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Pratical session

Policy Gradient:
Proximal policy optimization

This practical session is inspired from the blog post|Huang et al.|(2022a). This blog em-
phasizes the implementation details used in official PPO implementation by examining
its historical revisions in the openai/baselines GitHub repository (the official repository
for PPO).

BACKGROUND

Proximal Policy Optimization (PPO) is an on-policy reinforcement learning algorithm
Schulman et al.| (2017b). PPO builds on Trust Region Policy Optimization (TRPO)
Schulman et al.| (2017a). TRPO improved the stability of Deep Q-Networks (DQN) by
limiting how much the policy could change using a trust region constraint based on KL
divergence Mnih et al.[(2015). However, TRPO required computing the Hessian matrix
(which contains second derivatives), making it inefficient for large-scale applications.
Introduced in 2017, PPO simplifies TRPO by removing the need for the Hessian matrix.
TRPO enforces a strict KL divergence constraint, while PPO uses a clipped policy
gradient update, making it easier to implement while maintaining stable learning.

KEY CONCEPTS

PPO introduces a clipped surrogate objective function to prevent large policy updates.
The objective function is defined as:

L(0) = E¢ [min(ri(0)Ay, clip(re(0), 1 — €, 1 + €)A))] (0.1)
where:

« () = WZ"(‘?Q’T'S)I) is the ratio of the probability under the new policy to the old
old
policy.

« A, is the estimated advantage at time step .

* e is a hyperparameter that controls the clipping range.
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Algorithm 1 PFPO-Clip
1: Input: initial policy parameters #,. initial value function parameters gy
2 for k=10,1,2,.. do
3. Collect set of ll'}ljl'('ilil'i{‘ﬁ D). = {7} by running policy 7. = 7(#) in the environment.
: .
ok

Compute rewards-to-go K.
Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function Vi, .

6i:  Update the policy by maximizing the PPO-Clip objective:
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typically via stochastic gradient ascent with Adam.
7. Fit value function by regression on mean-squared error:
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typically via some gradient descent algorithm.
% end for

Figure 1: PPO pseudocode from |Achiam| (2018).

The pseudocode of PPO is given in figure ]

In this practical session, we will start from the CleanRL implementation Huang et al.
(2022b) for PPO. We will step by step include the implementation tricks presented in
https://iclr-blog-track.github.io0/2022/03/25/ppo-implementation-details/
to handle images as input. Finally, we will extend the code for continuous action space
environments.

Start by looking at the implementation in ppo.py which already implements 13 imple-
mentations tricks presented in|Huang et al.| (2022a).

QUESTION 1

Create a copy of ppo.py and name it "ppo_atari.py”. Following the blog [Huang et al.
(2022a), implement the 9 implementation tricks to play Atari games using images as
input of your networks. Test your implementation on the BreakoutNoFrameskip-v4 en-
vironment https://ale.farama.org/environments/breakout/.

QUESTION 2

Create a new copy of ppo.py and name it "ppo_continuous_action.py". Following the
blog Huang et al.| (2022a), implement the 9 implementation tricks for continuous ac-
tion domains. Test your implementation on the Inverted Double Pendulum environ-
ment https://gymnasium.farama.org/environments/mujoco/inverted_double_
pendulum/.


https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/
https://ale.farama.org/environments/breakout/
https://gymnasium.farama.org/environments/mujoco/inverted_double_pendulum/
https://gymnasium.farama.org/environments/mujoco/inverted_double_pendulum/

BONUS: QUESTION 3

Proximal policy optimization is an algorithm that can be sensitive to hyperparameter
tuning. If you want to learn more about it, read |Andrychowicz et al.| (2020) and [Eng-
strom et al.[|(2020). Based on these papers, tune your ppo implementations.
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