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Announcement

Check Canvas for Project Guideline
Class presentation from 11/3 to 11/19

Class participation
#1 Scribing lectures
#2 Providing feedback
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RL Framework
B MARKOV DECISION PROCESSES (MDPs)

reward 7, state sy action a;
DSt
3 Environment ]<—
T
Goal Direct policy search
maxjrmize Es, [V™(s0)] = T — 7+ VYV, VT

7w — a policy that maps states to actions

V7 (sp) := E[sum of all rewards received ]



Policy optimization
Policy: r: S (states) — A4 (action distribution)

Value function: V7(p):=E Z Yr(se, ar) | so ~ p
t=0

P(-|s,a): S x A— Ay — transition kernel
s0,ap, 70, S1,01,... — a trajectory = generated by a policy 7
B NONCONVEX OPTIMIZATION
maximize V7™ (p)

» Search the decision in a function space



Policy parametrization

Policy: my(-|s): S — Ay
Parameter: 0 ¢ R?

B LINEAR SOFTMAX POLICY

9T¢s,a
(als) = —o w/ feature ¢, € R?
uyl Z , e0T¢s v s,a
B GENERAL SOFTMAX POLICY
efQ(sfa)
71'.9(0/ ’ 8) = W w/ network fg(s, a)

B GAUSSIAN POLICY

mo(als) = N(a;pe(s),X(s)) w/ mean py(s), covariance X(s)



Online vs offline RL
B ONLINE RL

rollout data {(si,a;,s},7;)

B OFFLINE RL

rollout(s)

data collected oONCe == == == =—
with any policy training phase

image source: arXiv:2005.01643
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Off-policy policy gradient
Offline data: D = {(s¢,as, st+1)} from a behavior policy 73

Value function: V™ (p) =E, ., 4n,(.15) [Q™(5,0)]

B ONLINE POLICY GRADIENT

VoV™(p) = Ernny [Z'th”"(st,at)Vg 10g7T9(at\8t)]
t=0

x expensive on-policy samples

B OFF-POLICY POLICY GRADIENT

mo(T)
m5(7)

VoV™(p) = ETNwﬂl Z’YtQﬂo(Suat)VelOgWe(at’St)]

t=0

Unbiased w/ high variance



Actor-critic: policy evaluation
Offline data: D = {(s;,a:,s,4+1)} from a behavior policy 73

Value function: V™ (p) =E, ., 4y 15) [@™(5,0)]
B POLICY EVALUATION

Q™ ~ Q% w/ parameter ¢"

¢t € argmin E(sa,6')~D [ (r(s,a) + 'quE(g/,a’) _ 7Q¢(3’a)>2]
[

Q% — target network w/ parameter ¢

a' ~ my(-]s") — next action

Minimization of temporal difference error



Actor-critic: policy improvement
Offline data: D = {(s¢, as, st+1)} from a behavior policy 73
Value function: V™ (p) =E,_,4nr,(.(5) [Q@™ (5, 0)]
B POLICY IMPROVEMENT

maxiomize V7 (p)

4

max}}mize EswDammy(-|s) [Qd’(s,a)}
B OFF-POLICY POLICY GRADIENT
EsDanmgl-|s) [Qé(s,a)ngM('H)}

Biased w/o importance weight



Actor-critic learning
Offline data: D = {(s;, as, s1+1)} from a behavior policy 75

Value function: V™ (p) =E, ., 4n,(.15) [Q™(5,0)]

B POLICY EVALUATION

6" € mmgmin By | (00 907 ) = Q(0) |

Q% — target network w/ parameter ¢
a' ~my(-]s’) — next action
B POLICY IMPROVEMENT
0" € argmax ESN’D,aNm)(-\s) |:Q¢+ (S)Q)}
0

0 < nb+ (1—n)0", ¢« no+ (1—n)p*
Out-of-distribution actions = Overestimated value function
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Diffusion policy

data point a” — action
B ANALOGUE W/ VAE

x noiser (encoder)

g(a™"[a’,s) = q(a'[a’ 5)g(a®|a’,s)...q(a” [a" 7, 5)

» denoiser (decoder)

p(a®a*T s) = p(a’,s)p(a® " |a”,s)...p(a"|a',s) = 7(a"T|s)is a RL policy!



B GROUND-TRUTH DENOISER
glaMd',a%s) = N(a'hp(a',a’s), 0% (1))

q(aa'~t, s) = N(a; Jara' =", (1 — ay)I)

t 0 _ 1 t 1—ov _ ica-
pa’,a’,s) = —=a JT—a. ja;€0 — hoise based mean

o?(t) — variance
B APPROXIMATE DENOISER
1 t 1-— (673 t

W@(a’til |at78) = N(atil;ﬂe(atvt 8)702(t)l) ) M@(atvt’ 8) = a— a’,t, S)

Ve T anya

B MEAN SQUARE MINIMIZATION
I?

minigmize Dy (q(a' =t |at,a® s) || mg(at=t|at,s)) o mini@mize lleo — ea(al,t, s)

Cloned policy 7y (a'~! | a’, s)



Diffusion policy optimization
Offline data: D = {(s;,a:,s,+1)} from a behavior policy 73
Value function: V7™ (p) =E, _, 4 ry.|s) [@(5,a)]
B POLICY IMPROVEMENT
6" € argmax Esopanmgl-|s) [Qw(s,a)}
0

