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Value lteration (\VI) ‘ & ALBERTA

Initialize a Q-function Q;
Initialize a behavior policy u;
Fort=1,..,Tdo;
Observe s; and take a; ~ u(- |a;).
Observe s;,, and receive ry.
Store (s¢, a4, Sgv1,1¢) In data butter D.
If t mod Ty,pgate = 0 then

_ A N2
Q < argminglEp [(f(S» a) — QVI) ]
p1 < NewBehaviorPolicy(Q).



Value lteration (\VI) ‘ & ALBERTA

Initialize a Q-function Q;
Initialize a behavior policy u;
Fort=1,..,Tdo;
Observe s; and take a; ~ u(- |a;). Q=1+ )/mE}XQ (S', a’)
Observe s;,, and receive ry. .
Store (s¢, a4, Sgv1,7¢) In data butter D.
If t mod Ty,pgate = 0 then

_ A \2
Q « argminsExp | (f(s,@) = Qui)" |
p1 < NewBehaviorPolicy(Q).



VI to A Policy Iteration (A -Pl) ‘ & ALBERTA

A Policy lteration:

Qipr = (1—-2) 2 AN
N=1

N
z Vn_lrt+n + VNmC?X Q(St+n+1, Q)
=1
= Q(s¢ ag) + 2 VN/lN (Tt+N + VmC?XQ (Stan+1 @) — Q(Se4n, at+N))
N=0

n

(St+ns@t+n)n=01.. IS Obtained by following a greedy policy!



Importance Sampling A -Pl ‘ & ALBERTA

Importance sampling A -Pl:

Qs apr = Q(sg, ag) + z CNVNAN (Tt+N a4 mc?x Q(Sten+1,a) — Q(Se+n, at+N)>
N=0

w(At4+nlSt+n)
where ¢, := 1, and ¢y == [[V_ .
0 N n O.U(at+n|5t+n)




Importance Sampling A -Pl ‘ & ALBERTA

Importance sampling A -Pl:

Qs apr = Q(sg, ag) + z CNVNAN (Tt+N a4 mc?x Q(Sten+1,a) — Q(Se+n, at+N)>
N=0

T(At+nl|St+n)
where ¢, := 1, and ¢y = []¥_ .
0 N n=0 u(aeenlSe+n)

Because of ¢y, traces are cut when mw(a;i,|S¢+n) = O.



Conservative and Non-Conservative Algorithms ‘ A{%ﬁﬁrﬂ&

Conservative Algorithms

* Importance sampling A -Pl

« Retrace (Munos et al., 2016)

« Watkin’s Q(A) (Watkins, 1989)

e Tree-backup (Precup et al., 2000)

Convergence thanks to trace cuts.



Conservative and Non-Conservative Algorithms ‘ A{%ﬁﬁ!ﬂ&

Conservative Algorithms Non-conservative Algorithms
* Importance sampling A -Pl « Uncorrected n-step return
« Retrace (Munos et al., 2016) e Peng’s Q(A) (Peng & Williams,
+ Watkin's Q(A) (Watkins, 1989) 1994)
. ) e Harutyunyan’s Q(A) (Harutyunyan
Tree-backup (Precup et al., 2000) ot al. 2016)

No generic convergence guarantee.

Convergence thanks to trace cuts. But some of them are known to
yield a better performance.



UNIVERSITY OF

Research Question ‘ & Al BERTA

Why do non-conservative algorithms
outperform theoretically-sounad
conservative ones?




Theoretical Result ‘ Xfﬁ’ﬁﬁ!ﬁ&

« Convergence guarantee of Peng’s Q(A) with fixed wu
« Fast convergence (to a biased optimal solution)

« More robustness to error (compared to VI, A -Pl)

« Convergence guarantee of Peng’s Q( A ) with
changing u

« Convergence under appropriate conditions on u

 Slower convergence (to the optimal solution)
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Empirical Result \ B BERTA

- TD3 —Peng = TD3 — nstep = TD3 - DDPG Ctrace @ = Retrace
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