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Last Week: Dataset
• Key lesson: Data does not fall from the sky. You have to work to get it 
• and data is the key ingredient that differentiates language models 

• Standard tools 
• Filtering: KenLM / fastText / DSIR 
• Deduplication: Bloom Filter / MinHash / LSH 
• Much of this pipeline is heuristic, many opportunities to improve 

• Recently many models use synthetic dataset 
• Beware of legal and ethical issues
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Last Week: SFT
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Image credit: https://klu.ai/glossary/supervised-fine-tuning
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Lecture Overview
• Why RL When Training LLM? 

• From SFT to PPO 
• REINFORCE 
• A2C 
• PPO 

• RL from Human Feedback 
• RLHF 
• DPO
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RLHFBook
• https://rlhfbook.com/ 
• [Lambert+ 2026]
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Why RL?
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SFT Imitates a Target Answer
• SFT data is usually a prompt-response pair 

• where    is an user prompt and      is a target response 

• SFT minimizes 

• It increases the probability of the tokens in the demonstrated answer 
• "Imitation learning" in RL
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Problem: No Single Correct Answer
• Consider the prompts: 

• "Explain policy gradient to a student learning RL for the first time." 
• Many answers can be good 

• short intuitive answer, or equation-heavy answer 

• SFT increases the likelihood of the target response 
• SFT doesn't see the preference among many possible answers 
• Hence, this usually does not directly see the rejected alternatives
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TL;DR: Use Reinforcement Learning
• Instead of using labeled text, we use human preference dataset 

• Reinforcement learning from human feedback (RLHF) 
• We want to make LLM to maximize human preference 
• How to train the model? use RL 

• In RL, we try to maximize the expected reward function 

• Reward is the objective function and we can learn the reward 
• By training the reward model using the human preference dataset 
• So, reward model predicts the human preference 
• RL-trained LLM maximizes reward from the reward model
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The Path to Modern RLHF

• [Ziegler+ 2019]: first RLHF on LMs 
• InstructGPT [Ouyang+ 2022]: the canonical RLHF recipe behind ChatGPT 
• Constitutional AI [Bai+ 2022]: Early methods for AI feedback in Claude
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The Path to Modern RLHF

• DPO [Rafailov+ 2023]: RLHF without a reward model 
• LLaMA3 [Grattafiori+ 2024] and Tulu 3 [Lambert+ 2024]: modern multi-

stage recipes 
• DeeSeek R1 [Guo+ 2025]: popularized RLVR
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What RLHF Data Looks Like
• A human (or AI) annotator sees two responses to the same prompt 

and picks the better one 
• This preference pair becomes training data for the reward model
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Classical Reinforcement Learning (RL)
• A reinforcement learning problem is often 

written as a Markov decision process (MDP) 
• State space , action space  
• Transition dynamics  
• Reward function  and discount  
• Policy   

• We optimize cumulative return over a trajectory

𝒮 𝒜
P(st+1 |st, at)

r(st, at) γ
πθ(at |st)
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Classical Reinforcement Learning (RL)
• RL is trial-and-error learning, balancing 

exploration and exploitation across 
long-term rewards 

• State: the current situation the agent is in 
• Action: what the agent does next 
• Reward: the signal for how good that action was 
• Policy: the strategy for choosing actions 
• Trajectory: a sequence of states, actions, and rewards 

•  
• Trajectory probability: 

τ = (s0, a0, r0, s1, a1, r1, . . . )
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A Simple RL Example: Thermostat
• The agent learns over many episodes when to turn the heater on or off 

• State: the current room temperature 
• Action: turn the heater on or off 
• Reward: positive when the room stays near the target temperature 
• Policy: the rule for deciding what to do next 

• Example policy:
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A Standard RL Example: CartPole
• State: cart position, velocity, pole angle, angular velocity 

• Action: push the cart left or right 

• Reward: +1 for every step the pole stays upright
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Classical RL vs. RL in LLM
• For a prompt , LLM generates token as  

