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(Recap) Instruction Tuning

Flan - Chung et al. (2022)



(Recap) Flan
‣ Pre-train, then fine-tune on a bunch of tasks, generalize to unseen tasks

Chung et al. (2022)

‣ Scaling the number of tasks, models size (Flan-T5, Flan-Palm), and fine-
tuning on chain-of-thought data



(Recap) Flan

Chung et al. (2022)

‣ Fine-tuned on 473 
datasets, 1836 
tasks.

‣ Some datasets 
support multiple 
tasks

‣ E.g. SQuAD can be 
used for QA or 
question generation.



(Recap) Chain-of-Thought Prompts

Wei et al. (2022)

Figure from Chung et al. (2022)

‣ Using explanations (some rationals) to improve model performance, 
usually in few-shot prompting



Backdrop
‣ In 2022, instruction tuning on multi-task datasets was commonplace 

(e.g., T0, Flan, etc.) 

‣ Chain-of-thought prompting emerged alongside very large models, e.g. 
Google’s Palm (540B) model

‣ However, following instructions ≠ satisfying human preferences



Harmful & Toxic Generations

Abid et al. (2021)



Abid et al. (2021)

Harmful & Toxic Generations



Hallucinations
175B LLM trained only for next token prediction



Hallucinations



Hallucinations

Most references given by the model are: 

● Wrong (inaccurate author, date, etc.) 

● Completely made up



This Lecture

‣ RLHF - Reinforcement Learning from Human Feedback

‣ InstructGPT

‣ Reinforcement learning: PPO, GRPO, DAPO

‣ Direct preference optimization: DPO



LLM Training: So far 

... I saw the dog running ...


... the movie was okay ...


... photosynthesis …

…

…

‣ Pre-training
Next token prediction on 
large unlabeled corpus

‣ Instruction Tuning
Next token prediction on 

instruction-response pairs 
(supervised fine-turning; SFT)

‣ Post-training refers to any training stages that are beyond pre-training 



... I saw the dog running ...


... the movie was okay ...


... photosynthesis …

…

…

‣ Pre-training
Next token prediction on 
large unlabeled corpus

‣ Instruction Tuning
Next token prediction on 

instruction-response pairs 
(supervised fine-turning; SFT)

‣ Preference / RL  
Optimization

Learn from human 
preferences or rewards  
(e.g., DPO, PPO, GRPO).

LLM Training Pipeline
‣ Post-training refers to any training stages that are beyond pre-training 



InstructGPT



InstructGPT

‣ Demonstrating Reinforcement 
Learning from Human Feedback 
(RLHF) can improve LLMs, beyond 
instruction fine-tuning

‣ Precursor to ChatGPT (released 
Nov 2022)

‣ Established this 3-stage post-
training pipeline



InstructGPT
‣ Significant usage and improvement on generation type of tasks

Ouyang et al. (2022)



OpenAI GPT Model Evolution
July 2020

July 2022

July 2021
March 2021

Nov 2022

Image Credit: Yao Fu 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InstructGPT
‣ Instruction tuning (now commonly referred to as supervised fine-tuning; 

SFT)  — see also Google’s T0 & Flan

Source: https://openai.com/research/instruction-following



InstructGPT
‣ Reinforcement learning from human feedback (RLHF) - uses human 

preferences as a reward signal to fine-tune models

Ouyang et al. (2022)



InstructGPT

Source: https://openai.com/research/instruction-following



Reinforcement Learning from 
Human Feedback (RLHF)



Image Credit: Nathan Lambert

A Brief History of RLHF



InstructGPT: 3 Key Steps of RLHF
1)Supervised 

Fine-tuning 
(SFT)

2) Reward Model 
Training

3) Reinforcement 
Learning (RL)

Fine-tune a pre-trained 
LLM on human-written 

demonstrations  
(prompts + responses) 

