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Advantages of Policy-based RL

* Previously we focused on approximating value or action-value function:

Vo(s) = V™ (s)
Ro(s.a) = Q™ (s, a)

* Policy Gradient methods focus on parameterize the policy:

mo(s,a) =Pla| s, 0]



3 Types of Reinforcement Learning

* Value-based

— Learn value function Model-based
— Implicit policy

* Policy-based
— No value function
— Learn Policy directly

e Actor-critic

— Learn both value and policy
function




Better

Sample Efficient Less

Sample Efficient

i Off-policy —— On-policy Evolutionary/
(1'\38%?# g 2?:; ) Q-learning Actor-critic Policy Gradient gradient-free
(1 M time steps) (10 M time steps) (100 M time steps)

Model-based Value-based Policy-based

* Learn the model of e Learn the state or * Learn the stochastic
the world, then plan state-action value policy function that

using the model « Act by choosing best maps state to action

* Update model often action in state * Act by sampling policy

* Re-plan often * Explorationis a * Exploration is baked in
necessary add-on

Lex Fridman, MIT Deep Learning, https://deeplearning.mit.edu/



https://deeplearning.mit.edu/

Policy Objective Function

* Goal: given policy g (s, a) with parameters 6, find best 6
* How to measure the quality of a policy?

J(0) < vr(so) = E[xm(als)qr(s, a)l



Short Corridor with Switched Actions

11.6 -—

20 optimal
stochastic
policy
-40 +
£-greedy right
J(0) = vrg (S)
_60 =
S. 2|6
B80r 4§ e-greedy left
-100 |

0 Of1 012 013 014 Of5 0j6 0:7 018 Ofg ;
probability of right action



Policy Optimization

* Policy-based RL is an optimization problem that can be solved by:
— Hill climbing
— Simplex / amoeba / Nelder Mead
— Genetic algorithms
— Gradient descent
— Conjugate gradient
— Quasi-newton



Computing Gradients By Finite Differences

* Estimate kth partial derivative of objective function w.r.t. ©
* By perturbing by small amount in k-th dimension

~

M €

where u,, is unit vector with 1 in k-th component, O elsewhere

e Simple, noisy, inefficient but sometime work!
* Works for all kinds of policy, even if policy is not differentiable



Score Function

* Assume 1y is differentiable whenever it is non-zero

?ﬁ'wﬁ'(S: "3)
mo(s, a)

— ?T'H(E._, 3)?& I'Dg WE(S: H)

Vomo(s, a)

mo(s, a)

* Score function is Vg log g (s, a)



Softmax Policy

e Softmax function

Q%( Cr 0\)

.

£ =]

e Use linear approximation function fﬁ(g .G ) | Q

Vglogmy(s,a) = (s, a) — Ex, [¢(s, )]



Policy Gradient Theorem

* Generalized policy gradient (proof @ Sutton’s book, pg.325)
VJ(6) < Y u(s) Y gx(s.a)V(als, ),

For any differentiable policy my(s, a),

for any of the policy objective functions J = ), Jyur, or 1= ,_?Jav-._,r
the policy gradient is

Vold(0) =E,, [Velogmg(s,a) Q™ (s, a)]



Proof of Po

:vz

Vo (s)

| a

Z _V?T

>

reS k=0

m(als)gx(s,a)| ,

icy Gradient Theorem (2-1)

for all s € 8 (Exercise 3.18)

(a|s)gx(s,a) + m(als)Vax(s, a)] (product rule of calculus)

Vr(a|s)gx(s,a) + m(als)V Zp(s’, r|s,a)(r+ vw(s’))]

s'\r

(Exercise 3.19 and Equation 3.2)

Vr(al|s)g(s,a) + w(als) Zp(s" s, a,)VvW(s’)] (Eq. 3.4)
Vr(als)g:(s,a) + m(als) Zp "|s,a) (unrolling)

Vr(a'|s")qr(s",a") + m(a'|s") Zp (s"|s",a" V(s )]}

= Z Z Pr(s—x, k,m) Z Vr(alz)g.(z,a),



Proof of Policy Gradient Theorem (2-1)
V.J(8) = Vu(so)

—Z(ZPI‘ Sg-)Sk'JT)ZVﬂ'M )gx (s, a)
_ZS:”? Zw a|s)gx (s, a)

—Zn ZZ ZV’N&I $)qx (S
—Zn Zu ZV’MI $)qx (s, a)

x is:;u(S) évﬂ(alz)qﬂ(sj a)




REINFOCE: Monte Carlo Policy Gradient

- . . Vmla|S:. 0
?J{H) — ]ETI.' ZW('{I‘L&MH}QW('&I&E) TT(EI|;LT£T9}I}:|
T Vr(A|S,,0) |
=E, -Q‘.I'T(Sf,-,. Ay) T (AL|S,.0) ] (replacing a by the sample A; ~ 7)
_ - vﬂ-(A”Sfﬂ) P , - .
=E. _G't (A115,.0) ] , (because E.|Gy|S;, Ay] = ¢(S;, Ay))

REINFORCE ‘ , Vr(A¢|S:, 6;)
Hf = 9; { {Frir .
Update " o m(A¢|St, 6;)



