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Approximate Policy Iteration (API)
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Limitation of Value Function Approximation
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ldea 1. Exponential Weights

Fork =1, 2,..
Evaluate Q, ~ QT
Perform incremental policy update such as
T (als) « m(als) exp (7Qk(s, @)




Idea 2: Policy Gradient

Parameterize policy by m = mg
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How are exponential weights and policy gradient related?




Policy Learning in the Expert Setting



Policy Gradient for Softmax Policy in Expert Problem
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Comparison between EW and PG over softmax policies

exp(6(a))
Y, exp(8(b))

Vie = Z mg(a) R(a)
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Policy Gradient over softmax policies Exponential weights

Fork=1,2, ... Fork =12, ...
Oe+1(a) < O () + g, (a)As, (@) Oe+1(a)  O;c(a) + nAg, (a)




Experiments EW:  0y41(a) « 8,(a) + ndg, (a)

PG: 0ry1(a) « 6k(a) + nmg, (a)Ag, (a)

wm : Foo sl en act
Reward = [Ber(0.6), Ber(0.4)] /i.«?/.r ::: :ﬂn :frd-m c;: /z

—a— Exponential weights
Policy gradidnet

Initial policy = = [0.0001, 0.9999]

Plot total reward in 1000 rounds
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Optimization over ill-conditioned loss

https://math.stackexchange.com/questions/2285282/relating-condition-
number-of-hessian-to-the-rate-of-convergence



Two Ideas of Policy Updates A ?Ew ﬁ Q

Policy Gradient over somes Exponential weights (K(\“]-— fm‘)
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Two Ideas for Function Approximation over Policies

1
01 = argmax (6 — 6, VgV k) — 2 160 — 6,1
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(Vanilla) Policy Gradient
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Natural Policy Gradient




Approximating the NPG Update
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(Fisher information matrix)



— ; T
KL (7(9 , Zouo) ::;—2(:(4(9)1 F‘,@G) vhere [ = ‘\Z’Lo(“? (%{7:{@(0))(\7,/:72,(:\))

T v

4850

T I T 2
KU, Tyysp) = 2 Fale) b -—“ﬂ() T(e+8) = f(p) +<ng(0)) 0 +;68) vfi o)
440 a

Z Lo () b @0(6‘)) Z s (a) ﬂ"( mo(a))

Z&(«)M(a)) - Z Lo () (L, 9(x) + V(,ﬂnzo(agzae += @0) é &,Z,(,\)Ag

A Vi a
@mm} o) ASY LIV T 2l Het) <&6(«>>@ Or&) (2§,

Hegs am

Ao Ca) _ a - Aso(a) Qz&ca)}
v; (A lo(a))— <sza(a.)> As(a) - 67%(.&))(7(0(:)) L .
(Zo(a))?— - Zv’/fa&) A —é‘@ 93' (Vz Zz;(«;) o
o A

= - V(Zf’w() a9 | !
firans 6 );'Z@(a)’;l =0



iy e %
NPG Updates —

- Lve log (1) (1 369

—

cf. vanilla PG: Or1 = O + 10 (VQV”9‘0=BR>
PG : et > av;ax { ;Kzo(a)-log(“)) K(“) - 7LKL (107 Zo‘)}

~ ay:xi (6 - O« V,W‘) "’27{ (ﬂ_@")‘ 6/‘(&“9532,

— W(e)
Tl = BV~ lafes) =0 > 02 oo 160

Ke(



Summary: Policy Learning in the Expert Setting

V= 3 2L (<)

PG
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Policy Learning with Bandit Feedback



The design of EXP3

Full-information Bandit
_ mi(a) exp(r(a)) _ mi(a) exp(nf(a))
Mryq(a) = M1 (a) = .
X Tx(b) exp(mry (b)) Xp T (b) exp(nfy (b))
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NPG (regularization form) + Bandit Feedback

1
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Use my, to draw ayq, ayy, ..., Qipn, and get rewards ryq, 1z, - Tkn
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n
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NPG (regularization form) + Bandit Feedback

Fork =1, 2,..

Use my, to draw ayq, ayy, ..., Agyn, @and get rewards ryq, 1z, - Tkn
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NPG (regularization form) + Bandit Feedback

Fork=1, 2,..

Use my, to draw ayq, ayy, ..., Agyn, @and get rewards ryq, 1z, - Tkn
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Repeat m times:
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PG/ NPG (Gradient-Update Form) + Bandit Feedback  _
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PG + Bandit Feedback
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Use my, to draw ayq, ayy, ..., Agyn, @and get rewards ryq, 1z, - Tkn
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PG + Bandit Feedback

Fork=1, 2,..

