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Recap!



Policies

Why learn Q-values first and turn them into a policy? Why not just 
learn a policy?

State: s Policy Network

𝜋(𝑎1|𝑠)

𝜋(𝑎𝑛|𝑠)

𝜋(𝑎2|𝑠)

…



How do we train a policy network?

Need to find an appropriate loss function.

What’s our objective?

Find a policy 𝜋 such that the value of the start state is maximized:

𝜋 = argmax𝜋 (𝑉 𝑠0 )



Let 𝐽(𝜃) be our objective function:
𝐽 𝜃 = 𝑉 𝑠0

𝐽 𝜃 = 𝔼 𝐺0

𝐽 𝜃 = ෍
𝜏

Pr 𝜏|𝜃 𝐺(𝜏)

Pr 𝜏 𝜃 = Π𝑡=0
𝑇 𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 𝜋𝜃(𝑎𝑡|𝑠𝑡)

Probability of a 
trajectory occurring

Returns of a specific 
trajectory



Log-Derivative Trick

We can rewrite the derivative of a function using the derivative of 
the natural log function:

∇ ln 𝑓(𝑥) =
∇f 𝑥
𝑓 𝑥

∇𝑓 𝑥 = 𝑓 𝑥 ∇ln f x

When applied to Pr 𝜏 𝜃 :
∇𝜃 Pr 𝜏 𝜃 = Pr 𝜏 𝜃 ∇𝜃 ln Pr(𝜏|𝜃)



Log Probability Trick

Pr 𝜏 𝜃 = Π𝑡=0
𝑇 𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 𝜋𝜃(𝑎𝑡|𝑠𝑡)

∇𝜃 Pr 𝜏 𝜃 = Pr 𝜏 𝜃 ∇𝜃 lnPr(𝜏|𝜃)

This gradient term is 
what we want to 
calculate



Log Probability Trick

Pr 𝜏 𝜃 = Π𝑡=0
𝑇 𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 𝜋𝜃(𝑎𝑡|𝑠𝑡)

∇𝜃 Pr 𝜏 𝜃 = Pr 𝜏 𝜃 ∇𝜃 lnPr(𝜏|𝜃)

∇𝜃 lnPr 𝜏 𝜃 = ∇𝜃෍
𝑡=0

𝑇

ln𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 𝜋𝜃(𝑎𝑡|𝑠𝑡)

∇𝜃 lnPr 𝜏 𝜃 = ∇𝜃෍
𝑡=0

𝑇

ln𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 + ln𝜋𝜃(𝑎𝑡|𝑠𝑡)

∇𝜃 ln Pr 𝜏 𝜃 =෍
𝑡=0

𝑇

∇𝜃ln𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 +∇𝜃ln𝜋𝜃(𝑎𝑡|𝑠𝑡)

This gradient term is 
what we want to 
calculate

Log of product -> sum of logs

Log of product -> sum of logs

Derivative of sum -> sum of derivative



Gradient of a trajectory

∇𝜃 ln Pr 𝜏 𝜃 = ෍
𝑡=0

𝑇

∇𝜃ln 𝑃 𝑠𝑡+1 𝑠𝑡, 𝑎𝑡 +∇𝜃ln 𝜋𝜃(𝑎𝑡|𝑠𝑡)

∇𝜃 ln Pr 𝜏 𝜃 = ෍
𝑡=0

𝑇

∇𝜃ln 𝜋𝜃(𝑎𝑡|𝑠𝑡)

State transition function 
does not depend on 𝜃!



Policy Gradient Derivation
Putting it all back together:

𝐽 𝜃 = ෍
𝜏

Pr 𝜏|𝜃 𝐺(𝜏)

∇𝜃𝐽 𝜃 = ෍
𝜏

∇𝜃 Pr 𝜏|𝜃 𝐺(𝜏)

∇𝜃𝐽 𝜃 = ෍
𝜏

Pr 𝜏|𝜃 𝐺(𝜏)∇𝜃 ln Pr(𝜏|𝜃)

∇𝜃𝐽 𝜃 = ෍
𝜏

[Pr 𝜏|𝜃 𝐺 𝜏 ෍
𝑡=0

𝑇

∇𝜃ln 𝜋𝜃 𝑎𝑡|𝑠𝑡  ]

∇𝜃𝐽 𝜃 = 𝔼[𝐺0 ෍
𝑡=0

𝑇

∇𝜃ln 𝜋𝜃 𝑎𝑡|𝑠𝑡 ]

Our Objective

Take the gradient

Log-Derivative Trick

Gradient of a Trajectory

Convert back to Expectation

















See you on Monday!


