairs 
from a training 
dataset are 
presented in 
sequence

19
Figure from https://arxiv.org/pdf/2310.09881.pdf



Few-shot
In-context 
Learning
• Few-shot learning can 

be done via in-
context learning

• Typically, a task 
description is 
presented first

• Then a sequence of 
input/output pairs 
from a training 
dataset are 
presented in 
sequence

20
Figure from http://arxiv.org/abs/2005.14165 



LEARNING PARADIGMS
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Learning Paradigms
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Learning Paradigms
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Learning Paradigms
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Learning Paradigms
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Learning Paradigms
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Learning Paradigms
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Learning Paradigms
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REINFORCEMENT LEARNING
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Source: https://www.xkcd.com/242/ 

Reinforcement Learning
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https://www.xkcd.com/242/


RL: Examples

32
Source: https://techobserver.net/2019/06/argo-ai-self-driving-car-research-center/Source: https://www.cnet.com/news/boston-dynamics-robot-dog-spot-finally-goes-on-sale-for-74500/

Source: https://www.wired.com/2012/02/high-speed-trading/Source: https://twitter.com/alphagomovie



AlphaGo
33Source: https://www.youtube.com/watch?v=WXuK6gekU1Y&ab_channel=DeepMind



History of Reinforcement Learning
• Roots in the psychology of animal learning (Thorndike,1911).

• Another independent thread was the problem of optimal 
control, and its solution using dynamic programming (Bellman, 
1957).

• Idea of temporal difference learning (on-line method), e.g., 
playing board games (Samuel, 1959).

• A major breakthrough was the discovery of Q-learning (Watkins, 
1989).

36© Eric Xing @ CMU, 2006-2011



Reinforcement Learning Overview

Overview
• What sets RL apart:

– RL must learn how to take many actions in 
sequence over many steps

– An RL agent learns by trial and error (not exactly 
supervised)

– Training signal comes from rewards, which can 
be very delayed

– Actions may influence future reward, not just the 
immediate reward

• The goal: 
– To learn a policy that maximizes some value 

function 

Outline
• Problem formulation 

– Time discounted cumulative reward
– Markov decision processes (MDPs)

• Key components:
– policy: map from states to actions
– reward function: maps a state (or state-action 

pair) to a numerical reward
– value function: the value of a state (or state-

action pair) is the expected future reward from 
following a policy from there

• Algorithms:
– Value & policy iteration (dynamic programming)
– (Deep) Q-learning (temporal difference learning)
– Policy Gradient

40
Slide adapted from Eric Xing and Henry Chai 



Example: Robot in a Room
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• 𝒮= all empty squares in 
the grid

• 𝒜= {up, down, left, right}
• Deterministic transitions
• Rewards of +1 and -1 for 

entering the labelled 
squares

• Terminate after receiving 
either reward

+1

-1

START

Example adapted from Eric Xing



+1

-1

Example: Robot in a Room
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Poll Question: 
Is this policy optimal: yes 
or no? Briefly justify your 
answer.

Answer: (Hint: both yes 
and no are acceptable 
answers, I’m interested in 
your justification.)

Example adapted from Eric Xing

• 𝒮= all empty squares in 
the grid

• 𝒜= {up, down, left, right}
• Deterministic transitions
• Rewards of +1 and -1 for 

entering the labelled 
squares

• Terminate after receiving 
either reward



+1

-1

Example: Robot in a Room
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Example adapted from Eric Xing

• 𝒮= all empty squares in 
the grid

• 𝒜= {up, down, left, right}
• Deterministic transitions
• Rewards of +1 and -1 for 

entering the labelled 
squares

• Reward for each step 
is –2

• Terminate after receiving 
either reward

This is an optimal policy



+1

-1

Example: Robot in a Room
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Example adapted from Eric Xing

• 𝒮= all empty squares in 
the grid

• 𝒜= {up, down, left, right}
• Deterministic transitions
• Rewards of +1 and -1 for 

entering the labelled 
squares

• Reward for each step 
is –0.1

• Terminate after receiving 
either reward

This is an optimal policy



+1

-1

Example: Robot in a Room
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Example adapted from Eric Xing

• 𝒮= all empty squares in 
the grid

• 𝒜= {up, down, left, right}
• Deterministic transitions
• Rewards of +1 and -1 for 

entering the labelled 
squares

• Reward for each step 
is –0.01

• Terminate after receiving 
either reward

• Stochastic transitions:
– If we take the action “up”
– Then our actual movement 

follows a probability 
distribution:

75% up
10% left
10% right
5% down

• This implies stochastic 
rewards as well (i.e. 
reward is determined by 
where we end up)

This is an optimal policy



MARKOV DECISION PROCESSES
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RL: Components
From the Environment (i.e. the MDP)
• State space, 𝒮
• Action space, 𝒜
• Reward function, 𝑅 𝑠, 𝑎 , 𝑅 ∶ 	𝒮	×	𝒜 → ℝ
• Transition probabilities, 𝑝 𝑠!	 𝑠, 𝑎)

– Deterministic transitions:

𝑝 𝑠!	 𝑠, 𝑎) = /1	if	𝛿 𝑠, 𝑎 = 𝑠′
0	otherwise	

where 𝛿 𝑠, 𝑎  is a transition function

From the Model
• Policy, 𝜋 ∶ 𝒮 → 𝒜
• Value function, 𝑉": 𝒮 → ℝ

– Measures the expected total payoff of starting in some state 𝑠 and 
executing policy 𝜋

– Def.: we execute a policy 𝜋 by taking action 𝑎 = 𝜋 𝑠 when in state 𝑠 47

Markov Assumption
p(st+1 | st, at, . . . , s1, a1)

= p(st+1 | st, at)



Markov Decision Process (MDP)

• For supervised learning the PAC learning framework 
provided assumptions about where our data came from:

• For reinforcement learning we assume our data comes from 
a Markov decision process (MDP)

48



Markov Decision Processes (MDP)
In RL, the source of our data is an MDP:

1. Start in some initial state 𝑠# ∈ 𝒮
2. For time step 𝑡:

1. Agent observes state 𝑠$ ∈ 𝒮
2. Agent takes action 𝑎$ ∈ 𝒜 where 𝑎$ = 𝜋 𝑠$
3. Agent receives reward 𝑟$ ∈ ℝ where  𝑟$ = 𝑅 𝑠$, 𝑎$
4. Agent transitions to state 𝑠$%& ∈ 𝒮 where 𝑠$%& ∼ 𝑝 𝑠!	 𝑠$, 𝑎$)	

3. Total reward is ∑$'#( 𝛾$𝑟$	
– The value 𝛾 is the “discount factor”, a hyperparameter 0 < 𝛾 < 1

• Makes a Markov assumption: the next state only depends on the current state and action.

49



RL: Components
From the Environment (i.e. the MDP)
• State space, 𝒮
• Action space, 𝒜
• Reward function, 𝑅 𝑠, 𝑎, 𝑠′ , 𝑅 ∶ 	𝒮	×	𝒜	×	𝒮 → ℝ
• Transition probabilities, 𝑝 𝑠!	 𝑠, 𝑎)

– Deterministic transitions:

𝑝 𝑠!	 𝑠, 𝑎) = /1	if	𝛿 𝑠, 𝑎 = 𝑠′
0	otherwise	

where 𝛿 𝑠, 𝑎  is a transition function

From the Model
• Policy, 𝜋 ∶ 𝒮 → 𝒜
• Value function, 𝑉": 𝒮 → ℝ

– Measures the expected total payoff of starting in some state 𝑠 and 
executing policy 𝜋

50

Markov Assumption
p(st+1 | st, at, . . . , s1, a1)

= p(st+1 | st, at)

(Stochastic Rewards)



Markov Decision Processes (MDP)
In RL, the source of our data is an MDP:

1. Start in some initial state 𝑠# ∈ 𝒮
2. For time step 𝑡:

1. Agent observes state 𝑠$ ∈ 𝒮
2. Agent takes action 𝑎$ ∈ 𝒜 where 𝑎$ = 𝜋 𝑠$
3. Agent receives reward 𝑟$ ∈ ℝ where  𝑟$ = 𝑅 𝑠$, 𝑎$, 𝑠$%&
4. Agent transitions to state 𝑠$%& ∈ 𝒮 where 𝑠$%& ∼ 𝑝 𝑠!	 𝑠$, 𝑎$)	

3. Total reward is ∑$'#( 𝛾$𝑟$	
– The value 𝛾 is the “discount factor”, a hyperparameter 0 < 𝛾 < 1

• Makes the same Markov assumption we used for HMMs! The next state only depends on the 
current state and action.

• Def.: we execute a policy 𝜋 by taking action 𝑎 = 𝜋 𝑠 when in state 𝑠

51

(Stochastic Rewards)



EXPLORATION VS. EXPLOITATION
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Exploration vs. Exploitation Tradeoff
• In RL, there is a tension between two strategies an agent can follow when 

interacting with its environment:
– Exploration: the agent takes actions to visit (state, action) pairs it has not 

seen before, with the hope of uncovering previously unseen high reward 
states

– Exploitation: the agent takes actions to visit (state, action) pairs it knows to 
have high reward, with the goal of maximizing reward given its current 
(possibly limited) knowledge of the environment

• Balancing these two is critical to success in RL!
– If the agent only explores, it performs no better than a random policy
– If the agent only exploits, it will likely never discover an optimal policy

• One approach for trading off between these: 
the 𝜖-greedy policy
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MDP Example: Multi-armed bandit
Bandit 1 Bandit 2 Bandit 3

1 4 1

1 0 0

1 0 3

1 0 2

0 0 4

1 5 2

0 0 1

1 5 4

1 0 0

1 5 3

1 0 3

0 5 1
54

•Single state: 𝒮 = 1
•Three actions: 𝒜 = 1, 2, 3
•Deterministic transitions
•Rewards are stochastic

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???

??? ??? ???



RL OBJECTIVE FUNCTION
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RL: Objective Function
• Goal: Find a policy 𝜋 ∶ 𝒮 → 𝒜	 for choosing “good” actions that maximize: 

𝔼 total	reward = 𝔼 J
$'#

(

𝛾$𝑟$

• The above is called the 
   “infinite horizon expected future discounted reward”

• Can we define other notions of optimality?
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