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Announcements

• HW3 Final submission due April 21, 11.59 p.m. 

• HW4 will be released on April 22. 



Today

• Recap: Pre-training, Task-specific Fine-tuning 

• Prompting 

• Zero-shot 

• Few-shot 

• Chain-of-thought 

• Post-training 

• Instruction Tuning / Supervised Fine-tuning for general tasks.  

• Reinforcement Learning for Alignment



Recap: Pre-training, Task-specific Fine-tuning

• Pre-train the model on a large corpus of text with next-token prediction 
objective (decoder) or masked language modeling objective (encoder) 

• GPT2/GPT3 are decoder-only language models trained on NTP. 

• BERT is an encoder-only model trained on MLM.  

• Last-lecture:  

• Pre-training teaches the model general language capabilities.  

• Fine-tuning specializes it for specific tasks.



Recap: Task-specific Fine-tuning

• Let  be a pre-trained decoder model.  

• We want to train this model for question answering (given a question , 
generate an answer . How do we fine-tune this model? 

• We want to train this model for sentiment classification (given a paragraph x, 
predict a sentiment  . How do we fine-tune 
this model?

M0

q
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y ∈ {positive, negative, neutral} a)

See Written Notes

See Written Notes



Recap: Task-specific Fine-tuning

• Task-specific fine-tuning only specializes the model for one downstream task.  

• Post-GPT3, there was a shift towards building general-purpose models that can 
solve *any* task at test time. 

• How do we build such models? 



Prompting - Zero- and Few-shot

• Approach 1: Use the general-purpose pre-trained model with zero-/few-shot 
learning to adapt to different tasks at inference time.  

• First shown to work successfully with GPT3.  

• Why this works: Pre-trained models are exposed to a lots of downstream tasks in 
pre-training. We just need to extract that behavior. 

• Two main paradigms 

• Zero-shot prompting (the task is described in words) 

• Few-shot prompting (exemplars are given in-context, i.e. in the prompt) 



Zero-shot prompting

• Let’s focus on classification tasks 

• Input x, want to predict label y from a label set.

• Example: x = “The restaurant ambience was great but the food was a little bland” 
• Wrap this in a verbalizer v 

LLM

Neutral

Review: The restaurant ambience was great but the food was a little bland 
Choose from the following sentiment labels for this review: Positive, Negative, Neutral

Slide from Greg Durrett.



Multiple ways to do classification with Zero-shot prompting

LLM

Neutral

Review: The restaurant ambience was great but the food was a little bland 
Choose from the following sentiment labels for this review: Positive, Negative, Neutral

- Approach 1: Generate from the model and match answer 
against out label set.  

- What can go wrong?

Model does not follow the instruction, generates something else.

“The person seemed to like the restaurant which would indicate he is positive about the 
restaurant but maybe the food is the more important factor, so it should be negative”

Slide from Greg Durrett.



Multiple ways to do classification with Zero-shot prompting

LLM

Neutral

Review: The restaurant ambience was great but the food was a little bland 
Choose from the following sentiment labels for this review: Positive, Negative, Neutral

- Approach 2: Create templates: <input> The review is 
[positive/negative/neutral] 

- Compare P(positive | context), P(negative | context), P(neutral | 
context) 

- You only compare between valid examples.

Slide from Greg Durrett.



Issues with Zero-shot Prompting

• Different verbalizations may lead to different outputs. 

Gonen et al., 2022Slide from Greg Durrett.



Issues with Zero-shot Prompting
• OPT-175B: average of best 50% of the 

prompts much higher than the overall 
average. 

• How do we standardize evaluation if 
different prompts work for different 
models?

Gonen et al., 2022Slide from Greg Durrett.



Issues with Zero-shot Prompting
• OPT-175B: average of best 50% of the 

prompts much higher than the overall 
average. 

• How do we standardize evaluation if 
different prompts work for different 
models? 

• Prompt-optimization: There’s some 
work on finding prompts that would 
lead to the best performance (can be 
done automatically or manually).

Gonen et al., 2022Slide from Greg Durrett.



Few-shot Prompting

• Let’s focus on classification tasks 

• Input x, want to predict label y from a label set. 

• Include a small “training dataset” in the prompt, ie (x,y) pairs that demonstrate 
the task. 



Few-shot Prompting
Review: The restaurant ambience was great but the food was a little bland 
Sentiment: Neutral 

Review: The movie was great! Loved the action scenes.  
Sentiment: Positive 

Review: Went to see that movie, total waste of time.  
Sentiment: Negative 
…. 

Review: The new renovations have been great, and the food quality has remained 
same if not better

LLM Neutral



Few-shot Prompting: Potential Issues?

• Context demonstrates the label space through examples. What can go wrong 
here? 

• Skewed label distribution: If my training data has more +ves than -ves, will the 
model “learn” a prior that more reviews are positive? 

• Which training examples are chosen matter.

‣ Variance observed with different 
random subsets of the training 
examples chosen as context.  

‣ Note: Results with GPT-3, instruct 
models reduce this behavior.