Use my, to draw ayq, ayy, ..., Agyn, @and get rewards ryq, 1z, - Tkn
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Ok+1 = Ok + NGk




NPG (Gradient-Update Form) + Bandit Feedback

Fork=1, 2,..

Use my, to draw ayq, ayy, ..., Agyn, @and get rewards ryq, 1z, - Tkn
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Summary: Policy Learning in Bandits

PG NPG
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Policy Learning in MDPs

(Full-Information Case)



Exponential Weights

Fork=1, 2,..

Perform individual exponential weight update on all state s:

Tr+1(als) =

i (als) exp(nQ™(s, a))
Yo T (a']s) exp(nQ™k(s,a’))




Analysis for Exponential Weights Vx(/)=5§ [V

Theorem. \/zK(p)

The exponential weight algorithm guarantees

Z(V” (p) = V™(p)) < (1 O;(lnA + nAK) = Wm

for any initial state distribution p.

Remark. Itis possible to show “last-iterate convergence”
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Equivalent Forms of Exponential Weights
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Policy Gradient

Vs
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Policy Gradient Theorem
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NPG vs. PG 2,
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NPG (Gradient-Update Form) FoulS) = zn(a/s)@t«gld«b))(%f"a*afﬁlf’ﬂw
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Summary: Full-Information Policy Learning in MDPs

Unified Idea:

1
B41 = argmax (V”e (p) = V™x(p) =+ D (O, ek))
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Summary: Full-Information Policy Learning in MDPs

PG NPG

1 1
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S,a S
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Tabular Case:
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Policy Learning in MDPs

(Bandit Feedback Case)



NPG (Regularization Form)

TTg T 1 g
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NPG (Regularization Form) =

Zs (afs)
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For a fixed 8, an estimator for ) , dge" (s)mg(als)(Q™x(s,a) — b(s)) can be obtained as follows:

Sample a trajectory (s; ~ p,aq,14,S2,Q2,75, ..., Sg, Ay,
T T gk (‘ta(fh)
. . ] A
Define R, = Zyl‘hri &/( 5 T, (08]5)
— )
. . _, To(anIsp)
Define the estimator as yht (R,
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Similarly, ¥, ng" (s)KL(7g (- Is), g, (- |s)) can be estimated as Y.f,_, y" *KL(mg (- [sy), g, (- |sn))



NPG (Regularization Form) + Bandit Feedback

Fork=1, 2,.. NG < ,"7

Use 7y, to collect n trajectories
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- 0
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Practical version will not include the discount factor at the front




NPG (Regularization Form) + Bandit Feedback

Fork =1, 2,..
Use 7y, to collect n trajectories
1 1 1 1 1 1
( OO RO Srcl),agl)’rrcl))“ ( QORI T(:) g:) T(:))

( o
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k1 = QTG AR <EZZ O.0
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NPG (Regularization Form) + Bandit Feedback

Fork =1, 2,..
Use 7y, to collect n trajectories
1 1 1 1 1 1
( OO RO Srcl),agl)’rrcl))“ ( QORI T(:) ag:) T(:))
7T9 a® Sf(f)) R
— (i) (z) _id <@
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0 « Hk

Repeat m times:
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PG
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PG + Bandit Feedback (REINFORCE)

Fork =1, 2,..

Use 7y, to collect n trajectories

1 1 1 1 1 1
(552, a5, 52,0l 1) (517, 0, 50,00, 17
Define

o, Voro (a1 [si”)] _
=0k

)

(R,(f) —b (sff)))

(i)
i=1h=1 oy (ah
Perform update

Ok+1 < Ok +ng




PG + Bandit Feedback (REINFORCE)

Fork =1, 2,..
Use 7y, to collect n trajectories

((1) v o . O @ (1))’

Sy hQy Ty Sy Ay T ((n) () ) . ) ) (n))

Sp Qg 1 S A Ty,

Define

in

n
1
_ ¢
=15 epes (s01)
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Perform update

o (B = ()

Ok+1 < Ok +ng




NPG (Gradient-Update Form) + Bandit Feedback
_|

_ 2 XK 2 X dha ssludern of _ 2
Fork =1, 2, .. ( .)( > S Z(X:‘”’g-})

Use 7y, to collect n trajectories
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n T
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Perform update




Summary: Policy Learning in MDPs

PG NPG

1 1
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