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Generalized Policy Iteration
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: Bellman optimality operator
: Greedy policy w.r.t v
: Value function at the k-th step

: Transition matrix of the greedy policy =,



Generalized Policy Iteration
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Acceleration Methods
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Operator Splitting VI

Rank-One VI (R1VI)
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Speedy Q-learning
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Rank-One QL (R1QL)



Rank-One Value Iteration (R1VI)

Vi1 = Ok + Gi (T(vg) — vg)

Policy Iteration Approximate P;
Gr=I—vP)™" Gr=I—vP)"
Lemma 1: If the MDP is ergodic, then ~  ___-----~ ¥ Spectral radius
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st. P >0, P1=1, rank(P) =1

Rank-one approximation Woodbury’s formula
Gr= (I — b)) > (I —y1d])™! > T+ %wg
-
Vi+1 — TRl(Uk:) = T(’Uk) —+ ﬁ <d;—|c_,T(’Uk;) — ’Uk> 1



Rank-One Value Iteration (R1VI)
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Algorithm R1VI

initialize: vy € R", d_; € A(R")
for k=0,1,...

compute , and Fj

d, = P/ dj_,

V1 = TRl(’Uk) — T(”Uk) + ﬁ <d,I,T(vk) — ”Uk> 1

Power Iteration
d;jH) = Pkd,(f) fori=0,1,...,N

set N <1
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Experiments
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— R1-VIrequires a similar number of iterations for larger v values.
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Summary & Limitations

—>» R1-VI and R1-QL has the same computational complexity as VI and QL,

respectively.
—> Both R1-VI and R1-QL are convergent with rate v, but the corresponding

operators are not contractions (Theorems 3.3 & 4.2).

—>» Improvement in the value space, but no improvement in the policy space.

—> Performance depends on the spectral gap of P;.

—> Adaptable to asynchronous learning (no convergence guarantee) and

average reward setting.



