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Trajectory distribution:

Pri(7) = p(so)r(ay | so)P(sy | S, ag)m(ay | s1)...P(Sy_y | Sy_n» ag_r)m(ay_y | Sy_1)
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In other words:

min VZ(6,)' (0 — 6,), subject to ||0 — §,]|5 < 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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by the chain rule,
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In other words:
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0.,=0,—nAA" V7).
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Policy Optimization:

max V”"(p)

Ty

s.t., KL (Pr||Pr*) <8

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

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

V¥(p) + VV7™(p)T (6 — 6,)

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

V2£(0) P o, = Egea Z g, (als) (— Volnzy(als)] 6=, )

V%ﬂ(go(a | $) Vomy (a | $) Vomy (a |s)"
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T [ V,ln 7, (a| s)( V,ln 7, (a| s)) ]

Fisher Information Matrix!
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Second-order Taylor Expansion of KL at 0,

(P1,P2) = (

exp(0) 1

1 +exp(@) 1+ exp(0)

>

P1

)

1 1
EKL (Pro||Pr?) <6 = 5(9 —0)) " Fy (0 —6p) <6

F,—07,as 0 - oo

)
Fp(0—06y)"<6=(0—06p) < = 00, as f, - o
v

0

Plain GD in @ will move to @ = oo at a
constant speed, while Natural GD can

traverse faster and faster when 6 gets bigger
(Infinitely fast when 6 — 00)
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Now we can solve the following quadratic programming:

max V V*(p)' (0 — 6,)
0

s.t. (0—6,) Fy(0—0) <6

We have a closed form solution:

5
0=0,+ Fp VYV
(VVH)TFgIV V™ %

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”%\ | Pr”ﬁ) at 0, is (0 — HO)TFQO(H — 0,)



