
Proximal Policy Optimization (PPO) Algorithm 
OpenAI

”PPO has become the default reinforcement learning algorithm at
OpenAI because of its ease of use and good performance”
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Brief Recap of Policy Gradient (REINFORCE)

What is Policy Gradient Methods ?

● Policy Gradient Methods: 

○ The goal of Reinforcement Learning is optimizing the policy parameters to maximize the expected 

reward.

○ When optimizing the policy, we need to find the direction in which the expected reward increases the 

most.

○ Optimize the parameter θ directly by performing the gradient ascent                                    on the 

performance of the objective function. 2



Brief Recap of Policy Gradient (REINFORCE)

Weaknesses of Policy Gradient (REINFORCE) 

● Unstable update: Step size is very important.

○ Step size is too large -> Generate bad policy -> Collect bad 

samples

○ Step size is too small -> The learning process is slow

● Data Inefficiency: 

○ Learn a policy directly from the data generated by the current 

policy -> sensitive to the current policy's performance -> new 

set of trajectories for every new policy

○ Set of trajectories is used only once for a single gradient 

update -> prevents it from leveraging the full potential of the 

collected experiences
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Solving Data Inefficiency : Importance Sampling

● Importance Sampling: 

○ Eliminate the need to collect new trajectories for 

each update by using old policy to estimate the 

new rewards.

○ Do that by reweighting the rewards with the 

importance sampling ratio.

What is Importance Sampling?

*Sample from q distribution to estimate p-distribution
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Solving Unstable: Trust Region Policy Optimization

● Trust Region Policy Optimization (TRPO) algorithm: 

○ Key Idea:  Limit the size of each policy update -> new policy is not too far from the old one (using KL 

divergence) -> can maintain stability during learning!

○ Note : 

○ Word “value"  here refers to the expected cumulative return (total discounted reward that the 

agent accumulates over a trajectory).

First look at the previous work!

TRPO with objective function constrained by form of KL divergence
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Trust Region Policy Optimization (TRPO)

TRPO uses hard constraint

Hard constraint in form of KL divergence between old 
and new policy

Reason : Difficulty in choosing an appropriate penalty beta coefficient (soft constraint)

• If the coefficient too large -> The constraint will be too restrictive, hindering learning.

• If the coefficient too small -> The constraint will be violated too much, leading to unstable updates.

6



Problems with Trust Region Policy Optimization (TRPO)

Problem : Computationally Expensive

A second-order optimization (conjugate gradient) is used to solve the 
constrained optimization problem!
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#1 Key Idea of Proximal Policy Optimization (PPO)

● Adaptive KL Penalty: 

○ Hard to pick 𝛽 value -> use adaptive penalty beta coefficient 𝛽

○ If the difference of two distribution (d) is too small - > soften the penalty

○ If the difference of two distribution (d) is too big - > add more penalty
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PPO with Adaptive KL Penalty



#2 Key Idea of Proximal Policy Optimization (PPO)

● Clipped surrogate objective function: 

○ Unstable updates often happen when r changes too quickly -> limit r within a range of interval (1 −𝜖, 

1+𝜖).
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PPO with Clipped Objective



#2 Key Idea of Proximal Policy Optimization (PPO)

Clipped surrogate objective function

● Clipped surrogate objective function: 

○ Key Idea:  If probability ratio is very big -> Clip it -> that value only lies within interval (1 − 𝜖, 1 + 𝜖).

○ Take the minimum of the clipped and unclipped objective, so the final objective is a lower bound 

(i.e., a pessimistic bound) on the unclipped objective. 

○ Eliminates the need to handle constraints -> simpler unconstrained optimization problem.

○ Can be solved using first-order methods like gradient ascent -> computationally less expensive 

compared to second-order methods.
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Clipped Surrogate 
Objective function



PPO’s Performance

Proximal Policy Optimization (PPO) Performance
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PPO’s Performance

Proximal Policy Optimization (PPO) Performance
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Proximal Policy Optimization (PPO) in Practice

● Breakdown of the function: 

○ Clipped surrogate objective -> optimize the policy while keeping the changes in the policy within a 

certain limit -> avoid large policy updates that could lead to instability.

○ A squared error loss -> make the predicted state-value function as close as possible to the target value 

function -> accurate approximation of the expected future returns for a given state.

○ Entropy bonus -> adding intensive for choosing actions with higher entropy -> can explore different 

parts of the state-action space.
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Thank You
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