CS 594 Modern Reinforcement Learning

Lecture 3: Policy Gradients



Optimization
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Parameterized Policies

= “Direct Tabular” Policy Parameterization:
T[(S) a) — HS,CL

= “Softmax Tabular” Policy Parameterization:

(s,a) = exp(bs,q)
Zél exp(gs,a’)
= “Softmax Neural” Policy Parameterization:
__exp(fi(s,@))
(s, a) =

2.a €xp(fo(s,a’))



Calculating J
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where we use the discounted occupancy measure
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K=t



Discounted Occupancy Measure

T
n(s) = z I7)T1‘[5k = 5 |Se = s¢ ]yt
k=t



Calculating VJ

J©) = ) n(s)m(als, 0)p(rls, a)r

s,a,r

V/(0) = z vn(s)n(als, @)p(rls,a) r+n(s)Vr(als,0)p(r|s,a) r

s,a,r

Uh oh!



Policy Gradient Theorem

VI(B) = Vv, (s) = Vz n(als, 0)q,(s,a)
= z(Vn(als, 0))qx(s, @) + m(als, 60)Vqr(s, a)
z(Vn(aIS 9))%(5 a) + m(als, H)Vzp(s r|s,a)(r + yv,(s’))

E(Vn(als 9))%(5 a) + m(als, H)Ep(s s, a)yVv,(s")



Policy Gradient Theorem

Vv (s) = Z(Vn(als, 9))qn(s, a) + n(als, ) Z p(s’|s,a)yVv,(s")

— Z(Vﬂ(als, 0))q-(s, a) + Z 1% I;Tr[SHl =s'|S; = s| Vv, (s")
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V(6) = ) 1(s) ) (Vr(als, 6))ax(s, )



Policy Gradient Theorem

Vv, (s) = Z(Vn(als, 9))qn(s, a) + m(als,0) Z p(s’|s,a)yVv,(s")

— Z(Vﬂ(als, 0))q-(s, a) + Z 1% I:Tr[SHl =s'|S; = s| Vv, (s")

a

V(6) = ) 1(s) ) (Vr(als, 6))ax(s, )

Vre(als, 6)
m(als, 8)

V(6) = ) n(s) ) m(als,0)ax(s,

V)(8) = ) n(s) ) m(als,0)4(s,a) Vin(u(als, 6)



REINFORCE
VJ(0) = Xsn(s) Lam(als,0)qr(s,a) Vin(n(als, )

Sample a trajectory

For each time t calculate the Monte Carlo Estimate:
" g = 2rot VT

Calculate gradient estimate:

= VJ(0) = Z::o vt g.Vin(rw(as|se, 6)

Update:

" 011 =0, +aVj(6,)



