
DOUBLE DQN



DQN RECAP

oAgent takes action a from state s and lands at s' and gets reward r.
o Tabular logic:
o Q[s,a] was my current estimate of the Expected Future reward. 
oMy current observation says it should be r+ gamma*Q[s',next_best_action]
oSo let's just update the table and put new estimate/ update to a moving 

average with some learning rate.
o In Q Network , no table but we have parameters(theta) that control the 

Mapping (s,a)-->Q. We thus treat our observation as a target 
oY_target=r+gamma*Q[s' , next_best_action]
o Tweak theta parameters such that Q(s,a) is updated to the new values.
oHow? Regression / Gradient Descent any other optimizer.



How do the Q updates look like?



Overestimation in Q Learning





Double estimator example

• Estimating the max of mean of random variables
• Consider 5 random variables with means
• [1.2, 2,1.7, 1, 0.9]
• And variance 1.
• Goal find max(E{X_i})



Double Estimators











Policy Gradient

To compute the gradient, we need to know the initial state distribution
and transition probability distribution



The Log Trick

i.e Gradient of objective is the expected 
value, and we can estimate its  gradient 
using samples drawn from this distribution

What about p(τ ) inside expectation ??



From previous slide



Our final objective Final gradient of objective

No need to know about initial and transition distribution



Sutton and Barto, Sec 13.3

Source

https://www.andrew.cmu.edu/course/10-703/textbook/BartoSutton.pdf
https://www.reddit.com/r/reinforcementlearning/comments/don9ux/update_reinforce_algorithm_stepwise_or_episodewise/


Bias & Variance of gradient estimate



Gradient of objective

Reward to go

Reduced variance since we reduced the sum to be smaller number
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