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Motivation - Why RLHF
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From Language Modeling to Alignment

LLM: models are trained to predict the next token in a sequence.

• The capital of France is → Paris

• Machine learning is a field of → artificial intelligence

• Deep reinforcement learning combines → RL and neural networks

Fluent responses

Grammatically correct text

Factually plausible content

✘ Produce harmful outputs

✘ Generate misleading information

✘ Ignore human intentions

✘ Fail to follow user preferences

New Goal: Alignment

Language 
Patterns

• Human Intentions
• Human Preferences
• Human Values
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Why Next-Token Prediction Is Not Enough

Language Models Optimize Only One Objective

During pretraining, a language model learns to predict.

The model is rewarded for predicting the most likely continuation of text!

𝑃 𝑛𝑒𝑥𝑡 𝑡𝑜𝑘𝑒𝑛 | 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 𝑡𝑜𝑘𝑒𝑛𝑠

How can I kill my neighbors?

Step 1 ...
Step 2 ...
Step 3 ...

Because similar text 
exists in the training 
dataset.

Core Limitation

• A language model learns

"What people write"

but not necessarily

• What people want

• What people prefer

• What people consider acceptable
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Hallucination and Misaligned Behaviors

Hallucination: 

A hallucination occurs when a model generates information that 

appears convincing but is not supported by facts.

User: Who won the 2030 FIFA World Cup?

Model: South Korea won the 2030 FIFA World Cup.

Misaligned Behaviors:

The model may optimize for Likelihood of Text instead of Human Preference

• Unsafe Assistance: How can I make a computer virus? → Here are steps, 1) ...

• Overconfidence: Can you guarantee this medical treatment will work? → Yes, it should work. 

• Sycophancy: I think the Earth is flat. Am I right? → You are definitely right!
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Why ChatGPT Feels Different from Base LLMs
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Human Preference as Supervision
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From RL to RLHF
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Recap: Reinforcement Learning for RLHF
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Recap: A Taxonomy of RL

Policy-based
(On-policy)

Value-based
(Off-policy)

Duel
Double

✓ Markov Decision Process (MDP)

✓ Dynamic Programming (DP)

✓ Monte Carlo (MC)

✓ Temporal Difference (TD)

✓ Multi-Armed Bandit (MAB)



12 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

Recap: Policy Gradient
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Recap: Actor–Critic



14 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

Recap: PPO for Stable Policy Optimization
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Why PPO Became the Standard in RLHF
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RL Components in LLM Alignment
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State, Action, and Reward in RLHF
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Imitation Learning (IL)
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What Is Imitation Learning?

Learning by watching experts instead of trial & error
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Learning from Expert Demonstrations
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Behavior Cloning

ChatGPT의 SFT(Supervised Fine-Tuning) 단계도 넓은 의미에서는 Behavior Cloning

3. example Limitation:
• The agent only learns from 

observed data
• If it encounters unseen

situation, it may fail.
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Supervised Learning vs Reinforcement Learning
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Distribution Shift Problem
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Covariate Shift in Sequential Decisions
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DAgger: Dataset Aggregation (1/2) 
모방 학습(Imitation Learning)에서 발생하는 '실수 
누적 문제'를 해결하기 위해 개발된 반복적 데이터 
수집 및 학습 알고리즘



26 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

DAgger: Dataset Aggregation (2/2) 
모방 학습(Imitation Learning)에서 발생하는 '실수 
누적 문제'를 해결하기 위해 개발된 반복적 데이터 
수집 및 학습 알고리즘
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Why Imitation Learning Alone Is Not Enough
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Connection Between SFT & Behavior Cloning
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RLHF Pipeline
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RLHF Pipeline
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Full RLHF Pipeline Overview
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Stage 1. Supervised Fine Tuning (SFT)



33 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

Supervised Fine-Tuning (SFT)
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Instruction Tuning with Human Demonstrations

• Not Used to Train the Reward Model, Reward 

Model is Trained Separately

• Output: SFT Model (Initial Policy Model)

Initial Policy Model
(Initial SFT Model)

핵심 아이디어:

인간이 작성한 지시문과 응답 예제를 활용하여,

LLM이 인간의 의도에 맞는 답변을 생성하도록 지도학습 한다.
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From SFT to RLHF Models: Policy, Reward, and Reference
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Stage 2. Reward Model
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Building Preference Datasets

"Preference Dataset은 어떻게 만들어지는가?"
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Human Ranking: Better vs Worse Responses

"사람은 무엇을 기준으로 Better/Worse를 선택하는가?"

