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A Taxonomy of RL Algorithms

Policy-based
(On-policy)

Value-based
(Off-policy)

이미 배운것

오늘 배울것

Duel
Double

✓ Markov Decision Process (MDP)

✓ Dynamic Programming (DP)

✓ Monte Carlo (MC)

✓ Temporal Difference (TD)

✓ Multi-Armed Bandit (MAB)
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Design Principles of Modern RL

Function Approximation

Neural networks approximate value and policy functions

Off-policy Learning
Replay buffers improve sample efficiency

Variance Reduction

Advantage estimation reduces gradient variance

Entropy Regularization
Encourages exploration and prevents 
premature convergence

Clipped / Constrained Updates

Improve training stability (TRPO, PPO)
We’ll explore

Covered these
technologies 
so far!
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Evolution of Continuous Control RL
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Motivation: Why Policy Gradient Is Unstable?

Policy Gradient Methods

• Directly optimize the policy

• Can learn complex behaviors

• Effective for continuous action spaces

However, ...

• Large policy updates can be dangerous

• Performance may collapse

• Training can become highly unstable

Need a method that 

improves policy while 

preventing excessively 

large updates.
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Why Large Policy Updates Are Dangerous?

Even a small parameter update, policy gradient can drastically change behavior.

➔ We need a way to limit policy changes safely.
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Trust Region Idea

Trust Region: 
Restrict policy updates to remain close to the previous policy

𝜋𝑜𝑙𝑑 ≈ 𝜋𝑛𝑒𝑤
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Conceptual Representation of KL Divergence in RL
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KL Divergence: Distance Between Policies

What is KL Divergence?

• Measures difference between two 

probability distributions

• Compares old and new policies

• Quantifies policy shift

𝐷𝐾𝐿 𝜋𝑜𝑙𝑑||𝜋𝑛𝑒𝑤 ≤ 𝛿

Small KL Divergence

→ Similar Policies

→ Stable Learning
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Introduction to the inventors

In mathematical statistics, the Kullback–Leibler 
(KL) divergence (also called relative entropy and 
I-divergence[1]), denoted 𝐷𝐾𝐿(𝑃||𝑄), is a type of 
statistical distance.

A measure of how one probability distribution P 
is different from a second, reference probability 
distribution Q.

Kullback, S.; Leibler, R.A. (1951). 
"On information and sufficiency". 
Annals of Mathematical Statistics. 22 (1): 79–86. 
doi:10.1214/aoms/1177729694

https://doi.org/10.1214%2Faoms%2F1177729694
https://doi.org/10.1214%2Faoms%2F1177729694
https://doi.org/10.1214%2Faoms%2F1177729694
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Applications of KL Divergence

두 분포가 있을 경우, 그 차이를 어떻게 측정할까???

두 분포의 차이를 측정할 수 있다면?

Deep Learning:

Can optimize the difference between 

𝑌(𝑃𝐿𝑎𝑏𝑒𝑙) and  ෠𝑌(𝑃𝜃) to be minimized

Reinforce Learning:

Can measure the difference 

between two policy distributions
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KL Divergence Definition

𝐷(𝑝| 𝑞 = 𝔼 𝑝 log
𝑝(𝑋)

𝑞(𝑋)
= ෍

𝑥∈𝒳

𝑝 𝑥 × log
𝑝(𝑥)

𝑞(𝑥)

Definition

, 𝑤ℎ𝑒𝑟𝑒 𝑝 & 𝑞 𝑎𝑟𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

𝑋 𝑖𝑠 𝑟𝑎𝑛𝑑𝑜𝑚 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 and

기준이 되는 분포

0 log
0

0
= 0, 0 log

0

𝑞
= 0, 0 log

𝑝

0
= ∞ 

𝐷(𝑝| 𝑞 = 𝔼 𝑝 log
𝑝 𝑋

𝑞 𝑋
= − ෍

𝑥∈𝒳

𝑝 𝑥 × log
𝑞(𝑥)

𝑝(𝑥)

분자와 분모를 바꿔서 표현해도 무방합니다 ^^.
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Distance vs. Divergence

In information geometry, a divergence is a 
kind of statistical distance: a binary 
function which establishes the separation 
from one probability distribution to another 
on a statistical manifold.

