Sample Efficient Policy Gradient Methods with

Recursive Variance Reduction

(5 Sy Pan Xu and Felicia Gao and Quanquan Gu
University of California, Los Angeles

Policy Gradient Comparison on Sample Complexity

» Sample complexity
toatal number of trajectories needed to achieve ||V.J(0)]|5 < ¢

» Setting N = O(1/€), B=m =S5 = O(1/€"/?), we obtain the sample

» Markov decision
process (MDP)

> State s € S complexity of SRVR-PG: O(1/€%/?)
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> ]Tjraf)S't'OH transition ' REINFORCE (Williams, 1992) O(1/é)
ok (s ‘Sc] a) PGT (Sutton et al., 2000) O(1/€)
i Pe\ll'var r(s, a) GPOMDP (Baxter and Bartlett, 2001) O(1/¢*)
olicy mg(als) SVRPG (Papini et al., 2018) O(1/¢)
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» Goal: maximize the performance function SVRPG (Xu et al., 2019) O(1/€?)
SRVR-PG O(1/€'?)

‘](6> = Lrop(-|0) Z ’yhT(Sh, ah)

> Trajectory: 7 = (Sg, ag, S1,71, -, SH_1, AH—_1, SH)
> Trajectory distribution:

p(710) = p(s0) [Ti—y mo(an|sn)P(shialsn, an)
» GPOMDP policy gradient estimator'

» Setup
> Environments: Cartpole, Mountain Car, Pendulum
> Deep Gaussian policy

mg(als) = 1/vV2mexp (— (f(6;¢(s)) — a)*/(207))
g9(7:|0) = Z 7T Shv ah Z Vg log e at‘st) V.J(6) » o° is a fixed standard deviation parameter
> ¢: S +— R%is a neural network function.

SRVR-PG » Problem dependent parameters

Parameters Cartpole Mountain Car Pendulum
> In.p.ut: num!aer of epochs S, epoch length m, step size 1, batchjolze N, NN size 64 64 3% 8
mini-batch size B, gradient estimator ¢(7|@), initial parameter 8" = 6, NN activation function  Tanh Tanh Tanh
01 for s =0,...,5 —1do Task horizon 100 1000 200
02 65" =6° Total trajectories 2500 3000 2 % 10°
03 samlple N trajectories {’?} » Comparison of different algorithms
s+1 __ S+ : .
04 Vo+1 — N;z’ 19(71‘19 ) > Experimental results are averaged over 10 repetitions
S _ S S . . . .
05 67" =6;" +nvyq > Figures (a), (c) and (e): comparison with baselines GPOMDP and
06 fort=1,....m—1do SVRPG
07 samlple B tga'ectories {75} 1 1 > Figures (b), (d) and (f): comparison of different batch size B on the
+1 _ 5+ + +
08 vt =it 4+ 5 (9(7165Y) — gu(7i|6;H) verformance of SRVR-PG
09 9;:11 — Herl 77Vt8+1 x103 x103
10 end for i CSSCFC::/IGDP vt N7 P M - g:io \\,v\..," AR
19 e d for = SRVR.PG LN NG T el T B =20 ’ B ;
12 output 0, uniformly from {67} = = |
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» Policy gradient estimator
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» Importance weight e S
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Convergence Analysis g g
i, < —3.51 /;\ ......... GPOMDP < —3.51 1y 5 :
> Assumptlons RS —— SVRPG o
> Smoothness: for all 0, s, a, the policy satisfies 75k . . ] D I . . . .
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> Bounded variance: there exists a constant & > 0 such that 103 103
Var (g('r|9)) < €2, for all policy mg s o)
> Importance weight: there is a constant ' < oo such that .y Y
w(-|01,05) = p(-161)/p(-|0-) satisfies E_O_G 5_0,6
Var(w(ﬂ@l, 92)) < W, VBl, 92 - Rd, T p(\Hg) v Y -0.8
o —0.8 (©
» Convergence of SRVR-PG o T -101 Al
Let step size n < 1/(4L) and batch size B > CmnG*MW~(1 — ~)~? D ™ cpomop | -12] [
124 | —— SVRPG =
A 2 8(‘](6*> T J(HO)) 652 e —— SRVR-PG —1.4-
t[ ‘VJ(Hout) HQ} < 0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
nSm N Number of Trajectories x10° Number of Trajectories x10°
Remark: independent of [/ due to the step-wise importance weight (e) Pendulum (f) Pendulum
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