• Helpfulness
• Correctness

⋮

• Safety
• Clarity

⋮
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Reward Model Architecture

SFT까지 끝난 LLM 을 복사
 → Reward Model로 활용

LLM 뒤에 점수 하나를 
출력하는 Head를 붙인 모델
(LLM Backbone)

Reward Model과 Policy Model이 동일한 
사전학습 언어모델(LLM)을 기반으로 시작
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Preference Learning

• 인간이 어떤 응답을 더 선호하는지 학습하는 과정

• LLM이 직접 사람의 머릿속을 읽을 수 없으니까 사람이 선택한 결과를 보고

"아하, 이런 답변을 좋아하는구나!"를 배우는 단계

매번 사람에게 물어볼 수는 없다.
Prompt → Response → Human Judge

Reward Model이

(Prompt, Response)를 입력 받아

Score = 8.2 같은 Reward Score 출력하도록 학습
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Pairwise Ranking Loss

절대적인 점수를 맞추는 문제가 아니라

두 응답의 상대적인 순서(Human Preference)를 맞추도록 학습
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Stage 3. PPO Optimization
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PPO Objective in RLHF

• Reward Model이 제공한 보상을 최대화하도록 PPO가 Policy Model을 업데이트

• 높은 보상의 응답은 생성 확률을 높이고, 낮은 보상의 응답은 생성 확률을 낮춘다.
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KL Penalty and Reference Model (1/2)

Why Not Maximize Reward Only?

• Reward만 최대화하면 모델이 비정상적인 응답을 생성할 수 있다.

• Reward Hacking, Mode Collapse, 반복 응답 문제가 발생 수 있다.

• 학습이 진행될수록 원래 SFT 모델의 능력을 잃을 수 있다.

Solution: KL Penalty

• 새로운 Policy가 기존 SFT 모델에서 너무 멀어지지 않도록 제한

• Policy와 Reference Model의 차이를 KL Divergence로 측정

• 큰 변화에는 패널티 부여

Reference Model:

• SFT가 끝난 모델을 복사하여 생성

• PPO 동안 파라미터를 고정(Frozen)RLHF의 기준점(Baseline) 역할 수행



45 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

KL Penalty and Reference Model (2/2)
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Problems and Limitations of RLHF
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Reward Hacking in RLHF

Policy Model은 실제 인간 선호가 아니라 

Reward Model의 약점을 학습할 수 있음.

What Is Reward Hacking?

• PPO maximizes the Reward Model score.

• The Reward Model is only an approximation of human preferences.

• The policy can discover shortcuts that receive high rewards without 

producing genuinely good responses.

Human Preference

Helpful Response        

↓

High Reward

Expected behavior

Reward Hacking

High Reward

↓

Poor Response

Unexpected behavior

• Misaligned responses

• Repetitive outputs

• Excessive confidence

• Loss of helpfulness
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Sycophancy Problem

• 최근 RLHF 연구에서 매우 중요하게 다뤄지는 문제

• GPT 계열, Claude 계열, Gemini 계열이 모두 겪는 문제



49 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

Alignment Tax

Alignment techniques often introduce trade-offs.

Improving safety and alignment can sometimes reduce:

• Creativity

• Helpfulness

• Task performance

• Problem-solving 

ability

Without Alignment

• More Capability

• More Freedom

• Higher Risk

With Alignment

• Safer Responses

• Better Behavior

• Lower Risk

Reduced 
Capability

Alignment is not free!

Safety often comes with a cost (tax).
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Safety and Ethical Concerns
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Real-World RLHF Systems
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RLHF in Modern AI Systems

Domain Example Systems Role of RLHF

Conversational AI ChatGPT, Claude, Gemini Helpful, Honest, Harmless 
responses

Open-Source LLMs Llama 3, DeepSeek, 
Qwen, Mistral

Instruction following and 
alignment

Code Generation
(Coding Agents)

GitHub Copilot, 
Cursor AI, Codeium, 
Amazon Q Developer

Better code quality and 
reduced errors

Robotics & Agents RT-2, Voyager, AutoGPT, 
OpenHands

Human-guided decision 
making

Multimodal AI GPT-4o, Gemini 2.5, 
Claude Sonnet Vision, 
Qwen-VL

Aligning text, image, and 
user intent
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The Expanding Impact of RLHF

From ChatGPT to Robotics,

RLHF is the foundation of AI alignment in real-world systems.

• Pretraining teaches knowledge
• SFT teaches behavior
• RLHF teaches preference.

더 똑똑한 AI만으로는 
충분하지 않음!

인간과 더 잘 정렬된 AI가 
진정으로 중요

• DPO: Direct Preference Optimization, Reward 모델을 별도 학습 X, 선호 데이터를 곧바로 Policy 학습에 적용

• RLAIF: Reinforcement Learning from AI Feedback, AI가 선호도를 평가
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