●Make model better at 
following instructions 

●Better initialization for RL

Train a “reward model”  
on human preference 

rankings that assigns a 
scalar value to each 

prompt-response pair  
 

●Learn a reward function 
that approximate human 
preferences


●Provide reward signals 
for RL

further fine-tuned  the 
SFT model (policy) 
with reinforcement 

learning (RL), using 
the reward signals 

provided by the 
reward model



Ouyang et al. (2022)

InstructGPT: 3 Key Steps of RLHF



SFT - supervised fine-tuning

Ouyang et al. (2022)



SFT - supervised fine-tuning

Ouyang et al. (2022)



SFT - supervised fine-tuning

Ouyang et al. (2022)

‣ Collected from both users and labelers



SFT - supervised fine-tuning



SFT - supervised fine-tuning

Example from Zhou et al. (2023)

prompt

human-written  
response



SFT - supervised fine-tuning

‣ Supervised fine-tuning on (prompt, human-
written response) pairs

Ouyang et al. (2022)

number of prompts



Human Preference Data

Ouyang et al. (2022)



Human Preference Data

Ouyang et al. (2022)

‣ Sample K (ranging from 4 to 9) outputs  
from the SFT’ed model

number of prompts



Human Preference Data

Ouyang et al. (2022)

‣ Collect human ranking



‣ Bradley-Terry model: turns scores into log 
probabilities of        being preferred to       .


‣ Same as logistic regression where we classify 
pairs as 1 > 2 or 2 < 1, but we learn a 
continuous scoring function


‣ Reward model r(y, x) returns real-valued scores.

‣

Reward Model



Reward Model

Ouyang et al. (2022)

‣      :the reward model we are trying to optimize

reward on better  
completion

reward on worse  
completion

Comparisons for same x very correlated, train on all        comparisons for same x within 
the same batch instead of shuffling all into one dataset to avoid overfitting

Sample K outputs per prompt, every 2 for comparison



RLHF

Ouyang et al. (2022)



Reinforcement Learning

‣ Goal: maximize total rewards over time, not just immediate rewards.

‣ An agent learns through trial and error, receiving rewards (or penalties) for 
its actions.



Reinforcement Learning

‣ Goal: maximize total rewards over time, not just immediate rewards.

‣ An agent learns through trial and error, receiving rewards (or penalties) for 
its actions.



Reinforcement Learning
‣ The agent selects actions, while the environment provides states and 

rewards at each timestamp.

"A Survey of Reinforcement Learning for Large Reasoning Models" (Zhang et al. 2025) https://arxiv.org/pdf/2509.08827



Reinforcement Learning

‣ In the context of LLMs, next tokens are treated as actions, which are 
concatenated with the context to form the state. Rewards are typically 
assigned at the level of the entire response.

‣ The agent selects actions, while the environment provides states and 
rewards at each timestamp.

"A Survey of Reinforcement Learning for Large Reasoning Models" (Zhang et al. 2025) https://arxiv.org/pdf/2509.08827



Policy-gradient Method
‣ Suppose we have a policy, parameterized by θ :

‣ The goal is to choose θ to maximize the expected reward:

‣ τ is a trajectory 



Policy-gradient Method
‣ Suppose we have a policy, parameterized by θ, in the context of 

autoregressive LM:

‣ The goal is to choose θ to maximize the expected reward:

‣ τ is a trajectory 
 
(as a sequence of generated tokens) 



Policy-gradient Method
‣ Suppose we have a policy, parameterized by θ :

‣ The goal is to choose θ to maximize the expected reward:

‣ τ is a trajectory 



Policy-gradient Method
‣ Suppose we have a policy, parameterized by θ :

‣ The goal is to choose θ to maximize the expected reward:

‣ τ is a trajectory 

‣ Want to use gradient descent (SGD, Adam, etc)?   
     Need to compute                   , which is tricky ….  