• Environment: None 
• State: prompt + previous tokens  
• Action: next token  
• Reward: score for the response 
• Policy: LLM 
• Trajectory: full response 

x y = (y1, . . . , yT)

st = (x, y<t)
at = yt

τ = (x, y1, . . . , yT)
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InstructGPT's RLHF Recipe

18

[Ouyang+ 2022]
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InstructGPT's RLHF Recipe
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[Ouyang+ 2022]
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From SFT to PPO
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From Imitation to Optimization
• Imitation (SFT): Fit  

• Pure generative modeling perspective 
• Requires samples from reference policy 

• Optimization (RLHF): Find                         such that maximize 

• Maximize some reward function that we can measure
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Policy Gradient
• Goal: makes high-reward samples more likely 

• If a sampled response gets high reward → increase its log- prob 
• If it gets low reward → decrease or avoid increasing its log-prob 

• Expected reward that we want to maximize: 
• In practice, we estimate this expectation with sampled rollouts 

• The derivate is: 
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Policy Gradient - Log Trick
• From                                               , multiply both sides by 

• Now we get  
• Substitute this into 

•   

• and since                                 is expectation, we can rewrite this as: 

• REINFORCE: 
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REINFORCE
• Gradient ascent on reward can be written as minimizing 

• The core idea is that we sample over trials and estimate the gradient 
• For a sampled answer: 

• If the return is high, it will push up the probabilities of the response 
• If the return is low, it will push down the probabilities of the response 

• Token-level REINFORCE: 
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SFT vs. REINFORCE
• SFT: 

• Training text: human/model demonstration 
• Weight: always target likelihood (+1 for the target) 

• REINFORCE: 

• Training text: policy sample 
• Weight: reward-weighted likelihood

25
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The Variance Problem
• REINFORCE signals are unbiased but noisy (high variance) 
• Why? 

• One scalar reward is assigned to the whole response 
• It is unclear which token caused the reward 

• The absolute reward value depends on prompt difficulty 
• If reward of the completion is +5, is this good? 
• What if the average reward for this prompt is +10?

26

Using only the final game score, 
can we determine which control 
affects winning the game?
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Baselines: Compare Against an Expectation
• Instead of using raw reward, subtract a reference value from reward 

• : better than expected 
• : worse than expected 
• : average 

• Note: baseline does not bias the gradient 
• A baseline that does not depend on the sampled action 
• Can reduce variance without changing the expected gradient

R(y) − b(x) > 0
R(y) − b(x) < 0
R(y) − b(x) = 0

27
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Baselines: Zero-Expectation

28

baseline that does 
not depend on the 
sampled action

policy is random 
dist. so sum of prob 
of action is one
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Baselines
• Common baselines: 

• Average reward over the batch (simplest) 

• Moving average of the recent rewards 
• Learned value function
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Value Function
• Okay, but which baseline is good? 

• Expected future return from the current state 
• This is called as a value function 

•                             , a sum of discounted reward 

• But in LLM, if we get reward after the final completion token, 
we can assume  

• Hence,              is a expected future return from the current prefix  
•                   , when we generate completion with policy 

γ = 1

30

i.e. How likely is this prefix to lead to a good response in the future (with our policy)?
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Value Function
• In practice, we cannot know exact              hence approximate with NN 

• We will denote as 

• Normally, we train              using MSE loss with RL rollout return  

• Note: value function depends on the policy
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• Do not confuse these two model! 

• Reward model evaluates the quality of the completed response 
• "How preferable is the response to humans (given the prompt)?" 
• Usually, trained with preference dataset 

• Value model estimates expected future return for this prefix 
• "From this partial answer, what reward should I expect?" 
• This is depends on the policy model 
• Input is prompt + prefix, not prompt + full response

Note: Value Function vs. Reward Model

32
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Action-Value and Advantage
• Value function              : expected future return from state  
• Action-value                 : expected return after taking action  in state  

• In LLM, expected return when we choose , given prefix  

• Advantage 
• Is this action better than expected in this state?  
•                       : this action is above average; increase probability 
•                       : this action is below average; decrease probability 
•                       : this action is average

s
a s

yt (x, y<t)
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Actor-Critic View
• Two models or heads are trained together 