The simplest divergence is squared 
Euclidean distance (SED), and divergences
can be viewed as generalizations of SED. 

The other most important divergence is 
relative entropy (also called Kullback–
Leibler divergence)

Source: https://en.wikipedia.org/wiki/Divergence_(statistics)

𝑁𝑜𝑡𝑒:
𝐼𝑛 𝑔𝑒𝑛𝑒𝑟𝑎𝑙

𝐷(𝑝| 𝑞 ≠ 𝐷(𝑞||𝑝) 

거리 개념을 사용하는 것에 
약간의 이견이 존재

Euclidean distance 관점에서는 틀린 말

일반적 거리 관점에서는 맞는 말

유명한 책 ‘Element of Information Theory’  그리고
Online Wiki 에서는 KL Divergence를 
KL distance 라고 표현

https://en.wikipedia.org/wiki/Divergence_(statistics)
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손으로 구해보는 KLD (1/2)

𝑝

𝑞

𝑟(𝑥)

𝑞(𝑥)

𝑝(𝑥)

𝑟

𝑥
𝐷(𝑝| 𝑞 = 𝑝 𝑥 × log

𝑝(𝑥)

𝑞(𝑥)

𝐷(𝑝| 𝑟 = 𝑝 𝑥 × log
𝑝(𝑥)

𝑟(𝑥)

로그 값이 음수가 
나오더라도 성립한다.
(가까울수록 작은 값)

𝑝(𝑥)

𝑞(𝑥)
<

𝑝(𝑥)

𝑟(𝑥)
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손으로 구해보는 KLD (2/2)

𝑝

𝑞

𝑟(𝑥)

𝑞(𝑥)

𝐷(𝑝| 𝑞 = 𝑝 𝑥 × log
𝑝(𝑥)

𝑞(𝑥)

𝐷(𝑝| 𝑟 = 𝑝 𝑥 × log
𝑝(𝑥)

𝑟(𝑥)

𝑝(𝑥)

𝑟

𝑥

로그 값이 양수가 
나오더라도 성립한다.
(가까울수록 작은 값)

𝑝(𝑥)

𝑞(𝑥)
<

𝑝(𝑥)

𝑟(𝑥)
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Lower Bound of KL Divergence

Using Log Sum Inequality

෍

𝑖=1

𝑛

𝑎𝑖 log
𝑎𝑖

𝑏𝑖
≥ ෍

𝑖=1

𝑛

𝑎𝑖 log
σ𝑖=1

𝑛 𝑎𝑖

σ𝑖=1
𝑛 𝑏𝑖

𝐷(𝑝| 𝑞 = ෍

𝑥

𝑝 𝑥 log
𝑝(𝑥)

𝑞(𝑥)

≥ ෍

𝑖=1

𝑛

𝑝𝑖 log
σ𝑥 𝑝(𝑥)

σ𝑥 𝑞(𝑥)

= 1 × log
1

1
= 0

𝑇ℎ𝑒𝑟𝑒𝑓𝑜𝑟𝑒,

𝐷(𝑝| 𝑞 ≥ 0

Proof

Using Gibbs' Inequality

log 𝑡 ≤ 𝑡 − 1, ∀ 𝑡 > 0

Proof

Let 𝑡 =
𝑄 𝑥

𝑃 𝑥

log
𝑄 𝑥

𝑃 𝑥
≤

𝑄 𝑥

𝑃 𝑥
− 1

𝑃 𝑥 log
𝑄 𝑥

𝑃 𝑥
≤ 𝑄 𝑥 − 𝑃 𝑥

෍

𝑥

𝑃 𝑥 log
𝑄 𝑥

𝑃 𝑥
≤ ෍

𝑥

𝑄 𝑥 − 𝑃 𝑥

෍

𝑥

𝑃 𝑥 = ෍

𝑥

𝑄 𝑥 = 1

෍

𝑥

𝑃 𝑥 log
𝑄 𝑥

𝑃 𝑥
≤ 0

𝑇ℎ𝑒𝑟𝑒𝑓𝑜𝑟𝑒,

෍

𝑥

𝑃 𝑥 log
𝑃 𝑥

𝑄 𝑥
≥ 0
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KL Divergence Visualization

𝑝

𝑞

𝐷(𝑝| 𝑟 = 𝑝 𝑥 × log
𝑝(𝑥)

𝑞(𝑥)

∞만큼 떨어져 
있다면?