Pseudo Code of REINFORCE

REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for =

Input: a differentiable policy parameterization a(als, &)
Algorithm parameter: step size @ >0

Initialize policy parameter # € R? (e.g., to 0)

Loop forever (for each episode):

Generate an episode Sy, Ag, R1,....87_1. Ap_1, By, following «(-|-, @)
Loop for each step of the episode t =0,1,..., 1T — 1:
T T P — L]
G VR (Gt)

0 +— 0+ ay"GVInw(AlS;, )




REINFORCE on Short Corridor

-10+

-20} a=2"4

Go ol
Total reward
on episode

averagad over 100 runs 60l

80}

90+
My




REINFORCE with Baseline

* Include an arbitrary baseline function b(s)
VJ(8) x ZIH[:.H‘:] Z(%{-‘mu] — ﬁ}{5])‘?ﬁ{ﬁ|.&'.9}

— Equation is valid because

Zb{s]ﬁ'ﬂ(ﬂs,ﬂ} = b(s}?z?'r(m.s,ﬂ} = b(s)V1 = 0



Gradient of REINFORCE with Baseline

TW(A,«
(A

Si,01)
Sf . gt }

61 =0, +a (G~ b(S)))

REINFORCE with Baseline (episodic), for estimating 7, = 7

Input: a differentiable policy parameterization z(als, &)

Input: a differentiable state-value function parameterization ¢ (s, W)
Algorithm parameters: step sizes @?> 0, a¥ >0

Initialize policy parameter & € R“ and state-value weightsw € R“(e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, By, ..., S¢—1, Ap_q. By, following (|-, 8)
Loop for each step of the episode ¢+ =01, .7 —1:
G Ypmr1 Y R (G:)
§+— G — (S w)
w — w + a™aVi(5,w)
8—0+a?tiVin m(Ae| S, 0)




Baseline Can Help to Learn Faster

-10 RFNFOH(“F W tl‘ baseling «* - 2
.20 {
|
\ 'J REINFORCE
= 2--“

i
Total reward | ,
| ’
8ol |

L ‘ 4 N S y
L 200 400 600 800 1000




Actor-Critic Methods

* Baseline cannot bootstrap
— Use learned state-value function as baseline -> Actor-Critic

V(A Se, 0¢)
ﬂ(.ﬁif_ |.5'f_ . Hf}

Ht—l—l = 6, ﬁ'((;f:t—l—l - '*"T"(Sraw})
v (A|S;. 6;)

t+ o Repr +70(Si41,W) — 0(5,w) (Al St, 0:)

e vﬂ[‘4-F-|S|’-E Hf}
— 0, + o |
AT ALTS,. 6,)




One-step Actor-Critic (episodic), for estimating 7, » =

Input: a differentiable policy parameterization z(als, &)
Input: a differentiable state-value function parameterization (s, W)
Parameters: step sizes 2> 0, a¥ > 0
Initialize policy parameter # € R and state-value weightsw € R%(e.g., to 0)
Loop forever (for each episode):
Initialize S (first state of episode)
F<1
Loop while Sis not terminal (for each time step):
A ~ 7S, 6)
Take action 4, observe &', £
de R+yi(S,w)-i(S,w) (if§isterminal, then (5, w)=0)
Wew+av"dvia (S w)
@« @+alldVinaAlS 6
feprf
S8




Policy Gradient for Continuing Problems

e Continuing problem (No episode boundaries)
— Use average reward per time step: TD(A)

h
J(@) =r(r)= lim — E[R: | So, Ao:t—1 ~7]

h—oc h

= lim E[Rf | 5” 11” ]f“v]‘T

t—»

_Z“ ejz m(a|s Z;}a r|s,a)r



Actor-Critic with Eligibility Traces (continuing), for estimating 7,

&

Input: a differentiable policy parameterization z(als, &)
Input: a differentiable state-value function parameterization # (s, w)
Algorithm parameters: ¥ € [0, 1],19 € [0, 1], @ >0, a?> 0, a%> 0
Initialize # € R (e.g.,to 0)
Initialize state-value weights w € R?and policy parameter & € R (e.g., to 0)
Initialize § € [ (e.g., to sp)
zV¥ « 0 (d-component eligibility trace vector)
z¢ « 0 (&-component eligibility trace vector)
Loop forever (for each time step):
A ~ (1S, 6)
Take action A4, observe &, &
FeR-R+:(8,W)-i(S, W)
ReR+a7F;S °, o .
zV < VzW + Vi (S, wW) ACtOr-CrltIC Wlth
z° « 19%2% + VIna(AlS, 6)
W W+ avozW
0 -8+a°52°
§e§

Eligibility Traces




Policy Parameterization for Continuous Action

m(als, 0) =

1 (a— p(s,6))
(5, 0)v2r Dxp( 20(s,6)? )

u(s,0) =0, x,(s) and r:r{,s-:?ﬂ]liexp(f?g—rxg[s})

Il

VH |Og 770(5,3) _ (3 —:U'(S))(:)(S)

-

0.0

vvvvv

llllllll
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