• Actor: the LLM policy 
• Generates responses and receives policy gradient updates 

• Critic: the value model 
• Criticize actor's action or state by predicting expected return 
• We can reduce variance through advantage estimates

34
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What  Can beR(y)
• Popular choices for  in R(y)

35

Description Variance Bias

Total trajectory reward High None

Baselined return Lower None

State-action value function Med Depends

Advantage function Low None

TD residual Low Some
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Summary So Far
• Imitation (SFT): Update the model by cloning the target distribution 

• Optimization (REINFORCE): 
• Updates the policy (LLM) using returns  
• Actor-critic estimates the advantage with a value function to 

produce more stable updates (low variance)
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Proximal Policy Optimization (PPO)
• If REINFORCE is so simple, why PPO? 

• All the algorithms discussed so far are on-policy 

• On-policy: train on samples from the current policy 
• e.g. Generate fresh rollouts from the current policy, 

then update the policy using those rollouts 

• Off-policy: train on samples from another policy 
• Previous policy, other policy models, etc

37

[Schulman+ 2017]
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Proximal Policy Optimization (PPO)
• If REINFORCE is so simple, why PPO? 

• Problem 1: Large policy updates can be unstable 
• Too large an update and the policy can collapse 
• Too small and training is painfully slow 

• Problem 2: Poor data efficiency 
• We would like to reuse collected rollouts for multiple updates 
• However, if the policy changes too much, those rollouts become 

increasingly off-policy 
• The data was generated by an older policy, making repeated 

updates less reliable

38

[Schulman+ 2017]
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Proximal Policy Optimization (PPO)
• Core idea 1: constrained updates 

• Large gradient steps can destroy the policy (instability, over-
optimization, etc.) 

• Trust regions limit how far the policy can move in a single update 
• TRPO [Schulman+ 2015] solved this with a hard trust-region 

constraint, but required expensive second-order optimization 
(and very hard to understand and implement)

39

[Schulman+ 2017]
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Proximal Policy Optimization (PPO)
• Core idea 2: importance sampling 

• We want to take multiple gradient steps on a batch, but the data 
came from an old policy  

• Define the importance sampling ratio 

• If           : current and old policy agree on this action 
• If           : current policy assigns higher probability than old 
• If           : current policy assigns lower probability than old 

• This re-weights old-policy samples to estimate new-policy gradients

40

[Schulman+ 2017]
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Proximal Policy Optimization (PPO)
• Using importance sampling, the policy gradient becomes 

•     is advantage estimate of the rollout from the old policy 

• Intermediate problem: without constraints, maximizing this can take 
arbitrarily large steps 
• The ratio     can diverge far from 1, making the estimate unreliable 
• TL;DR: Don't change too much

41

[Schulman+ 2017]

surrogate objective:
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PPO Clipped Objective
• PPO clips the ratio     to prevent large updates 

• A practical surrogate inspired by trust-region ideas

42

[Schulman+ 2017]

use  = 0.1-0.2 
in practice

ϵ
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PPO Clipped Objective

• Positive advantage (           ) 
• Action is better than average so we want to increase its likelihood 
• : Action is less likely under new policy 

• Objective:               - normal gradient, push probability up  
• : Action is roughly equally likely 

• Objective:               - normal gradient, push probability up 
• : Action is already more likely under new policy 

• Objective:                 - gradient is zero, no update needed (Clipped)

ρt < 1 − ϵ

1 − ϵ ≤ ρt ≤ 1 + ϵ

ρt > 1 + ϵ

43

[Schulman+ 2017]
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PPO Clipped Objective

• Negative advantage (           ) 
• Action is worse than average so we want to decrease its likelihood 
• : Action is less likely under new policy 

• Objective:                 - gradient is zero, no update needed (Clipped) 
• : Action is roughly equally likely 

• Objective:               - normal gradient, push probability down 
• : Action is already more likely under new policy 

• Objective:               - normal gradient, push probability down

ρt < 1 − ϵ

1 − ϵ ≤ ρt ≤ 1 + ϵ

ρt > 1 + ϵ

44

[Schulman+ 2017]
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PPO Clipped Objective