완전히
똑같다면?

𝑞∞

𝐷(𝑝| 𝑞 = 0 𝐷(𝑝| 𝑟 = ∞
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KLD & Cross Entropy?

𝐻 𝑝, 𝑞 = 𝐻 𝑝 + 𝐷(𝑝||𝑞)

𝑝
𝑞기준이 되는 

확률 분포의 
엔트로피

KLD

비교 대상이 되는 확률 분포와
떨어진 정도/거리 (diverse / distance)
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KL Divergence: Mathematical Interpretation

Discrete version:

𝐷𝐾𝐿 𝑃||𝑄 = ෍

𝑥

𝑃 𝑥 log
𝑃 𝑥

𝑄 𝑥

RL version:

𝐷𝐾𝐿 𝜋𝑜𝑙𝑑||𝜋𝑛𝑒𝑤

𝐷𝐾𝐿 𝜋𝑜𝑙𝑑||𝜋𝑛𝑒𝑤 ≤ 𝛿

Small KL Divergence

→ Similar Policies

→ Stable Learning

= ෍

𝑎

𝜋𝑜𝑙𝑑 𝑎|𝑠 log
𝜋𝑜𝑙𝑑 𝑎|𝑠

𝜋𝑛𝑒𝑤 𝑎|𝑠

Trust Region Idea
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Trust Region Policy Optimization (TRPO)
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Trust Region Policy Optimization (TRPO)

John Schulman et al.

UC Berkeley, 2015, International 

Conference on Machine Learning (ICML)

Motivations:

Contributions:

• Large policy updates can cause unstable learning and performance collapse.

• Vanilla policy gradient methods lack a mechanism to safely constrain policy changes.

• Large policy updates can cause unstable learning and performance collapse.

• Vanilla policy gradient methods lack a mechanism to safely constrain policy changes.

• OpenAI (2015) 공동창업자

• ChatGPT 학습과정 설계

• 엔트로픽 이직(2024)

• Thinking Machine Lab(2025)

• 현재?

⋮
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TRPO Objective Function
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Geometry of Trust Region
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Why TRPO Is Computationally Expensive?

𝐿 𝜃 ≈ 𝐿 𝜃𝑜𝑙𝑑 + 𝑔𝑇∆𝜃 +
1

2
∆𝑇𝐻∆𝜃

• 𝐿 𝜃 : Current Objective 
(expected reward or surrogate objective)

• 𝜃𝑜𝑙𝑑: Policy params before update

• 𝜃 : Current params of policy network

• ∆𝜃: Variation of params

𝑔: Gradient vector, 

the first derivative, 

𝑔 = ∇𝜃𝐿 𝜃

"Where should we go?"

Second-order approximation 
form of Taylor expansion

𝐻: Hessian matrix, 

the second derivative,

𝐻 = ∇𝜃
2 𝐿 𝜃

"How careful should we be?"

현재 위치에서의 
objective 값
기준점(base value)

gradient 방향으로 
얼마나 이동했는가?
1차 변화량 
(선형 근사)

방향 Δ𝜃로 움직였을 때의 곡률 기반 
변화량. Gradient는 증가 방향만 알려
주지만 Hessian은 곡률(curvature)이 
얼마나 급하게 휘는지(위험한지, KLD) 
민감도 제공
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Why TRPO Is Computationally Expensive?

KL-divergence의 곡률(curvature)을 

측정해서 policy update를 안전하게 

만들자!

