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Policy Iteration

Fork =1, 2,..
Calculate Q™ (s,a) Vs, a

mM,+1(s) = argmax Q™ (s,a) Vs
a




Asynchronous Policy lteration

Fork =1, 2,..
Pick any state §

Calculate Q™ (s,a) Va

—_—  a

M+1(8) = argmax Q™ (§, a)

and my, . 1(s) = mp(s) Vs +#3
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Asynchronous Policy lteration

e To iImprove policy, we may just evaluate Q™ on a particular state s.

e Of course, a real improvement is made only when 3a s.t. Q™ (s,a) —
VT (s) Is large.

e This is different from Value Iteration, where ideally, we would like to find

Qk+1 such that Q.1(s,a) = R(s,a) + YEs _p(s,a) [rr}la}x Qr (s, a’)] Vs, a

e VI-based algorithm like DQN usually requires stronger function
approximation that can generalize to unseen state.



Policy lteration with Samples
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Fork=1, 2,.. - — ] !
v/V\M _
Fori=1,2, .., N:
n/

Choose action a; ~ mg, (- [s;)

Recel reward i ~ R(Si,ai) and Si, = P( |Sl',Cli)
@:ﬁzﬂfaf episode continues, s;,; ~ p If episode ends
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Data collection

Evaluate Z,(s,a) ~ Q"%k(s,a) fors =sy,...,sy and all a . .
k( )~ (s,a) & 4] Policy Evaluation

or Z,(s,a) = Q"% (s,a) — by (s)for s = s, ...,sy and all a

Update 6., from 6, using the estimators {Z,(s;, a)}}_,

Using any technique we introduced for policy-based contextual bandits Policy Improvement




Why can we independently optimize the policy on each state?

Essentially treating states as contexts, but replacing R(x, a) by Q™% (s, a)



Policy Evaluation



Policy Evaluation (5ars”)

Given: a policy n
Evaluate V™ (s) of Q™ (s,a) fa certein((5tMer, cotus)

,/)n-policy policy evaluation: the learner can execute « to evaluate

% Off-policy/offline policy evaluation: the learner can only execute some m; # T, Or can only
access some existing dataset to evaluate

Use cases:

e Approximate policy iteration: m,(s) = argmax Q™k-1(s,a)
a
e Estimate the value of a policy before deploying it in the real world, e.g., COVID-related border
measures, economic recovery policies, or policy changes in recommendation systems.



Value Iteration for V*® / Q™

Input: m
Fork =1, 2,..

Vs, Vi(s) « m(al|s)|/R(s,a) +y ) P(s'|s,a) Vkl(s’)>

a

Input: m
Fork =1, 2,..

Vs, a, Qi(s,a) <« R(s,a)+vy Z P(s'|s,a)m(a’|s")Q_1(s',a")




On-Policy Policy Evaluation



Temporal Difference (TD) Learning f
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Fork =1, 2, .. Unifom (5,5 5,5 Geesny)

@ollect {(s;,a,13,8)) 1L, using policy m J
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No target network needed because this is an on-policy problem.

This algorithm is also called TD(0 _
J '\—‘_(.?)- )(D(q) ‘ 7\6[0’1’]



Temporal Difference (TD) Learning for Q™

Fork=1, 2,..

Collect {(s;, a;, 13, s{)}i-, using policy m

. 2
1 !/ !/ !/
O < Ok—1—aVy NZ (Qe (si,a;) — 1 — VZ n(als;)Qq, . (s;,a ))
=1 a

0=0k—1

No target network needed because this is an on-policy problem.



Monte Carlo Estimation

Start from (s{,a,) = (§,a) and
execute policy  until the episode ends and obtain trajectory
S =8,a4 = Q,11,S9,0a5,1y, ..., Sg, Ar, T

LetG =Y _,y"1n,

E @is an unbiased estimator for Q™ (8, @)
\ /

MC estimator: unbiased, higher variance

TD estimator: biased, lower variance



A Family of Estimators

Suppose we have a state-value function estimation Vy(s) = V™ (s)

AN

I Suppose we also have a trajectory sy, ay, 1y, ..., Sg, Ay, 1 generated by o
L where s, is a terminal state

The following are all valid estimators of Q™ (s, a4):
G1.1 =11 +VVp(S2) Move binced
d) ,/,\ /M (Varln—€
Girmq =T+ Y7 + Y23+ 4 VT_1V¢(ST)
Gio =1 +yr+y°r3+ - +y"in

Gipy1 =T Yy +y°rs+ - +y'in
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A Family of Estimators

And the following are estimators of Q™(sy,a;) — Vg (s;)  (baseline)
Ay =11 ¥V (s2) — Vi (s1)

Ajrog =1 +yry +yors + -+ YTV (Sp) — Vip(s1)
Air=r+yr +yrs+ -+ y" 1 —Vy(sy)
Ajpp1 =1 +yr +yors+ -+ v = Vi (s1)

Below, we will introduce a way to combine these estimators.
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Computing Generalized Advantage Estimator (GAE)
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GAE (Generalized Advantage Estimation)

Let (sq,a4,11,S1,52,05, 1,55, ..., Sy, Ay, Ty, Sy ) b€ a trajectory collected with policy m,
where s; = s;, if s; is not a terminal state, and s;,; ~ p otherwise.