• Zero advantage 
• The action was exactly as good as expected 
• The loss is zero so no update

45

[Schulman+ 2017]
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PPO Clipped Objective
• In all cases, clipping stops the gradient when the policy has already 

moved enough in the right direction 

• The clipping is one-sided per advantage sign 
• It caps movement when the policy has already moved enough in the 

beneficial direction, but never blocks correction in the detrimental 
direction

46

[Schulman+ 2017]



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

PPO Clipped Objective
• In all cases, clipping stops the gradient when the policy has already 

moved enough in the right direction 

• The clipping is one-sided per advantage sign 
• It caps movement when the policy has already moved enough in the 

beneficial direction, but never blocks correction in the detrimental 
direction

47
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RLHF

48
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RLHF Dataset
• How do we get (good) pairwise feedback? 
• Standard pairwise feedback setup

49
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RLHF Dataset
• How do we get (good) pairwise feedback? 
• Labeling instruction of InstructGPT 

50
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InstructGPT's RLHF Recipe

51

[Ouyang+ 2022]
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Step 1/3: SFT
• Start from pre-trained LMs 

• Collect demonstrations of desired 
assistant behavior 

• Train with standard supervised 
learning on prompt-response pairs
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Step 2/3: Reward Modeling
• Core idea: The reward used in RLHF is the model predicts the 

probability that a given piece of text would be the "winning" or 
"chosen" completion in a pair/batch 
• Why? there is no practical way to collect human preference on the 

fly during training... → approximate with a reward model! 

• Collect comparisons for the same prompt 
• RLHF gets its name from collecting human feedback between 

completions, but today much of it is AI feedback 
• Train a reward model      to score preferred completions higher 
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Step 3/3: RL Against RM
• Where everything comes together 
• Sample a batch of prompts 

• Generate completions   

• Score with the reward model 

• Apply PPO or other RL algorithms 
• Add a KL penalty so the policy stays 

close to the SFT/reference model
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Recall: What RLHF Data Looks Like
• A human (or AI) annotator sees two responses to the same prompt 

and picks the better one 
• This preference pair becomes training data for the reward model 

•                  : input prompt / selected response / rejected response
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The Bradley-Terry Model
• A classical model for the outcome of the pairwise comparison 
• Given two items , the probability that a judge prefers  over : 

• Each item has a latent strength , so reparameterizing with 

• Only score differences matter 
• Adding the same constant to all scores leaves preferences 

unchanged

i, j i j

pi > 0

56

pi = eri

[Bradley & Terry 1952]
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From Bradley-Terry to a Reward Model
• Given a prompt , completions ,                 is an output that the 

reward model (RM) produce. By Bradley-Terry model, 

• We want to find the RM that maximizes this probability 

• Then, we can get RM loss (see next slide for derivation) 

• This loss is very similar to the binary classification loss 
• The RM is learning to classify which completion was preferred

x (yw, yl)
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From Bradley-Terry to a Reward Model
• Derivation (from RLHFbook):

58

https://rlhfbook.com/c/05-reward-models
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Reward Model Training
• From the pre-trained (or SFT) LLM, we train RM with RM loss 

• RM computes a scalar score at the EOS token for each completion 
• The most common implementation: append a linear head to a LLM 

that outputs a single scalar

59
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Reward Model Training

60

RM are typically trained for only 1 epoch to 
avoid overfitting to the preference data
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The Simplest Thing with RM
• Rejection sampling is a popular baseline for preference fine-tuning 
• The idea is that 

• 1. Generate many candidate completions 
• 2. Score them with RM 
• 3. Keep only the best response 
• 4. Fine-tune on the filtered responses 

• No policy gradients, no online RL;  just filtered supervised learning

61

[Gilks & Wild 1992]
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Rejection Sampling Fine-Tuning (RSFT)
• The four stages: 

• 1. Select prompts and RM (reuse SFT prompts or curate new ones) 
• 2. Generate N completions per prompt from the current model 
• 3. Score all completions with RM 
• 4. Fine-tune on the top completions (same SFT loss) 

