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Definitions and Basic Principles

“Reinforcement learning is learning what to do — how to map situations to
actions — so as to maximize a numerical reward signal. The learner is not told
which actions to take, but instead must discover which actions yield the most
reward by trying them”

— Sutton and Barto, Reinforcement Learning - An Introduction, [SB18, p. 1]

Agent Environment

interaction at

feedback (st+1 and rt+1)
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Definitions and Basic Principles
Markov Decision Process (MDP)
• formalization for episodic tasks with final state at time T , i.e. t < T
• defined by tuple (S,A, T , r)

Agent
set of actions A

Environment E
set of states S

action at

st+1 and rt+1 = r (st+1 | st , at)

transition T :
Pr [st+1 | st , at ]
(stochastic)

• Markov Property: future depends only on present state, not on past
• trajectory τ : sequence of states and actions (s0, a0, . . . sT−1, aT−1, sT )

• extension to partially observable environments (POMDPs) and continuous settings often
straightforward
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Definitions and Basic Principles
Agent
• stochastic policy π (at | st), i.e. given state st , agent takes action at with some probability
• Reinforcement: choose policy π (at | st) such that expected reward Eπ,τ [Rt ] is maximized
• Learning: assume parametric policy πθ (at | st) and learn parameters θ

Rewards
• simplest measure: Rτ =

∑T−1
k=0 rk+1 (total accumulated reward)

• for long episodes, discount influence of future rewards

Rτ,γ =
T−1∑
k=0

γk rk+1 with γ ∈ [0, 1] (1)

• better for learning: cumulative reward from action at onwards

Rt ,γ =
T−1∑
k=t

γk−trk+1 with γ ∈ [0, 1] (2)

• general performance measure Gt (e.g. Rt ,γ)
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Policy Gradient Methods

• define objective Lθ = Eπθ,τ [Gt ] and choose θ∗ = arg maxθ Lθ
• Gradient Ascent: θ ← θ + α∇θLθ

∇θLθ = ∇θEπθ(τ),τ [Gt ] = ∇θ

∫
πθ(τ)Gτdτ =

=

∫
∇θπθ(τ)Gτdτ =

∫
πθ(τ)

1
πθ(τ)

∇θπθ(τ)Gτdτ =

=

∫
πθ(τ)∇θ log πθ(τ)Gτdτ = Eπθ,τ [∇θ log πθ(τ)Gτ ] =

= Eπθ,τ

[(∑
t

∇θ log πθ(at | st)Gt

)]
(3)

• intuition: high performance⇒ increase (log)likelihood of action at

• intuition: low performance⇒ make action at less likely
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REINFORCE [Wil92]

∆θ︸︷︷︸
REward

Increment

⇐ α︸︷︷︸
Nonnegative

Factor

× Gt︸︷︷︸
Offset

Reinforcement

×∇θ log πθ (at | st)︸ ︷︷ ︸
Characteristic

Eligibility

(4)

Algorithm 1: REINFORCE, modified from [SB18]
for iteration=1, 2, . . . do

run policy πθ in environment for T timesteps
to obtain trajectory {s0, a0, s1, a1, . . . sT−1, aT−1, sT}
with rewards {r1, . . . rT}
for t = 0, . . .T − 1 do

compute cumulative reward Gt ,γ =
∑T−1

k=t γ
k−trk+1

θ ← θ + α∇θ log πθ(at | st)Gt ,γ

end
end
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REINFORCE
Advantages
• simple
• widely used in combination with stabilizing extensions (e.g. Neural Data Filter[Fan+17],

Model-Agnostic ML [FAL17] or Neural Architecture Search [ZL16] and A3C [Mni+16])

Supervised Learning
• Ex∼pdata [L(x)] =

∫
x∼pdata

pdata(x)Lθ(x)dx
• with pdata fixed and Lθ known

Policy Gradient Methods
• Eτ∼πθ [G(τ)] =

∫
τ∼πθ πθ(τ)Gτdτ

• with πθ being updated and dynamics of
Gτ unknown
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REINFORCE
Problems
• gradient updates might change πθ (i.e. data distribution) such that the agent ends up in

“useless” regions
• |θ| << |S|, i.e. changing one weight changes actions for many states
• sampled trajectory and rewards only valid on current policy (not on updated one)
• usually high variance by estimating gradient (instead of loss)

