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Exploration

Multi-Armed Bandit
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Exploration

Multi-Armed Bandit
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Exploration

Regret minimization
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Exploration

ε-greedy regret grows linearly

UCB and Thompson sampling grows with log(T )
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Exploration
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Policy Gradient

Policy Optimization

Stochastic, parametrized policy πθ

maximize expected return

J(πθ) = Eτ∼πθ
[Gt(τ)]

SGD with policy gradient

θk+1 = θk + α∇θJ(πθ)|θk
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Policy Gradient

How to compute policy gradient

Derive the analitycal gradient

Compute sample estimate
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Policy Gradient

Probability of a Trajectory

Trajectory
τ = (s0, a0, ..., sT+1)

Probability of a Trajectory

P(τ |θ) = ρ0(s0)
T∏
t=0

P(st+1|st , at)πθ(at , st)

Take log
logP(τ |θ) =
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Policy Gradient

The Log-Derivative Trick

∇θlogP(τ |theta) =
∇θP(τ |θ)

P(τ |θ)

Rearrange

∇θP(τ |θ) = P(τ |θ)∇θlogP(τ |θ)
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Policy Gradient

Gradients of Environment Functions

ρ0(s0), P(st+1|st , at) and Gt(τ)

no dependence on θ

Gradients w.r.t θ are zero
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Policy Gradient

Grad-Log-Prob of Trajectory

∇θ logP(τ |θ) = (((((((∇θ log ρ0(s0) +
T∑
t=0

(
((((((((((
∇θ logP(st+1|st , at)

+ ∇θ log πθ(at |st)
)

=
T∑
t=0

∇θ log πθ(at |st).

DOROZHKO Anton (Novosibirsk State University) Policy Gradient 15 May 31, 2019 13 / 17



Policy Gradient

Basic Policy Gradient
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Policy Gradient

Basic Policy Gradient in words

Define policy as parametrized function

Write the gradient of the loss function

Play games collect trajectories (1 or more)

Compute cumulative discounted rewards for each t

Compute gradients

Update parameters of your policy

Comment: throw out trajectories
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Policy Gradient

Basic Policy Gradient
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Policy Gradient

It is good if you can ...

1 Define Markov Decision Process

2 Describe some task in terms of MDP

3 Understand value and action-value functions

4 Be able to apply Policy Iteration and Value Iteration

5 Understand model-based vs model-free

6 Be able to apply MC, TD(0) algorithms to Q-function

7 Be able to apply Q-learning, SARSA, Expected value SARSA

8 Describe the ”Exploitation / Exploration” dilemma

9 Understand ε-Greedy and ”Optimism in the face of uncertainty”
(UCB) ideas

10 Understand the idea of Policy Optimization (Policy Gradient)
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