Deep Learning (1470)

Randall Balestriero

Class 22: GRPO and Applications






Reinforcement Learning from Human Feedback
(RLHF) for Large Language Models

Bridging RL Theory and LLM Fine-tuning
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Why RLHF? The Alignment Problem

Pre-trained LLMs CAN: But they MIGHT:

v Generate fluent text X Give harmful advice
v Complete patterns X Hallucinate facts
v Store knowledge X Be unhelpful

RLHF Goal: Align model outputs with human values and preferences



The RLHF Pipeline: Three Stages

STAGE 1

STAGE 2

Supervised Reward Model
Fine-Tuning (SFT) Training

3 ™ oz

Train on high-quality
demonstrations

Learn to predict
human preferences



From Toy RL to LLM RL: Key Differences

Toy RL (e.g., CartPole, Atari) LLM RLHF

State: Prompt text
(high-dimensional embeddings)

State: Low-dimensional vectors or pixels

Action: Discrete (left/right) or Action: Next token from vocabulary of
continuous 50K+ tokens
: . Episode: One response generation
Episode: Hundreds of steps variable length)

Reward: Single score at end from

Reward: Immediate, well-defined SCALE-UP & reward model

TRANSITION

Policy: Small neural network Policy: Billions of parameters



The Action Space: Tokens as Actions

LLM 0.4
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ThHe A It answer ...

| 0.6
User: What is 2+2? H

Autoregressive Generation Process

Step 1: State = “What is 2+2?° — Action = “The” (sampled)
Step 2: State = "What is 2+2? The” — Action = "answer” (sampled)
Step 3: State = “What is 2+2? The answer” —» Action = “is” (sampled)

Step 4. ... — Action = “4"

Key insight: Each token selection is an ACTION. The policy is the LLM itself:

p;(action|state) = P(next_token|context)




The Reward Model: Learning Human Preferences

“ Response A
Prompt: "How to »
bake a cake?” Response A
content...

(Prompt 1, Response B_win, Response A_|ose)

l (Prompt 2, Response X_win, Response Y_lose) l

(Prompt 3, Response Z_win, Response K_|ose)

(Prompt: “Describe a sunset”,
Response: “A beautiful orange glow...”)

Data Collection
. Al

Response B
Human annotator chooses:

™
Response B ﬁ “B is better”
—log(sigmoid(r(win) — r(lose))) I

Bradley-Terry preference model

=»
=

Neural Network
(Reward Model)

Usage

» » Scalar score: 0.73




Verifiable Rewards: Math & Code

Standard RLHF (Chat) Verifiable Rewards

OE]—» =8 .

Model
Math problem

0.7? Code
Us.er Model Human Reward task = tests pass
question = response judge Model Unit tests
@ running =
Subjective, can be hacked 2 Ground truth, unhackable |>- °I

"Dl

FpY: R Japecheavyonmath & s Better reasoning on ALL tasks!

o code with verifiable rewards

The message: verifiable domains enable massive scale RL.
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“the"”

DQN Approach

e

Why Not Other RL Methods?

Need Q-value for every
token? Impossible!
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Vocabulary: Massive Grid of 50,000 Tokens sample token

0.73 — 'DH I‘IHD

token A token B token C
Discrete tokens

Continuous action PPO/GRPO
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PPO Objective for LLMs

Lene = EIR(X,Y) - B * KL(Ttg || Tt ¢)]

Where:

- R(x,y) = reward model score for prompt x and response y
- KL term = divergence from reference policy (original SFT model)
- B = KL penalty coefficient (typically 0.01 to 0.1)

ives R(X,
Reward Model - (XY)
outputs R(X,Y)

Policy Model response y

(being trained) KL term

Reference Model
(frozen SFT) for KL calculation

| Slide9



The KL Penalty: Preventing Mode Collapse

Without KL Penalty I (Bad) With KL Penalty ¥4 (Good)
Example outputs all Example outputs remain
become similar: diverse and natural:
Sure! Here is... Sure, | can help with that...
Sure! Here is... Absolutely, here’s a thought...
Narrow distribution collapsing Surel Here is... Distribution staying broad, Okay, let’s explore that option...
to single mode similar to reference
A Red warning: “Model finds reward hacks, loses diversity” ' Green checkmark: “Maintains language quality” I
The model exploits the reward model Stays close to pre-trained capabilities

How KL is computed:

Practical tip KL = Z log(mg(token)) — log (7 e¢(token))
Start with beta=0.01, increase if tokens:
d RCETIRGTERMD GONRY ) Penalizes when new policy assigns very different probabilities than reference 10




RLHF Training Loop: Step by Step

STEP 2: Generate responses using current policy

Prompt Response

STEP 3: Score responses with Reward Model

Response Score (e.g., 0.8)
STEP 4: Compute advantages and KL penalty

STEP 5: Update policy with PPO

Vol

Batch Sizes:
- Batch of prompts: 32-128

- Responses per prompt: 1-4
- PPO epochs per batch: 1-4
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But How Many Models We
Have?



GRPO: No Critic Needed

I Prompt: Explain gravity

Response 1 Response 2 Response 3 Response 4
score 0.3 score 0.8 score 0.5 score 0.7
\ P /

(0.3 08405 0 )=0.575

Key visual insight: The group of responses provides the baseline naturally.

No eriiiicl
GrrO: ([ D O

needs 3 neural networks

PPO

N ]
[

needs 4 neural networks ,

Slide 17



GRPO: How It Works

Update policy: increase prob
of high-advantage responses
Policy
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GRPO vs PPO: Visual Comparison

PPO

Policy Model

Reference Model
|ﬁ Reward Model

Value/Critic Model

Learns baseline from data

GPU Memory Usage
High Memory Usage

Total Memory Usage

@—n

Prompt Response

1 response per prompt

GRPO

Policy Model

Reference Model
Dﬁ Reward Model

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

Total Memory Usage
Total Memory Usage

Saved!

--------------------------------------------------------

Computes baseline from group

Lower Memory Usage

Response
Response
Prompt Response
Response

4+ responses per prompt
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Common Pitfalls and Solutions

PITFALL 1: "Reward Hacking"

Problem: Model finds shortcuts to
maximize reward (e.g., excessive
flattery, repetition)

Solution: Increase KL penalty, improve
reward model diversity

\

PITFALL 3: "Forgetting /
Capability Loss"

Problem: Model loses abilities it had
after SFT

Solution: Mix in SFT data during RL, use
smaller learning rate

(

PITFALL 2: "Mode Collapse”

Problem: All outputs become similar,
lose diversity

Solution: Lower learning rate, increase
KL coefficient, use entropy bonus

PITFALL 4: "Unstable Training"

Problem: Loss spikes, reward
oscillates wildly

Solution: Gradient clipping, warmup,
smaller PPO epochs
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See you on Monday!