• This is still just offline data curation: generate first, then train on the 
filtered outputs 

• Used in WebGPT [Nakano+ 2021], Anthropic's helpful and harmless 
[Bai+ 2022], LLaMA2 Chat [Touvron+ 2023] and other LLMs
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Rejection Sampling
• Given  prompts and  completions each: 

• Each reward:

M N

63
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Rejection Sampling
• Selection method 1: Top per prompt 

• Select the best completion for each prompt independently 

• Example (5 prompts, 4 completions): 

• Result: one completion per prompt, every prompt represented

64



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Rejection Sampling
• Selection method 2: Top overall pairs 

• Flatten the reward matrix and select the top  pairs globally 

• Example (5 prompts, 4 completions): 

• This optimizes for absolute quality but can bias toward easy prompts.

K

65

Prompt 3 gets two completions (0.9 
and 0.7), while prompt 5 gets none
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Best-of-N Sampling
• Best-of-N (BoN) follows the rejection sampling, but skips fine-tuning step 

• Used at inference time to pick the best completion 
• Does not modify the model. it’s a sampling technique 
• Often used as a baseline comparison for online RL methods 

• BoN is the simplest possible reward-guided method 
• Generate more, pick the best 
• Can also be done with verification / LLM-as-a-judge instead of 

traditional reward models

66

[Liu+ 2024]
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The Full Pipeline (without RL)
• A simple path from pre-trained model to preference-tuned model 

• 1. SFT the pre-trained model → learns the chat format 
• 2. Collect preference data 
• 3. Train RM on preference data → learns to score quality 
• 4. Rejection sampling → generate completions, filtered these, fine-tune 

• This is a strong baseline and 
often used along with RL training

67
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Revisit the RLHF Training Loop

68
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Reference Model
• The reference model          is a frozen 

copy of the policy (typically SFT checkpoint) 

• It serves one purpose: anchor the 
policy so it doesn’t drift too far during 
RLHF optimization 

• Without it, the policy can exploit the 
RM and find high-scoring outputs 
that are degenerate or repetitive 
• Reward hacking

69
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KL Divergence as Regularization
• The KL penalty measures how far the 

current policy has drifted from 
at each token 

• In practice: 
• 1. Generate a completion from 
• 2. Compute log-probs of those same 

tokens under both       and   
• 3. Subtract to get the per-token KL

70
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Note: Two Old Policies
• Don't confuse these!

71
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Value Function
• PPO trains a value function         alongside the policy 

• Separate parameters  (often initialized from the RM or SFT model) 
• Predicts post-KL shaped future return at each token position 
• Trained via MSE against post-KL returns: 

• Value function serves as a learned baseline for advantage estimation

ϕ

72

expected future 
return from state st
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Token-Level Returns
• RLHF often starts with one scalar reward for the whole completion 
• How does that become a per-token training signal? 

• where  

• These per-token rewards feed into GAE, which propagates credit 
backward to assign per-token advantages
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Recap: Advantage Estimation
• The simplest advantage is                                where  
• Why advantages help? 

• Centering reduces variance 
• We're asking "how much better is this action than average?" rather 

than "how good was the total return?" 
• Credit assignment  

• With per-token values, each token gets its own advantage signal 

• Monte Carlo estimate is simple and unbiased, but it can be high variance 
• Temporal Difference (TD) methods and Generalized Advantage 

Estimation (GAE) trade some bias for lower variance
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Temporal Difference (TD) Residual
• The temporal difference (TD) residual measures how much the actual 

reward exceeded the value prediction 

• This is the 1-step advantage estimate so low variance (uses learned 
value function) but potentially high bias (if value function is inaccurate)
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Generalized Advantage Estimation (GAE)
• We can extend to K steps: 

• As , we recover the full Monte Carlo advantagek → ∞
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PPO Architecture

77
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RLHF Training with PPO
• A schematic high-level view of PPO-RLHF combines the clipped PPO 

objective with a KL regularizer: 

• Two layers of regularization: 
• Clipping: limits how far the policy moves per batch (trust region) 
• KL penalty: limits total drift from the reference policy across training 

