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Consider parameterized policy:

ryals) = n(als;0) J(my) = = lz yhrh]
h=0

01 = 0, +nVyJ(my) ‘gzgt

Main question for today’s lecture:
how to compute the gradient?



Outline for today

1. Recap on Gradient descent and stochastic gradient descent
2. Warm up: computing gradient using importance weighting

3. Policy Gradient formulations
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Given an objective function J(6) : R = R, (e.g., J(0) = =y (o) — y)?)

GGradient Descent

SGD minimizes the above objective function as follows:

Initialize &, fort =0, ... : et )

0.1 =0,—ng,

where

Stochastic Gradient Descent

—[g,] = VHJ(Ht)
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Summary so far:

SGD is a simple algorithm that can find a locally optimal solution
([|VoJ(O)]||, small in expectation — proof optional)

For convex function, this guarantees global optimality
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Warm Up

VoJ(0) lgeg, = Evnp, Vol Py,(x) - f0)

Jx), 0, =0y +1nVyJ(6))
/
— — Update distribution (via updating 6) such that
_\ P, has high probability mass at regions
P, where f(x) is large
Py

Using same idea, now let’s move on to RL...
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Recall that we consider parameterized policy 7,( - |s) € A(A), Vs

2. Softmax linear Policy
(We will try this in HW2)

3. N | Policy:
1. Softmax Policy for eural Folicy

discrete MDPs:

Neural network

Feature vector (s, a) € R?, and

0 R, Vs, S XA
sa S 5,4 € parameter 8 € R?

exp(é’saa)
Z q’ CXP (Hs,a’)

my(a | 5) =

exp(é’Tgb(s, a)) exp(fq(s,a))

my(a | 5) =

mals) =

Zar exp(0' (s, a")) Za, exp(fo(s,a’))

In high level, think about 7z, as a classifier which has its parameters to be optimized
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T = {S(), ao, Sl,al, }
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T = {So, ao, Sl,al, }

po(7) = p(sp)melag | s)P(sy | o, ag)mg(ay | s1)-..

00 Adjust policy such that
J(mg) =k, Z Y r(sy, ay) larger reward traj has
h=0 higher likelihood

R(7)

Vol(4) = ooy o) | Vol o (ORE)]

e (0 [VH (ln p(sg) + In 7[90(610 | s) + In P(s; | s9, ap) + ) R(T)]

_TN,OQO(T) [V@ (hl 71'90(610 ‘ S()) + ln 71"90(611 | S1)° . ) R(T)] p— _TN/OHO(T) ( Z V@ln ﬂ@o(ah ‘ Sh)> R(T)

h=0



Summary so far for Policy Gradients

We derived the most classic PG formulation:

VJ(O) = = p(7) ( Z Vln my(a, | Sh)) R(7)

h=0



Summary so far for Policy Gradients

We derived the most classic PG formulation:

VJ(Q) e _TN,DQ(T) Z Veln ﬂ@(ah ‘ Sh) R(T)
h=0

Increase the likelihood of sampling an trajectory with high total reward



For finite horizon MDP (very common setting for PG):

H—-1
VJO) =E,, [( Y Vylnzy(a | sh)) R(T)]

h=0

H-1

where R(7) = Z r(s,, a,)

h=0



For finite horizon MDP (very common setting for PG):

H-1
VJ(O) = = p(7) ( Z Vln my(a, | S,,)) R(7)

h=0
H-1

where R(7) = Z r(s,, a,)

h=0

Increase the likelihood of sampling an trajectory with high total reward



Further simplification on PG (e.g., for finite horizon)

H-1 H-1
VJ©O)=E,., ( D Volnzyaylsy) - Y, rs. af))
h=0 T=h



Further simplification on PG (e.g., for finite horizon)

H-1 H-1
V](H) — _TN,OQ(T) ( z V@hl ﬂe(ah ‘ Sh) e Z V(ST’ af))
h=0 T=h

(Change action distribution at /& only affects rewards later on...)



Further simplification on PG (e.g., for finite horizon)

H—-1 H—-1
VIO) =E, .0 || D, Volnzyaylsy) - ) r(s.a)
h=0 T=h

(Change action distribution at /& only affects rewards later on...)

Exercise:

Show this simplified version is equivalent to REINFORCE



Summary for today
1. Importance Weighting Trick

2. Policy Gradient:

REINFORCE (a direct application of our warm up example):



Summary for today
1. Importance Weighting Trick

2. Policy Gradient:

REINFORCE (a direct application of our warm up example):

H-1
VJ@O,)=E__ e [( Z Voln my(ay, | Sh)> R(T)]

h=0



Summary for today
1. Importance Weighting Trick

2. Policy Gradient:

REINFORCE (a direct application of our warm up example):

h=0

H-1
VJ@O,)=E__ e [( Z Voln my(ay, | Sh)> R(T)]

2. Use unbiased estimate of V,J(¢), SG ascent converges to local optimal policy