REINFORCE (Williams 1992)
‣ The goal is to choose θ to maximize the expected reward:

‣ The key idea: 



REINFORCE (Williams 1992)
‣ The goal is to choose θ to maximize the expected reward:

‣ The key idea: 

Log-Derivative Trick!

expectation, can estimate by sampling a few trajectories



Proximal Policy Optimization (PPO)



Proximal Policy Optimization (PPO)
‣ Training language models with PPO requires coordinating four models: 

(1) a policy model: the LM being trained 
(2) a reward model: evaluates generated responses 
(3) a reference model: the LM that has gone through SFT 
(4) a value model: estimates expected future rewards


Rafailov et al. (2023)



‣ To reduce variance, we often use an token-level advantage         :

Policy-gradient for LMs
‣ Apply REINFORCE to LMs:

‣ Intuition:

‣ At > 0, the update increase log-prob of action (token yt)

‣ At < 0, the opposite



Policy-gradient for LMs
‣ Token-level advantage:

‣ G is the actual future award (with discount γ): 

‣ For RL in the context of LLM, often there is only one reward for the  
complete generated response:



Policy-gradient for LMs

‣ Value function (V): estimates the expected future rewards, starting 
from the current state 


‣ Token-level advantage:

‣ G: observed future award (with discount γ): 

‣ Intuition — subtract V as a baseline 

‣ for a simple prompt, rewards of outputs can be all high, in 

comparison to a difficult prompt. How good an action is relative to 
what is expected, rather than by its raw reward. 



Proximal Policy Optimization (PPO)
‣ In practice, PPO is somewhat more involved than this:

‣ uses Generalized Advantage Estimation (GAE) to calculate the 

token-level advantage

‣ uses Temporal Difference (TD) 



PPO in its full glory

"Secrets of RLHF in Large Language Models Part I: PPO" (Zheng et al. 2023) https://arxiv.org/pdf/2307.04964
More on GAE: https://web.stanford.edu/class/cs234/slides/lecture7post.pdf



RLHF

Ouyang et al. (2022)

‣ Use reward model to update SFT model 
from step 1 via Proximal Policy 
Optimization (PPO)

number of prompts



RLHF

Ouyang et al. (2022)

‣ Two problems:

(1) as RLHF is updated, its outputs becomes 

very different from what the reward model 
was trained on —> worse reward estimates


 



RLHF

Ouyang et al. (2022)

‣ Solution:


get high  
reward

stay close to SFT model

KL Divergence between RL Policy (LM 
parameters) and SFT model, to ensure outputs 
don’t deviate too far from the useful text SFT 
model produces



RLHF

Ouyang et al. (2022)

‣ Two problems:

(1) as RLHF is updated, its outputs becomes 

very different from what the reward model 
was trained on —> worse reward estimates


 



RLHF

Ouyang et al. (2022)

‣ Two problems:

(1) as RLHF is updated, its outputs becomes 

very different from what the reward model 
was trained on —> worse reward estimates


(2) Just use RL objective leads to performance 
degradation on many NLP tasks


 



RLHF

Ouyang et al. (2022)

get high  
reward

stay close to SFT model

‣ Solution:


Add an auxiliary LM objective on the pre-training data



Full Method

Ouyang et al. (2022)



Summary: 3 Key Steps of RLHF
1)Supervised 

Fine-tuning
2)  Reward Model 3)  Proximal Policy 

Optimization (PPO)

Fine-tune a pre-trained 
LLM (SFT) on human 

demonstrations (prompts 
+ responses) 

●Make model better at 
following instructions 

●Better initialization for RL 
fine-tuning

Fine-tune a “reward 
model”  to output a 
scalar value for a 

prompt-response pair  
 

● Important component 
to get a reward 
signal that encodes 
human preferences 
for RL fine-tuning

SFT model (policy) 
further fine-tuned with 
reinforcement learning 
(RL) using the reward 
signals provided by 
the reward model(not used for generating anything,  

but used in PPO step) 



