
Lecture 14
Deterministic Policy Gradient 

TRPO, PPO



Recall: Policy Approximation

⇡(a|s,✓)
We want to learn this directly!



Recall: Actor-Critic Algorithms

ACTOR: policy π

CRITIC: value fct V (or Q)

Policy Gradient Theorem: 
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Recall: Actor-Critic Algorithms

ACTOR: policy π

CRITIC: value fct V (or Q)

Policy Gradient Theorem: Actor-Critic: use V and/or  
Q to estimate G, e.g. TD(0)



Recall: Actor-Critic 1-step TD / TD(0) 
estimate:

Policy Gradient Theorem: 
∇θ Jθ(π) = 𝔼 [

T

∑
t=0

γt (qπ(St, At) − vπ(St))∇θ log(π)]}
Advantage
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What about if we want a Deterministic Policy?

How can we estimate ? When A = π(S, θ)

∇θ Jθ(π |S0 = S) ≈ ∇θQπ(π(S, θ), S)

=
m

∑
i

∂Qπ(A = π(S, θ), S)
∂ai

∇θπi(S, θ)

A = (a1, …, am), π = (π1, …, πm)

Jθ(π |S0 = S) = qπ(π(S), S) ≈ Qπ(π(S, θ), S)

= ∇AQπ (A = π(S, θ), S)∇θπ(S, θ)



Deterministic Policy Gradient:

How can we estimate ? When A = π(S, θ)

∇θ Jθ(π |S0 = S) ≈
m

∑
i

∂Qπ(A = π(S, θ), S)
∂ai

∇θπi(S, θ)

A = (a1, …, am), π = (π1, …, πm)

= ∇AQπ (A = π(S, θ), S)∇θπ(S, θ)

http://proceedings.mlr.press/v32/silver14.pdf



Deterministic Policy Gradient (on Continuous 
Control Tasks):

http://proceedings.mlr.press/v32/silver14.pdf

Actor Critic with stochastic policy

Deterministic Policy Gradient



Deep Deterministic Policy Gradient (DDPG):

https://arxiv.org/pdf/1509.02971.pdf



Deep Deterministic Policy Gradient (DDPG)Deep Deterministic Policy Gradient
I Incorporate replay bu↵er and target network ideas from DQN for increased

stability

I Use lagged (Polyak-averaging) version of Q� and ⇡✓ for fitting Q� (towards
Q⇡,�) with TD(0)

Q̂t = rt + �Q�0(st+1, ⇡(st+1; ✓
0))

I Pseudocode:

for iteration=1, 2, . . . do
Act for several timesteps, add data to replay bu↵er
Sample minibatch
Update ⇡✓ using g / r✓

P
T

t=1 Q(st , ⇡(st , zt ; ✓))
Update Q� using g / r�

P
T

t=1(Q�(st , at) � Q̂t)2,
end for

T. P. Lillicrap, J. J. Hunt, A. Pritzel, et al. “Continuous control with deep reinforcement learning”. In: ICLR (2015)

DDPG Results

Applied to 2D and 3D robotics tasks and driving with pixel input

T. P. Lillicrap, J. J. Hunt, A. Pritzel, et al. “Continuous control with deep reinforcement learning”. In: ICLR (2015)



TRPO -> PPO

Trust Region Policy Optimization:  
https://arxiv.org/pdf/1502.05477.pdf

Proximal Policy Optimization: 
https://arxiv.org/pdf/1707.06347.pdf



Notation



TRPO:



TRPO:



TRPO:
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TRPO: TRPO says: Approximately valid only if      ~ π̃ π



TRPO:



Proximal Policy Gradient (PPO)“Proximal” Policy Optimization

I Use penalty instead of constraint

minimize
✓

NX

n=1

⇡✓(an | sn)
⇡✓old

(an | sn)
Ân � �KL[⇡✓old

, ⇡✓]

I Pseudocode:

for iteration=1, 2, . . . do
Run policy for T timesteps or N trajectories
Estimate advantage function at all timesteps
Do SGD on above objective for some number of epochs
If KL too high, increase �. If KL too low, decrease �.

end for
I ⇡ same performance as TRPO, but only first-order optimization



PPO:



PPO:



PPO:



PPO:



PPO:



ResultsPractical Algorithm: TRPO

Applied to

I Locomotion controllers in 2D

I Atari games with pixel input

J. Schulman, S. Levine, P. Moritz, et al. “Trust Region Policy Optimization”. In: ICML. 2015



PPO:



Conclusion

Policy Gradient Theorem:

REINFORCE: PGT + MC for estimate of G

Actor-Critic: PGT + V,Q for estimate of G

Deterministic Policy Gradient: 

PPO is SOTA in many tasks!

∇θ Jθ(π |S0 = S) ≈ ∇θQπ(π(S, θ), S)



Value-based or policy-based?

• This is an application-dependent choice! 

• If policy space is simple to parameterize, policy search/AC work 
very well 

• Eg. powerplant control 

• If policy space is complicated, value-based is better  

• Using a value function can greatly reduce variance