Zhao et al., 2021Slide from Greg Durrett.



Few-shot Prompting: Potential Issues?

• Context demonstrates the label space through examples. What can go wrong 
here? 

• The order of the data can matter.

‣ Variance observed when varying the 
order of the same training set (each x 
axis point corresponds to one training 
set)

Slide from Greg Durrett.



Takeaways

• Zero- and few-shot are very performant ways of eliciting task-specific behaviors 
from powerful LLMs.  

• Prompt-optimization matters!!  

• The results can be different based on both the verbalization and the 
exemplars. Tune these well!!



Chain-of-thought Prompting

• Motivation? 
• ESNLI 
• Additionally ingesting explanation/rationales should improve performance.  
• Where do we get these? Can we ask GPT3 to generate?



Chain-of-thought Prompting

• More concrete examples where rationales / intermediate reasoning steps help. 



Chain-of-thought Prompting
• How do we prompt models to generate this chain-of-thought? 

• Few-shot examples with explanations (Wei et al., 2022)

• Improvements on reasoning tasks 

• CoT capability 
“emerges” with 
scale.



Chain-of-thought Prompting
• How do we prompt models to generate this chain-of-thought? 

• Few-shot examples with explanations (Wei et al., 2022)

• Improvements on reasoning tasks 

• CoT capability 
“emerges” with 
scale.



Chain-of-thought Prompting
• Do we need Few-shot prompting to elicit chain of thought? 

• “Large Language Models are Zero-Shot Reasoners” Kojima et al, 2023



Chain-of-thought Prompting
• Do models “use” the reasoning chains as expected? i.e. does the correctness of the 

reasoning chain matter? 

• Perturb the explanations in two ways: 
• Perturb Computational Trace 
• Perturb Natural Language

Ye and Durrett (2022)Slide from Greg Durrett.



Chain-of-thought Prompting
• Perturbed / Incorrect explanations do lead to worse performance. 
• Incorrect explanations still improve over no explanations.

Ye and Durrett (2022)Slide from Greg Durrett.



Other perspectives on Prompting

• Main benefit from chain-of-thought is extra computation.  

• Experiments that failed: 
• Replace “explanation tokens” with “..” in the input during inference. 

Did not work. 

‣ Idea: Pre-train/fine-tune with pause tokens.
Goyal et al (2024)



Pause Tokens

• When pre-trained + fine-tuned with pause tokens, improves 
performance.

Goyal et al (2024)



To CoT or not to CoT?

• Most of the improvement from CoT was for reasoning tasks,

Sprague et al, 2025



Takeaways

• Chain-of-thought works well for reasoning-adjacent tasks.  
• Tons of more complicated prompting techniques studied.  

• Chain-of-thought prompting was seen to emerge with scale.  
• Now, models are trained to generate chain-of-thought. 



Post-training

• Pre-GPT3: 
• Get pre-trained language models. (General purpose, trained on LM objective) 
• Fine-tune them on task-specific objectives/data. 

• GPT-3 
• Get pre-trained language models. (General purpose, trained on LM objective) 
• Use zero-/few-shot learning to adapt to different tasks at inference time.  

• Post-training 
• Get pre-trained language models. (General purpose, trained on LM objective) 
• Post-tune (not necessarily on task-specific data). We still want general-

purpose models after this step.



Post-training

• Instruction tuning: supervised data (x, y*)  
• Input x: Who won the 2024 Cricket World Cup? 
• Output y: India 

• Preference data: (x, y+, y-) 
• Input x: who won the 2024 Cricket World Cup? 
• Output preferred y+: India 
• Output dis-preferred y-: Australia

Instruction-tuning and fine-
tuning used interchangeably.

Typically, a human decides 
which output is preferred, 
hence alignment with human 
preferences. We will discuss 
this later.



Instruction Tuning

• What data should we instruct-tune/fine-tune on?

Combine popular NLP tasks. 
Include a prompt for task 
identification.



Instruction Tuning

• What data should we instruct-tune/fine-tune on?

Evaluate on a held-out set of 
“tasks” not seen during pre-
training.  
Helps evaluate task generalization.



Instruction Tuning

• What data should we instruct-tune/fine-tune on? 
• PaLM (google’s 540B LM) also instruction-tunes on a wide range on 

NLP tasks.



Instruction Tuning

• Limitations: 
• Traditional NLP tasks (paraphrase detection, NLI, summarization, sentiment 

classification etc.) very limited. These do not reflect the kind of queries users might 
have for frontier LLMs. E.g. 

• Traditional summarization datasets mostly news-centric.  
• Sentiment-classification/NLI are useful “skills” but aren’t end tasks users are 

interested in. 

• How do we get (x, y*) pairs where x covers some broad diversity of queries we actually 
care about, and y* is a reasonably high quality response for x. 
• Distill from a larger model (like GPT-4)!



Generating Instruction Tuning data

• Lots of techniques explored: 
• Use a strong model (like GPT4) to generate both x (inputs) and y (outputs).  

