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Notations and Settings:
Finite horizon setting: # = {S,A,H,r,P,p}

Average state-action distribution:

H-1

1
d"(s,a) = — 2 P2(s, a)
h=0
Policy class:

M={zr:S—»A}CcSH—A

x* = arg max V*(p)
nell

Trajectory distribution:

Pr(z) = jp(so)(ag | solP(sy | So» ap)e(ay | ) - P(Sy_y | Sy—ps o) (ap_y | Sg—1)
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In other words:
min V£(6,)7(6 - 6y), subject to [|6 — 6|3 < 5,
0

We in default are using Euclidean distance in the parameter & space

Different re-parameterization (scaling & translation) can lead to a quite different GD path
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Policy Optimization:

max V*(p)

Ty

s.t., KL (Pr||Pr#) <

Sequential convex programming:
We linearize the objective function & quadratize the KL constraint

We know the first order Taylor expansion of V*(p)

V() + VV(p)T (6 = 6,)

Q: How to do second-order Taylor expansion on the KL constraint?
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Let’s do second order Taylor Expansion on the KL-divergence
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Let’s compute the Hessian of the KL-divergence

o (ay | sp)
E, s lln il h] = £(0)

myay | sp)

V3£(0)|,y = E,. dneozne(am ~Vinnals)l, 9)

m,(a s) Vr,(al|s)Vmy(als)’
=—[Es~d9027r90(a s (ﬁr G 7% 0%

7 als) 7 (als)

XW . V5 W@u(q(\)
W/Q&t()
v;@ Tﬁ? (Ct([\ - VG r (7@ _7630 (0([(')] = VE EV@—E f_(clﬁﬂ

\_/\_/-

.




Let’s compute the Hessian of the KL-divergence

o (ay | sp)
E, s lln il h] = £(0)

myay | sp)

V34O lpy = Evoa 2 mals)( = V3inzgals)l,, )
-0 +
. Z @ls W QVeﬂa (als)Vymg(als)’ Mo e Card)
=—E,gm ) mlals
d - b Iﬂw ) mgals) We(a(\s)/& o Tolals)
T
= [E, g | Vyln ﬂgo(a|S)< Volnzy (a| s))




Let’s compute the Hessian of the KL-divergence
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Fisher Information Matrix!
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Second-order Taylor Expansion of KL at 6,
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Second-order Taylor Expansion of KL at 6,

1 1
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Now we can solve the following quadratic programming:

max V V*(p)T (6 — 6,)
0

st (0-6,) Fp(0—0) <6

We have a closed form solution:
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Self-normalized step-size
(Learning rate is adaptive)



Summary

Natural Policy Gradient invariant to linear transformation
(Trust region constraint in terms KL on trajectory distributions)

Second order Taylor expansion of £(0) := KL (Pr”90| | Pr”ﬁ) at 6, is (0 — QO)TFQO(Q -6,