Out-of-distribution actions

4

. 1
o* € argznax Es~D,a~7rg(-|s) [Qd) (Saa)} - EEt,eo,(s,aO)wD [HEO - 69(at’t7 8)"2]

Behavior cloning



B REPARAMETRIZATION TRICK

ala'|a'™Ls) = N(a'; Vara™, (1 - ap)l)
y

(et = & (a5 1= o)

ﬁt =1 g, St - Hf _))s

s=1*1

(3
at = /Bia® + /1—PBe fore~N(0,1)

» approximate action

a’\‘7r9(|8) ~ a = a’ —



A simple bandit task

Diffusion policy limits in-distribution actions

Ground Truth BC-MLE BC-CVAE BC-Diffusion
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Expressiveness of diffusion policy as a multi-modal distribution
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Policy optimization perspective in distribution space

Offline data: D = {(s,as, st+1)} from a behavior policy 73

Value function: V7™(p) =E,., 4 x(|s [Q(s,a)]

B PERFORMANCE DIFFERENCE

VT(p) = V™ (p) = ﬁEswdfg,awﬂ'(-H) [A™(s,a)]
~ (A7 (5,0))
T 1oy s () (5,0
4
maximize V7(p) &~ maximize E__ (-] s) [Q™ (s,a)]

Distribution shift from d7 to d;°



Optimal policy

Offline data: D = {(s,as, st+1)} from a behavior policy 75

Value function: V7™(p) =E,. x5 [Q"(s,a)]

B KL-REGULARIZED POLICY IMPROVEMENT

. . 1
maximize ESN(JZB,aNTr(~\s) [Q™ (s,a)] — H ESNd:/a [ Dy (m(-|s) || ma(-]5))]

Behavior cloning

» optimal solution

T8

m*(-|s) o< wp(-]s)e"@ ) for s € supp(ds”)



Recovery of diffusion policy optimization

Offline data: D = {(s¢,as, st+1)} from a behavior policy 73

Value function: V7™(p) =E,.,.x(|s [Q"(5,a)]

B KL-REGULARIZED POLICY IMPROVEMENT

maximize E__ s [QU(s,0)] = nE,_ s [Di(m(- 1) | 7(:|5))]

Behavior cloning

V 7w m, d)f D, Q™ + Q" point-wise KL « path-wise KL

+
ot € arglenax Est,awwe(-|s) [Q¢ (570')} - nEt,Go,(s,ao)ND [HEO - Eg(at,t, S)||2]

Behavior cloning



Policy optimization w/ experience replay
Offline data: D" = {(s;,af, sf,,)} for kth behavior policy
Value function: V7 (p) =E, ., qr(|s[Q7(5,0)]

B PERFORMANCE DIFFERENCE

K K
ok 1 ok
Vﬂ-(p) - E wiV ﬁ(ﬂ) = i E wkESNd:;7aN7T("s) [A B(37a):|
k=1 7]4::1
K

1
N o — wgE ok [Awﬁ(s,a)}
1- kzl swdpﬂ,arwﬂ'( | s)
¢
K k
maximize V7™(p) ~ maximize Z wiE [Qﬂﬁ(s,a)}
T ™ B .
E—1 s~d," a~m(-|s)

ﬂ_k
Distribution shift from d7 to >, wyd,”



Optimal policy

Offline data: D" = {(s;,af, sf,,)} for kth behavior policy f;

Value function: V7(p) =E, ., qr(|s[Q7(5,0)]

B KL-REGULARIZED POLICY IMPROVEMENT

max}rmize Z:wkE ok . )[ ”ﬁga]——ZE L [DKL (m(-| )||7T]§(|5))]

o1 s~d”

Behavior cloning

ok . K
7 (-]s) H ﬂg( | 5) e/ 5) Ci-1weQ () for g € supp(d,”®, ..., d,")



Diffusion policy optimization

Offline data: D" = {(s;,af, sf,)} for kth behavior policy m;

Value function: V7 (p) =E, . qr(|s[Q"(5,0)]

B KL-REGULARIZED POLICY IMPROVEMENT

max}rmize Z wkIE Trk-, [ng(s,a)] - 1 i E [DKL( C1s)l W]E( | 5))]

) ann(-|s) n s dy?

Behavior cloning

ﬂ.k
I 747, df «— DF Q™ « Q% point-wise KL « path-wise KL
K

0" € arggnax ZwkEstkavag | 5) {Qd)k (S a ]_7 ZEt€k (s,a9) ~ DF HEO_GG(G’ t S)H
k=1

Behavior cloning



Four OpenAl Gym tasks

(a) HalfCheetah-v2

ol
(c) LunarLander-v2 (d) Walker2d-v2

example source: arXiv:1910.00177
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Exploitation via experience replay

example source: arXiv:1910.00177
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Policy optimization, offline vs online RL

OFFLINE POLICY OPTIMIZATION

Off-policy policy gradient, actor-critic learning

DIFFUSION POLICY OPTIMIZATION

Diffusion policy, diffusion policy optimization, policy optimization in distribution
space

POLICY OPTIMIZATION PERSPECTIVE IN DISTRIBUTION SPACE

Policy optimization in distribution space, experience replay