⇒ multiple updates on same trajectory might lead to destructively large updates
⇒ learning rate has to be chosen carefully

⇒ sample inefficiency
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Proximal Policy Optimization

• builds up on work of Trust-Region Policy Optimization (TRPO) [Sch+15]

• mathematical derivation how to prohibit large deviations of policy πθ from πθold

• penalize a large value of the KL-divergence KL(πθold (· | st) ‖ πθ (· | st))

• optimization should take place in “trust-region”

• PPO simplifies of TRPO-objective function heuristically

• idea: clip objective function whenever policy differs too much from old policy

• additional hyperparameter ε (clipping range)

LCLIP(θ) = Et [min{σtGt , clip (σt , 1− ε, 1 + ε) Gt}] with σt =
πθ (at | st)

πθold (at | st)
(5)
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Proximal Policy Optimization - Objective

LCLIP(θ) = Et [min{σtGt , clip (σt , 1− ε, 1 + ε) Gt}] with σt =
πθ (at | st)

πθold (at | st)
(6)

σt

clip(·)

1− ε 1 + ε

(a) clipping

σt

LCLIP

1− ε 1 + ε

(b) Gt > 0

σt

LCLIP

1− ε 1 + ε

(c) Gt < 0

Figure: Visualization of the PPO-objective function, adopted examples from [Wil18] and images from [Sch+17b]
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Proximal Policy Optimization - Algorithm

Algorithm 2: PPO, modified from [Sch+17b]
for iteration=1, 2, . . . do

run policy πθold in environment for T timesteps
to obtain trajectory {s0, a0, . . . sT−1, aT−1, sT}
with rewards {r1, . . . rT}
for t=1, . . .T do

compute performance measure Gt

end
compute objective function LCLIP by summing trajectories and averaging time-steps
for epoch in 1, . . .K do

optimize surrogate LCLIP(θ) w.r.t. θ using mini-batches
obtain θ by Gradient Ascent

end
θold ← θ

end

Maximilian Stadler | AutoML | Proximal Policy Optimization Algorithms 13



Proximal Policy Optimization - Experiments
Atari Domain (discrete control, episodic environment)
• experiments on 49 Atari games from the Arcade Learning Environment [Bel+13]
• comparison with other approaches (A2C [Mni+16] and ACER [Wan+16])

(a) Exemplary Architecture (b) Atari Screenshots

Figure: Images from [Mni+15] (actually in context of Deep Q-Learning)
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Proximal Policy Optimization - Experiments
Robotic Simulations (continuous domain and environment)
• locomotion experiments OpenAI Gym [Bro+16] within MuJoCo [TET12] environments
• comparison with other approaches (Vanilla PG, TRPO, A2C, evolutionary algorithms)

Figure: Example Videos from OpenAI-Blog [Sch+17a]
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Proximal Policy Optimization - Experiments

Figure: Comparison of approaches on seven MuJoCo environments, plots from [Sch+17b]
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Proximal Policy Optimization - Advantages

• heuristic clipping ensures that updates take place in “trust-region”

• less variance than vanilla gradient methods

• policy πθ does not change too drastically per update-step

⇒ allows for optimizing the objective L in multiple epochs on the same episodes/trajectories

• simple and straightforward implementation (e.g. with or or )

• can be easily extended with other RL-techniques

• sample efficient (important for RL-based Meta-Learning)

• widely used (e.g. with AutoAugment [Cub+18], Searching for Activation Functions [RZL17],
Learning Transferable Architectures [Zop+17])

Maximilian Stadler | AutoML | Proximal Policy Optimization Algorithms 17



How to further reduce variance?

• PPO provides a powerful improvement of policy gradients

• PPO might still suffer from a high gradient variance

• BUT: so far only Rt ,γ used for performance estimate

• What about parts of an environment where the rewards are very high or extremely negative?
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How to further reduce variance

• What about parts of an environment where the rewards are very high or extremely negative?

• bring reward in some context by subtracting a baseline, i.e Gt = Rt ,γ − bt

• simple baseline: average reward

• advanced: find an approximation of how valuable certain states are

⇒ tell the agent (actor, i.e. policy) how good or bad certain states/actions are (critic)

⇒ (Advantage) Actor-Critic-Methods
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Thank you for your attention!
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