InstructGPT Results 

Ouyang et al. (2022)



InstructGPT Results 

‣ These results are aggregated across model sizes (1.3B, 6B, 175B)

Ouyang et al. (2022)



InstructGPT Results 

‣ Larger model is easier to hallucinate? Ouyang et al. (2022)



Limitations of PPO
‣ Training language models with PPO needs to coordinate four models to 

work together, i.e., a policy model, a reward model, a reference (SFT) 
model, and a value model




Group Relative Policy Optimization (GRPO)

Shao et al. (2024)

‣ GRPO uses a simple group-relative advantage:  
(normalized by the group’s standard deviation) 
same advantage for all tokens in one response



Group Relative Policy Optimization (GRPO)

Shao et al. (2024)



Limitations of PPO
‣ RLHF pipeline is considerably more complex than supervised learning, 

involving training multiple LMs and sampling from the LM policy in the 
loop of training, incurring significant computational costs

Rafailov et al. (2023)



Limitations of PPO
‣ RLHF with PPO is an online training approach: PPO trains on online 

data generated by the current policy

‣ PPO involves numerous iterations, debugging, and fine-tuning to 

achieve optimal performance

Rafailov et al. (2023)



Other Approaches
‣ Is there a way to create a more efficient, offline RL approach that 

directly learns the optimal policy from the human preference data? 

Rafailov et al. (2023)



Direct Preference Optimization (DPO)
‣ DPO starts with a very similar RL objective to PPO

‣ Through some manipulation, it can be show that optimal policy for 

RLHF under the Bradley-Terry model satisfies the preference model

‣ We can now learn the policy directly to optimize the log likelihood of 
the preference data in a fashion that looks like supervised learning:

Rafailov et al. (2023)



Preference Optimization
‣ Various optimization objectives given preference data 

Meng et al. (2024)



75

DPO/PPO	Comparison

Hamish	Ivison	et	al.	(2024)(Base model here is TÜLU 2 13B)



76

RLHF	in	prac@ce

Touvron	et	al.	(2023)

RLHF	data	for	Llama	2
‣ They	do	5	itera@ons	of	(train,	get	more	preferences,	get	new	reward	model).	
First	3	itera@ons:	just	fine-tuning	best-of-n,	then	they	used	PPO

‣ Current	approaches:	many	papers	exploring	versions	with	ac@ve	data	
collec@on	(e.g.,	tune	with	DPO	->	collect	preferences	->	keep	tuning	…)



... I saw the dog running ...


... the movie was okay ...


... photosynthesis …

…

…

‣ Pre-training
Next token prediction on 
large unlabeled corpus

‣ Instruction Tuning
Next token prediction on 

instruction-response pairs 
(supervised fine-turning; SFT)

‣ Preference / RL  
Optimization

Learn from human 
preferences or rewards  
(e.g., DPO, PPO, GRPO).

LLM Training Pipeline
‣ Post-training refers to any training stages that are beyond pre-training 



Takeaways
‣ Post-training refers to any training stages that are beyond pre-training 

‣ Learning from human preference or rewards:

     - Direct preference optimization: DPO 
     - Reinforcement learning: PPO, GRPO, DAPO 
     - Feedback/reward sources: RLHF, RLAIF, RLVR

‣ Post-training includes instruction tuning, preference optimization, 
reinforcement learning, and other forms of adaptation.



OLMo 3
‣ released by the Allen Institute for AI (AI2) in November 2025



Mid-training
‣ Mid-training (or continued pretraining) sometimes occurs between 

pretraining and post-training, often to improve specific knowledge or 
capabilities (e.g. math/code/agent) before instruction tuning.



Mid-training
‣ Often use a lot of synthetic 

data to focus on improving 
specific knowledge or 
capabilities  
(e.g. math/code/agent)


‣ Also, data carried over from 
pre-training, but more 
carefully filtered or curated to 
better align with targeted 
capabilities



Reinforcement Learning


