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Today's lecture

e Bellman operator

e |s Deep RL just SGD?
 Continuous action spaces
* On- vs. off-policy

« TRPO
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Bellman operator

 Bellman operator:

B[V](s) = maxE[r + vV (s')|s, a]

a

e Value lteration = iteratively applying 5

» Why is this guaranteed to converge? B is a contraction:

|B[Vi] = B[Va2][o = maxE[y(Vi(s') — Va(s'))|s, a] <~|[Vi(s) = Va(s')] o

S,a

V¥ = B|V¥| is the unique fixed point
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Fitted Value lteration

» Bellman error: B| V]| — V4
 Minimizing the square error Is a projection
P[V'] = min |V — V|5
S,
e |If © is convex, the projection is a non-expansion
|PIVI] = P[Va]l; < |V = V35
e But the norms mismatch, so this doesn't make P a contraction

> Generally, it's not
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But isn't DQN just SGD?

Algorithm 1 DQN

initialize 6 for Qy, set 6 «— 6
for each step do
if new episode, reset to sg
observe current state s;
take e-greedy action a; based on Qy(sy, )

{1 |“?J4_|16 a; = argmax, (Qg(s¢, a)

W(at‘st) — 1
WE
ocet reward r; and observe next state s;i
add (s, ag, ¢, S¢41) to replay buffer D

for each (s,a,r,s’) in minibatch sampled from D do

otherwise

r if episode terminated at s’
7/ r 4+ ymaxy Qg(s’,a’) otherwise

compute gradient Vy(y — Qq(s, @)y

take minibatch gradient step _not exactly SGD
every K steps, set 6 «— 0 «
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Is PG just SGD?

» Yes, inside the data collection loop ~ B|V'|(s) = max E[r + vV (s')|s, a]

a

. Byt B:V] = Egsrlr + YV (s)]|s]

Algorithm 1 Actor—Critic / .

get on-policy sample (s,a,r,s’) /
take gradient step on Ly = (r + yVg(s') — Vi(
compute A(s,a) = r + yVy(s") — V(s )

take gradient step Vg logmg(als)A(s, a)
repeat

* The critic's policy evaluation is not pure SGD

 No convergence guarantees (not even local')
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Exponential target updating

= Ol

K

e Using "fresher" target network (small /') reduces bias
 But may destabllize the learning process

 Can we make the effective freshness the same for all gradient steps?
b =a ) (1-a)b;,
]
» Update 0 <« (1 — )0 + af) every step
L 1
» With a ~ ?
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Continuous actions spaces

 \What do we need for policy-based / actor—critic methods?
> For rollouts: given s, sample from 7T9(CL|S)
» For policy update: given s and @, compute Vg log W@(Q\S)
 What do we need for value-based methods?
> For rollouts: given S, compute argmax QQ(S, a)

a

> For value updates: given s, compute max QQ(S, CL)
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ldea 1: DQN with stochastic optimization

» If we can't enumerate A, let's sample a1, ..., a; and take max ()(s, a;)
1

» Sample from what distribution?

o Let's find an ad-hoc approximately greedy policy 7

e Sample aq,...,a; from 7
» Take top */c "elite" samples

e Fit 7 to the elites
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ldea 2: easily maximizable Q

* For example

1

Qo(s,a) = —5(a — pg(s)) Fy(s)(a — po(s)) + Vo(s)

» Then argmax (Qy(s,a) = g(s)

a

max Qy(s, a) = Vy(s)

a

* Architecture: dueling network
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ldea 3: DDPG

 More generally, let a deterministic ,ug(s) learn to maximize Q¢(3, a)

> Technically, this makes it an Actor-Critic method

* Policy Gradient Theorem:

VoTs = Egsap, | Vaologmg(al|s)Qr,(als))

* Deterministic Policy Gradient Theorem:

Vo = Bonpy [Vorts(s)VuQu(5,0)],_, 0 |
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On- vs. off-policy

e On-policy:
> We collect new data when policy changes
> We quickly stop sampling old data
e Off-policy:
> We use old data (or offline data) well after policy changes
e All optimizers must eventually train with support of their output policy
> "On-policy optimizers" degrade with off-policy data

> "Off-policy optimizers" improve with off-policy data, but saturate
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n-step DQN

e |nstead of

?Jl(rta 3t+1) =T T V%laf( Qé(st—l—la Clt+1)
t+

e Jake

yn(rta SR 5t+n) =T+ o+ 7°t+n 1+ " Iglax Q9(5t+m @t+n)
t+n

 Problem: as,q,...,a;1,_1 must all be on-policy

e Solution:
> Ignore the problem

> Importance Sampling

Roy Fox | CS 295 | Winter 2020 | Lecture 8: Advanced Model-Free Methods



Off-policy policy evaluation

* How to get an unbiased estimator of Jy = EgNPQ [R(f)]

from data sampled from a different distribution &1,..., &8 ~ pgr?

pe(f)
Pef(f) R(g)]

pe(f) 1—[ W@(at‘st)

Jy = Ef"’pef [

per(§)  +* mor(a|st)
 Areward 7 Is not affected by future divergence
W@(at/‘st/)
— ) ] o |
Js Z >80P '7 & Q W@/(&t/ St/)]
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Off-policy Policy Gradient

pe(f)
Pef(f) R(g)]

Vopo(§)
Do (f )

R(ﬁ)} = E¢p, [

j@ — Iaffvp@/ [

VoJy = Eevp, [ R(& )}

Po (5 )
Do (f )

e (w: Ojt‘St) 411
— I_ngpgf 'H ﬂ-e,(at|5t) ; V@ 10g W@(at/\st/) Z Y T‘t//]

t//

backward
= W@(ajt|3t) 411
— Lé‘fvpg/ I Iw (at\st) ;910857T9(@t'|3t') E : Y Tt”;‘/

VoJy = ey, [ Vi lngg(f)R(f)]

forward -

> ¢!



Off-policy Policy Gradient: approximation

TTo\ A | S "
Vodo = By, 'ZH ol V@ log mo(a|st) Z 04 Tt//]

UYL a/t | St 1>

A . (CLt/ |St/) .
— ; IjJst/,at/ ~Dg’ |:CQ,6’/7t/ 779, (at‘st) ve log W@(@t/ ‘St’)At]

. C@ﬂ,,t, Is the IS coefficient of past actions, marginalized

> Originally just ignored \_(*V)_/
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More analysis
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More analysis

L

N R, By [T
Zﬁy t~Dg! [ t|st~mg [We(@t\St) w@(stﬁat)

« Can we switchto S; ~ Py, so we can estimate the expectation empirically?
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Trust-Region Policy Optimization (TRPO)

TTor \ A+ S
S B [Futrs 2021 0|

W@(@t|8t)
S.T. I [7T9/H7TQ] < €

L)

» For small €, the objective is close to Ty — J»

> (Guarantees improvement

mo(als)
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Recap

 Deep RL isn't just SGD
> Except for the purest PG — which has high variance of the gradient estimator

* In continuous action spaces, policy should probably be represented

e |mportance-sampling methods for off-policy

> Challenging to do exactly, so we use heuristic approximations
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