• E.g. AlpacaEval 
• Use some existing collection of user queries (WildChat) to get user generated 

queries and ChatGPT responses to those queries. Train on this dataset! 



Instruction Tuning (Alpaca/Self-Instruct)
• Alpaca (Fine-tuned LLaMA1-7B model on 52k instruction-tuned 

examples) 
• Training data, i.e (x, y*) pairs generated using a modified self-instruct 

method.



Limitations of Instruction-tuning?
• Upper bounded by responses in the training data (presumably written by humans/

stronger model). 
• These generate suboptimal responses. 

• Open-ended tasks can have multiple acceptable answers. Training objective maximizes 
likelihood of one. 

• Mismatch with actual objective “generate responses that humans prefer” and the LM 
objective.  

• Can we explicitly train the model to generate responses that humans prefer? 



Reinforcement Learning with human preferences

Pre-
trained 

LM

SFT

RLHF



Optimizing for human preferences
‣ Given an input x, and a sample y, suppose we have a way to obtain human reward 

.R(x, y) ∈ ℝ

Why don’t adults roll 
of the bed?

x
Adults typically do 
not roll off of the bed 
because they have 
developed the 
muscle memory …

y1
R(x, y1) = 0.8

Most adults find it 
uncomfortable or even 
painful to move around in 
their sleep, so rolling off 
the bed would be difficult 
without waking up first. 

y2
R(x, y1) = 0.3

‣ We train our model to get params  that maximize the expected reward of generated 
samples:  

θ
𝔼 ̂y∼pθ(y|x)[R(x, ̂y)]



Optimizing for human preferences

‣ Problem: Getting rewards from humans in the loop is expensive.  
‣ Solution: instead of asking humans, model their preferences as a separate (NLP) 

problem [Knox and Stone, 2009]

Why don’t adults roll 
of the bed?

x
Adults typically do 
not roll off of the bed 
because they have 
developed the 
muscle memory …

y1
R(x, y1) = 0.8

Most adults find it 
uncomfortable or even 
painful to move around in 
their sleep, so rolling off 
the bed would be difficult 
without waking up first. 

y2
R(x, y1) = 0.3

‣ Train a RM(x, y) 
that predicts 
these scalar 
rewards.



‣ Problem: Human rewards can be extremely miscalibrated. 
‣ Solution: Ask for preferences instead of scores. [Phelps et al., 2015; Clark et al., 2018]

Optimizing for human preferences

Why don’t adults roll 
of the bed?

x
Adults typically do 
not roll off of the bed 
because they have 
developed the 
muscle memory …

y1

Most adults find it 
uncomfortable or even 
painful to move around in 
their sleep, so rolling off 
the bed would be difficult 
without waking up first. 

y2

>



• Given preference data , learn the . 

• BT stipulates that human preferences can be written as: 

•  

• From the above dataset, we can estimate parameters via maximum likelihood. 

•

(x, y+, y−) RMθ(x, y)

p*(y+ > y−) =
exp(r * (x, y+))

exp(r * (x, y+)) + exp(r * (x, y−))

ℒR(rϕ, 𝒟) = − 𝔼(x,y+,y−)∼𝒟 [log σ (rϕ(x, y+) − rϕ(x, y−))]

Bradley Terry [1952] Model



• Given: 
• SFT LM model  
• Reward model  

• We want to maximize   : 

• Initialize  with  
• Use Reinforcement Learning to learn params  that maximize the above objective. 
• Learnt rewards can be imperfect.  
• Solution: Add a penalty for drifting too far from the initialization. 

•

pSFT(y |x)
RMϕ(x, y)

𝔼 ̂y∼pθ(y|x)[R(x, ̂y)]
pθ(y |x) pSFT(y |x)

θ

𝔼 ̂y∼pθ(y|x)[Rϕ(x, ̂y) − β log
pθ( ̂y |x)

pSFT( ̂y |x)
]

How do we RLHF?

In expectation, this is the KL 
divergence between 

 and pθ(y |x) pSFT(y |x)



‣ Lots of algorithms that can be used: e.g. REINFORCE [Williams 92].  
‣ Most popular: Proximal Policy Optimization (PPO) [Schulman et al, 2017] 
‣ Used by OpenAI 

How do we RLHF?



PPO algorithm (under the hood)

• AlpacaEval 
• MixEval Reviews



Limitations: Reward Hacking

• Reward model might be biased towards some “features” due to the 
composition of the training data.



Limitations: Reward Hacking

• Reward model might be biased towards some “features” due to the 
composition of the training data.

• Found that reward models prefer longer texts. Most of the improvement 
after RLHF was because of longer texts.



Limitations: Reward Hacking

• AlpacaEval 
• MixEval Reviews



‣ Reward over-optimization? 
‣ The reward model is learnt on a static preference dataset  

‣ Usually, these outputs are sampled from  

‣ Will reward model scores generalize to outputs sampled from ?

(x, y+, y−)
pSFT(y |x)

pθ(y |x)

Potential Issues: Reward Hacking
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