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Recap

e Lkhd weighted sampling

e PG for single state single step MDP with Gaussian Policy
e PG intuition for softmax on 2-step 2-state MDP

e PG via autodiff



Plan

e Variance and baselines

e Actor-critic

e Advantage estimation



Example: Puck World

Average Reward
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4 Figures from David Silver; Demo: Karpathy



https://cs.stanford.edu/people/karpathy/reinforcejs/puckworld.html
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[ Variance of the estimator is determined by variance of f ]




Why Does Variance Matter in Policy Gradients
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6 From Sergey Levine



Why Does Variance Matter?
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Convex Optimisation, Ryan Tibshirani



https://www.stat.cmu.edu/~ryantibs/convexopt/lectures/stochastic-gd.pdf

Aside: Control Variates

Var(X - Y) = E[(X - Y)?| - (E[X - Y])?
= E[X? - 2XY +Y?| — (E[X] — E[Y])?

— E[X?| - 2E[XY] + E[Y?] — (E[X])? — (E[Y])? + 2E[X]E[Y]
= E[X?] - (E[X])’ + E[Y?] — (E[Y])* - (2E[XY] — 2E[X]E[Y])

= Var(X) + Var(Y) — 2Cov(X,Y)

[ A route to reduce the variance of our gradient estimator ]




Variance

Reinforce Variance

L

Starting State Trajectories Return

[ Let’s see a toy example ]

9 Hugqing Face Deep RL Blog, A2C


https://huggingface.co/blog/deep-rl-a2c

Baseline VoJ (6) = Erp,(r) [Vologps(r) r(7)]

Let Y = Vyglogpg(7) - (r(r) -~ b)
E [Y] =E [V@ log pg(7) - 7“(7)] —b-E [V@ logpg(T)]

E[Vglogpy(T)] = /Pe(T)Velogpe(T) dr

= /Vepe(T) dr _

- Vg/pg(’l‘) dr — Ve]_

= [Y] == lve log b 9(7) ' T(T) [ Our revised estimator Y does not introduce bias ]




Optimal Baseline VoJ (0) = Ervpy(r) [Vo log po(7) 7(7)]
Y = Vyglogpe(T) - (7’(7) — b)

_ Var(f(2))

[ Thus, sufficient to analyse variance of Y. Then divide by N }
N

Var(E[f(z)])

Var(y) =E[Y? - (E[y)?  ([|ConWeIgnoie ihesecond terme )

E[Y] :E[VQIngg(T)-T(T)} [ Independent of b }

Therefore, we are interested in E[Y?]



Optimal Baseline ¥ = Valogra(r)- (r(r) )

[ Goal: Find b such that the variance is lowest }

Therefore, we are interested in E[Y?]

E|g(r)2(r(r) - b)?]

T = LB ()~ 7]
= (;—le :g(T)Qr(T)Q} — 2K [g(T)Qr(T)b} + b’E [9(7)2]

— 9E [9(7’)27‘(7)] + 20E [9(7’)2}
= [

opt __ E [9(7—)2"/‘(7_)]
b= e

[ In practice, we use the average reward as the baseline }




From Sutton and Barto

REINFORCE with Baseline (episodic), for estimating mg ~ 7.

Input: a differentiable policy parameterization m(als, 6)

Input: a differentiable state-value function parameterization v(s,w)
Algorithm parameters: step sizes o > 0, a™ > 0

Initialize policy parameter 8 € RY and state-value weights w € R? (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, R1,...,S7_1, Ar_1, Ry, following 7 (|-, 8)
Loop for each step of the episode t =0,1,....7 — 1:
G Zfzm VIR, (G4)
60— G — ’lA)(St,W)
W — W + @W(SV@(St,W)
0« 0+ a®~t6VInn(ASs, 0)




Example
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Example 13.1, Sutton and Barto



Variance Reduction: Temporal Structure
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[ Reduced variance since we reduced the sum to be a smaller number }




Variance Reduction: Temporal Structure

[ The policy at time t’ cannot affect reward at time t whent <t’ }
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[ Reduced variance since we reduced the sum to be a smaller number }
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Reward-To-Go Vi)~ T
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VoJ(0) = E;po(r) [(Z Vologmg(as | st ) (Zr S¢, Q¢ )] [ The OG ]
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A Single sample estimate of

Qi = Z r(8ips Qiy) [ expected reward ]
=t




Approaches to RL

If we know the policy’s corresponding Q-function,
we can improve the policy

[ Direct search in policy space }

Policy Optimization Dynamic Programming

modified
polioy iteration

\

DFO / Evolution Policy Gradients Policy Iteratlon Value Iteration
\ / Q-Learning
Actor-Critic
Methods
18

Adapted from John Schulman
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True Expected Reward-To-Go
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Vo J(0) ~ N Z Vo logmo(a;|si,t)Q(si,e. i) [ Lower variance gradient estimator }
i=1 t=1

[ We have already seen that baselines reduce variance. Let’s do that here as well }
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Baseline V(0
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[ Let’s work with the true reward-to-go }




-— . 1 S
State-Dependent Baseline b= - ;Q(Si,t,ai,t)

[ Avg reward-to-go over all possible trajectories that start at that timestep J

[ But, we want average reward-to-go over all possible trajectories that start at that state. ]

V<St> — Eatwﬂg(at|st) {Q(Stv at)]

How much better is a compared to
average action in that state
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[ Framework for actor-critic algorithm }




