Dealing with Continuous Action Set




OpenAl SpinningUp

e https://spinningup.openai.com/en/latest/
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A Unified View / Summary for
Algorithms Discussed So Far



A Unified View

(x¢, g, 1)

R(x,a) : m(alx) Receive x
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A Unified View

MDP Value Policy
Q(s,a) n(als)
Value-based approach
HW3: DQN) SD Qpls) € RS ~ Induced by Q4

Q (s, a) constructed from

1. Pure real samples (MC estimator), or

Policy-based approach | 5
(HW4: PPO) 2. Real samples +V (s) (TD estimator) |
s mg(-|s) € Ay

SD‘ V¢(S) e R

(importance weighting needed)



Contextual Bandits
with Continuous Actions



Contextual Bandits with Continuous Actions

Given: Action set ) € R?
Fortimet=1,2..,T:
Environment reveals a context x;
Learner chooses an action a; € ()
Environment reveals a reward value r:(x;, a;) = R(x;, a;) + noise




Value-Based Approach

e Use supervised learning to learn a reward function Ry (x, a)

e How to perform the exploration strategies (like e-Greedy)?
e How to find argmax,Ry(x,a)?
e Usually, there needs to be another policy learning procedure that helps to find
argmax, Ry (x, a)
e Then we can explore as a, = argmax,Ry (x, a) + N'(0,0°])



But more precisely, this is a combination of value and

Value-Based Approach iy approaches

Fort=1.2,.. T Equivalent policy parametrization
Receive context x; o (- [x) = NV (ug (x), 021

Take action a; = Pq(ug(x:) + N (0,021)) € R?
Receive 1 (x¢,a;)

Update the reward model:
Ryp(x,a) ER

¢ —¢d—AV, [(qu (x¢, ag) — re(xe, at))zl
Update policy:

to(x) € R?
0 < 60 +nVoRyp(xe, o (xt))

Think of this as a continuous-action counterpart of e-Greedy



Gradient Ascent with Gradient Estimator

Arbitrarily initialize u; € Q
Fort=1,2,..,T:

Let a, = Mg(u, +2,) wherez, ~D (assume that ||z.|| < § always holds)
Receive r:(a;)

Define )
ge = (re(ay) — by)H; “z, where H; == E, p[zz"]

Update policy:
Ueer = g (ue +19¢)




Continuous Contextual Bandits

Pure policy-based algorithms



Gradient Ascent/ PPO

Fort=12,...T: Equivalent policy parametrization
Receive context x; o (- [x) = N (up(x),0°1)

Let a; = pg, (x¢) + N (0,0°1)

Receive Tt(xt, at) X A'— ‘ng(x)

Update policy: (Ideally)

Orr1 < 0 +a Vg J mg(alx:) R(x¢, a) da

a

9=9t

1
or 0,4« arggnaxf mg(alxs) R(x¢,a) da — EKL(ﬂe(' |¢), o, (- [X¢))

a




Gradient Ascent / PPO

Review: how did we do this in finite-action case?



1 1 )
Gradient Ascent / PPO o (alX) = Grgryara (‘ﬁ”“ ~ # (3l )
/

Fort=12,..,T: Equivalent policy parametrization
Receive context x; (- |x) = N (ug(x), o°I)

Let a; = pg, (x¢) + N (0,0°1)

. Plug this in
Rece|ve Tt(xt, at) X A'— ‘ng(x)

Update policy:

Vomrg(ag|x;)

i1 <0+
T[Ht(atlxt)

(1 (xt, ar) — be(xr)) = 0, + aVg log mg(aelx,) (re(xe, ar) — be(xt))
or

) < argmax T (arlxt)
t+1
0 ﬂet(at|xt)

1
(re(xp, ag) — be(x)) — EIELOTQ(' |xt)»7T9t(' |xt)3

Y

1 2
Tﬂ ”MQ (xt) — .Uet(xt)”
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