• 𝐻: Hessian matrix (curvature information of KLD)

𝐻 = ቚ∇𝜃
2 𝐷𝐾𝐿 𝜋𝑜𝑙𝑑||𝜋𝜃

𝜃𝑜𝑙𝑑

• ∇𝜃
2 : Second derivative (how steep the curve is)

• 𝐷𝐾𝐿: The difference between old & new policy

그 방향이 얼마나 

위험하게 휘어져 있는가?

자동차로 보는 

미분의 직관

1차 미분: 속도

(얼마나 빨리 움직이나?)

2차 미분: 가속도

(속도가 얼마나 빠르게 변하나?)

현재 policy 위치에서 Hessian 계산
• 현재 위치 주변의 curvature 측정
• local approximation 수행

𝐷𝐾𝐿 𝜋𝑜𝑙𝑑||𝜋𝑛𝑒𝑤 ≤ 𝛿
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Why TRPO Is Computationally Expensive?

Computational Issues:

• Expensive optimization

• Complex implementation

• Difficult debugging

• Hard hyperparameter tuning

Practical Issues:

• Slow training

• Large memory usage

• Hard to scale

Can we achieve similar stability 

using a simpler method?
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Proximal Policy Optimization (PPO)
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Proximal Policy Optimization (PPO)

John Schulman et al.

(Same to TRPO first author)

OpenAI, 2017, arXiv preprint, 

No Conference, No Journal, But Widely adopted in industry and research

Motivations:

Contributions:

• TRPO achieves stable learning but requires expensive second-order optimization.

• More practical policy optimization algorithm was needed for large-scale deep RL. 

• Introduced clipped policy objective for stable first-order policy optimization.

• Achieved TRPO-like stability with significantly simpler implementation and lower cost.
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PPO Motivation

Computational Issues:

• PPO simplifies TRPO

• Safe update region while

• Simple gradient ascent

Practical Advantages:

• First-order optimization

• Easy implementation

• Stable learning

• Approximate trust region
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Stable Policy Updates with Clipping

Measures how much the new policy changes

• Ratio > 1 → action probability increased

• Ratio < 1 → action probability decreased

Policy Ratio

𝑟𝑡 𝜃 =
𝜋𝜃 𝑎𝑡|𝑠𝑡

𝜋𝑜𝑙𝑑 𝑎𝑡|𝑠𝑡

Clipping Trick

𝑐𝑙𝑖𝑝 𝑟𝑡 𝜃 , 1 − 𝜖, 1 + 𝜖

Prevent excessively large 

policy updates
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PPO Clipped Objective Function

If update is small
• behave like normal 

policy gradient

If update becomes 
too large
• clipping activates
• objective stops 

increasing

Results:
• table learning
• safer optimization

PPO stabilizes policy learning using a simple clipping mechanism.
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Understanding the Min Operator
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PPO Training Pipeline



34 / 40 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

PPO Actor–Critic Architecture

• PPO: Reinforce Learning Algorithm (너무 급하게 바꾸지 않는다는 철학)

• PPO Actor-Critic: PPO를 구현하는 대표적 구조 (수많은 변종 존재)
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PPO vs TRPO Comparison
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Why PPO Became Popular



37 / 40 소프트웨어 꼰대 강의 | 노기섭 교수 | Hongik University

RLHF for Large Language Models

PPO is not only used in robotics or games.

It is also used to align large language models with human preferences.
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Challenges of RLHF
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PPO Limitations & Future Research

PPO Limitations:

• On-policy inefficiency

• Requires many environment 

interactions

• Hyperparameter sensitivity

• Exploration difficulty

Research Topics:

• Reduce environment interaction cost

• Improve data reuse efficiency

• Curiosity-driven learning

• Learning without online environment interaction

• Training from static datasets

• Cooperation and competition between agents

• Scalable decentralized learning

⋮
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Summary

Key Insights:

• Large policy updates can destabilize 

learning

• Trust-region methods improve stability

PPO bridged classical RL and modern LLM alignment.

• PPO simplifies TRPO using clipping

• PPO became the de-facto on-policy RL algorithm

• RLHF extended PPO into the LLM era
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