On the Global Optimality of Policy Gradient Methods
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General Utility RL Main Contributions RLGU Gradient Domination (Tabular Setting)
e MDP M (S, A, P, F,p,v) with a general utility function F', 1. Tabular setting: RLGU objective gradient domination. Theorem. Under concavity of F w.r.t. ), for every § € R?,
e Parameterized policy 7y, 0 € R?, 2. Function Approx.setting: PG algorithm and sample complex-
. ity scaling with dimension of the function approx. parames. i )
e State-action occupancy measure: F()\WH*) _ F()\W) < k() max<7_r — g VQF()\WG»
N Tell 7 |
o . o . imali 3 N —— ——
+oo Occupancy Measure Estimation via Function Approx. Optimality Gap First-Order Stationarity Metric
A (s,a) = thﬂ’)pm@(st =s,a; =a) =d"?(s) mg(als).
=0 e Motivation: d”(s) linear in density features in low-rank MDPs: ) 7
r \ / , _ with policy-dependent mismatch coeftficient:
o P(s'[s,a) = (¢(s,a), u(s")) = d"(s) = p(s) + (Wx, u(s))
max F'(A™) .
0 cRd 1 dg (TQ) 7-(-
) . * Samples {s;};_; € S" and function approximation class: k(0) = 1 —~ y , To = VEF(A™) d=|S]-|A],
PR A :=1{p, € A(S cQCR™} < |5
Applications WP S B o m<S ™ (r) € argmax, . V™ (r) for any r € RISIAl * an optimal policy
Imitation Learning  Pure exploration ) \ parameter and any p € A(S) s.t. u(s) > 0 for all states s € S.
. . . . 1
Risk-sensitive/averse RL  Experiment design MLE : d™ ~ p,_- i — ) logp,(s;). :
/ P 5 ¢T = Per, W Cargmax ; 08 Pu(Si) Assumptions
) ’ 1. Function approx. class regularity (parameter compactness
: : : B, := max,eq ||w||oo, realizability A\™ € A, Lipschitzness of p,,)
Gaps in Prior Work on Theoretical RLGU Algorithm (PG for RLGU with Occupancy Approx) | o
. . 2. Smooth policy (over)parametrization (softmax ).
e Different analysis from recent PG advances. fort =0,...,7 —1do

_ . . 3. Utlllty smoothness (HVAF()\l) — V)\F()\Q)HQ < L)\H)\l — )\QHQ )
* Convex RL/RLGU, mainly restricted to TABULAR setting. 1/p 4 g1 _ A
seudo-rewar earning via Occup. approx.
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Global Optimality of PG in RLGU? Compute MLE estimator Ay = d™ - mp,, then define: Sample complexity (Function Approximation Setting)
. « . . A~ \ ~ R 2[BwBpn]
1. How to reconcile PG analysis in standard RL with RLGU? e = VaF(A\) = VAF(A™) MLE: Vo, w.p. atleast 1 — ¢, ||[A™® — A1 < 6\/12 mlog( — ° )
2. How to scale RLGU policy optimization to large scale S x A? 2/ Policy parameter update (i) | Setting Guarantee Sample complexity
Sample N independent H-trajectories (7, 7 )1<;<n using my, .
e How to estimate unknown A\"? in large scale & x A? O( m ==2)
F non-concave E[|VF(A™u)||?] < ¢ —~—
1 N | dim(fun. approx)
Challenges Ors1 = b+ aVoF(A™),  VoF(A™) = — > T g(r, 0, 7). )
. . . . 1=1 F [ F* F(\™e < O( m 8_4)
1. Nonconvex optimization problem (but hidden convexity). concave L[E — F(A™ou )] < € dim( f?’;pm )
1 un. X
2. No Forward Bellman equation, rather Backward Bellman flow. Return: 0
3. Monte-Carlo (count-based) estimates do not scale.
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