• These serve different purposes and are not redundant
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RLHF Training with PPO
• The PPO training loop (simple version) 

1. Generate: sample prompts, generate completions with  
2. Score: compute rewards with RM + KL penalty from 
3. Estimate advantages: compute GAE using learned value function 
4. Update (K epochs): 

• Clipped policy gradient + value function loss on the same batch 
5. Repeat: new batch, sync 

• Typical: K = 2-4 gradient steps per batch before re-rollout

79



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

RLHF Training with PPO
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RLHF Training with PPO
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RLHF Training with PPO
• Which model do we need with PPO? 
• For a 7B model with fp16, 

• ~56 GB VRAM just for model weights before optimizer states, 
activations, or gradients! 

• Can we simplify PPO?
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DPO: Learning Directly from Preference
• Try to simplify PPO by.. 

• Getting rid of RM, value function 
• Getting rid of any on-policy stuff (rollouts, outer loops etc) 

• Instead, DPO (direct preference optimization) [Rafailov+ 2023] 
• Take gradient steps on log-loss of good stuff 
• Take negative gradient steps on bad stuff (appropriately weighted)
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DPO: Derivation from the RLHF
• KL-regularized RLHF optimizes 

• DPO starts from this same objective, then removes the explicit RM 
• Rewrite this as  

• Then, the optimal policy has form: 

• The optimal policy re-weights the reference policy by 
exponentially increasing the probability of high-reward responses
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• From                                                                    , divide both sides by 

• We get  

• Hence, we can write the reward as 
• For pairwise comparisons, Z(x) cancels out 
• So preference learning can use policy log-ratios directly 
• This is called the implicit reward

DPO: Derivation from the RLHF
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and take the log of both sides

DPO parameterizes the optimal policy  directly with π* πθ
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• Combine the Bradley-Terry model with the implicit reward 

• Hence, the preference probability becomes 

• This gives the DPO loss function

DPO: Derivation from the RLHF
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DPO Loss
• DPO increases the probability of chosen responses relative to the 

reference model, and decreases that of rejected responses 

• DPO loss gradient is 

• DPO works like adaptively weighted preference matching
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higher weight when (implicit) 
reward estimate is wrong 
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, less gradient
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PPO vs. DPO

• PPO requires four models: policy, reference, value function, RM 
• DPO requires two models: policy, reference
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DPO Variants
• SimPO [Meng+ 2024]: reference-free DPO 

• Length normalized rewards to reduce length bias 
• DPO use                                    , so response length affects a lot   

• Target reward margin γ
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DPO Variants
• Iterative DPO: used in LLaMA 3 and Tulu 3 

• Vanilla DPO use the fixed preference dataset 
• But the policy becomes far from the original model 
• Iterative DPO repeatedly generate, label, and optimize new data
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Things to Watch Out for RLHF
• Over-optimization 

• If we optimize it too aggressively, the policy learns to exploit the 
reward model rather than satisfy humans (Goodhart's law?)
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Things to Watch Out for RLHF
• Mode collapse 

• RLHF makes the model more aligned on average, but if optimized 
too aggressively, it can make the model less diverse
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The Early Days: InstructGPT

• Early on, RLHF had a well-documented, simple enough approach 
• InstructGPT made the classic three-stage recipe canonical: 

• SFT, reward modeling, then RL against the reward model 
• OpenAI even hinted that the original ChatGPT used this! 

• This became the intellectual template for much of modern post-training
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From RLHF to Post-Training

• What began as an RLHF recipe evolved into a complex series of steps 
to get the final, best model 
• Modern systems keep the same core idea but add more stages, 

more dataset, and more filtering
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From RLHF to Post-Training
• As time has passed since ChatGPT, 

the field has gone through multiple distinct phases (roughly): 
• 2023: Simple SFT for better chatbots and reproducing RLHF 

fundamentals (Alpaca, Vicuna, etc.) 

• 2024: DPO dominates open models and training stages expand 

• 2025: RLVR, complex recipes (DS-R1, Tülu 3, OLmo 3, etc.) 

• 2026: Agentic training, multi-turn RL, etc.
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