<
Also, let v, be a given state-value estimation. A

Then the following procedure can estimate A; z@”(si, a;) — Vg (s,-)J iz N
Parameter: A (controlling variance-bias tradeoff)

e Z
Fori=N,N—1,..,1: ( A(""")}@ )
If s{ is a terminal state: K b(s)

0; =1 — Vi (51) TR
A; = 6 _Z_J’(X,“B - 6&)

Else:
0i =1 +YVp(Siv1) — Ve (Si)
A; = 0; + AYAi4q

Schulman et al. High-Dimensional Continuous Control Using Generalized Advantage Estimation. 2015.



Using GAE in the Policy lteration Framework

Fork =1, 2,..
Fori=1,2,...,N:
Choose action a; ~ - |s;
a; ~ Tg; (- |5i) Data collection

Receive reward r; ~ R(s;,a;) and s; ~ P(: |s;, a;)
si+1 = s; if episode continues, s;;; ~ p if episode ends U 2,
W=V
Evaluate Z, (s, a) = Q"% (s,a) — Vg (s) for s = sy,...,sy and all a

]I{al- _ a}[ Policy Evaluation

= Zi(s;,a) = Ar(s;, a;)) "% GAE
el = QM (o) - Volsi) @D

Update 6., from 6, using the estimator {Z, (s;, a)}}_,

Using any technique we introduced for policy-based contextual bandits

Policy Improvement




Fori=1,2,..,N:

Choose action a; ~ mg, (- |s;)

1
Gr+1 < P —aVy N

1
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N
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bd=dk
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where G;(1; ¢,) = A;(A; py)

_—  e——

) o

TD(1)




Approximate Policy Iteration and Variants
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PPO S

Fork =1, 2,..
Fori=1,2,..,N:
Choose action a; ~ mg, (- [$;)
Receive reward r; ~ R(s;, a;

Requires training a separate Vg , GAE

Si’ ~ P( |Si'ai)

si+1 = s; if episode continuesy s;,; ~ p if episode ends

: _ _ Haj=a} » . Use another inner for-loop to solve
Define Zy (s, a) = g, (als) A (s1, @) the argmax with gradient ascent
N
1 1
Okr1 = arggnax N D Zi (s, a) _EKL(”BR(' |5:), o (¢ |Si))

g (a;|s;)

o (ﬂek(ailSi)

~ argmax
6

(ﬂe(ailsi) e ﬂe(ailsi))
g, (a]5;) STo (ails)

Schulman et al. Proximal Policy Optimization Algorithms. 2017.




PPO with Clipping

N
6 = argmax lz —1<ﬂ9 (2]si) —1
et 6 N N\, (ails;)

=1

g (a;l|s;)

—lo
gﬂek(adSi)

. | me(a;lsi) - -
A, (s;,a;), | _
min {T[Qk(ailsi) k(Sl Cll) ClIP[1-€,1+€] (

g (a;l|s;)

g, (a;]S;)

)Ak (si, ai)}

Schulman et al. Proximal Policy Optimization Algorithms. 2017.
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A2C (Advantage Actor Critic) / PG

Fork =1, 2,..
Fori=1,2,..,N:
Choose action a; ~ mg, (- |s;)
Receive reward r; ~ R(s;,a;) and s; ~ P(: |s;, a;)
Sit1 = S; If episode continues, s;,; ~ p If episode ends

Ok+1 = O — 2 (Vglog ng(al|sl))‘ A (s;, a;) (f A~ W(Sj
o /’(r a:) b (% )

In standard A2C, A, (s;, a;) =(r; + YV, (i) — Vg, (5i) (GAE estimator with /1 = 0)
and ¢, is trained with TD(0):

N
1 1\ 2
Pr+1 < Px —aVy Nz (ng(si) -1 = qubk(Si))
i=1
b=k



A2C (Advantage Actor Critic) / PG

Fork =1, 2,..
Fori=1,2,..,N:
Choose action a; ~ mg, (- |s;)
Receive reward r; ~ R(s;,a;) and s; ~ P(: |s;, a;)
si+1 = s; if episode continues, s;;; ~ p if episode ends

N
1 "
Or+1 = O — UNE (Vglog g (ai|Si))‘9=0k Ay (sy,a;)
i=1

In standard PG, 4,(s;, a;) = Zflgyh‘ir,; — V. (si) (GAE estimator with 1 = 1)




A2C (Advantage Actor Critic) / PG

Fork =1, 2,..
Fori=1,2,..,N:
Choose action a; ~ mg, (- |s;)
Receive reward r; ~ R(s;,a;) and s; ~ P(: |s;, a;)
si+1 = s; if episode continues, s;;; ~ p if episode ends

N
1 "
Or+1 = O — UNE (Vglog g (ai|Si))‘9=0k Ay (sy,a;)
i=1

\/0/«
//V

In general, one can use GAE with any A to calculate@k/(ii\,’c_zi')l witalculated

from TD(A") with any A’ ~




Summary: Algorithms based on Policy lteration

e The algorithms are almost the same as those we introduced for contextual
bandits

e PPOx
o A2C /PG

e The only change is replacing r(x;, a;) — b(x;) by Advantage Estimator:
o 1=0: r(spap)+yVe(sivr) — Ve (s)
o 1=1: r(s;,a;) +yr(Siss, Qip1) + Y21 (Sinn, Qisn) + -+ ¥* (s, a;) — Vi (si)
e Any A € [0,1]: calculated by the GAE procedure

e The baseline Vy(s) tries to track V¢ (s) where mg Is the current policy
e |tis trained with a separate procedure TD(1")

1 A 2
Dr+1 < P —aVy Nz (qu(Si) )
i=1

TD(0)

bP=dk
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