KTH ROYAL INSTITUTE
OF TECHNOLOGY

FDD3359 Reinforcement Learning Course
Offline RL

Ali Ghadirzadeh




Offline RL?

A basic reinforcement learning agent Aljinteracts with its environmentlin discrete time steps. At each time ¢, the agent

receives the current state s; and reward ;. It then|chooses an action a; [from the set of available actions, which is

subsequently sent to the environment. The environment ﬁoves to a new state s;, 1|and the reward ;1 associated with
the transition (st, az, st+1) is determined. The goal of a reinforcement learning agent is to learn a policy:

m:Ax S —[0,1], w(a,s) = Pr(a; = a | sy = s) which maximizes the expected cumulative reward.
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Maze2D and AntMaze

The maze environments are designed to test the ability of agents to
recombine existing data in novel ways. For example, if an agent sees
trajectories 1-2 and 2-3, it can form a shortest path from 1-3. Two
robots are available - a simple ball and the "Ant" robot from the Gym
benchmark.
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D4RL

Adroit

The Adroit domain includes motion-captured human dataon a
realistic, high-DoF robotic hand. A variety of challenging tasks from
the original paper are included, including pen twirling, opening a
door, using a hammer, and relocating an object.




Offline RL? D4RL

FrankKitchen

The FrankaKitchen domain is based on the Adept environment. This
domain offers a challenging manipulation problem in an
unstructured environment with many possible tasks to perform.
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Gym

Several OpenAl Gym benchmark tasks are included with data
collected by a variety of pre-trained RL agents. This includes the
Hopper, HalfCheetah, and Walker environments.
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"Place Grapes in Ceramic Bowl!" "Place Bottle In Tray" "Push Purple Bowl Across The "Wipe Tray With Sponge"
Table"

BC-Z dataset

Toy kitchen 1: Flip pot upright Toy kitchen 2: Put potato into pot Real Kitchen 1: Wipe plate with sponge

RoboNet Bridge Dataset
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N Off-policy Reinforcement Learning

o

(a) online reinforcement learning  (b) off-policy reinforcement learning

rollout data {(s;, a;., S;a i)} rollout data {(si, a;, Sﬁ, i)}
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Offline Reinforcement Learning: Tutorial, Review,
and Perspectives on Open Problems

Sergey Levine!:2, Aviral Kumar!, George Tucker?, Justin Fu!
1UC Berkeley, 2Google Research, Brain Team

(c) offline reinforcement learning
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Offline Reinforcement Learning: Tutorial, Review,
and Perspectives on Open Problems

Sergey Levine!:2, Aviral Kumar!, George Tucker?, Justin Fu!
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Critic Update T"Q(s,a) =Eg[r +vQ(s',w(s"))]

Critic Update ¢ 4— argmax Esen|Qo(s, mg(s))]

H
Q™ (st,ar) =Erp (ris,,a0) [Z At (sy, at)]

t'=t
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A . 2
Qpp1 < arg mcgn]E(s,a,S/)ND (Q(s, a) — (r(s, a) + 7Ea/~nk(af|s/)[QZ(Sl7 a’)]))

k41 < arg mgx]ESND [EaNW(am) [QZH(S,a)]] s.t. D(m,mg) < €.
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QZ-H < arg rrgn
A o / / 2
IIE‘:(s,a,s’)r\JD |:(Q(Sa a) T (T’(S, a)+7Ea’~wk(a’|s’) [QZ(S ya )] _a’YD(ﬂ-k('|S )7 7T,3('|S )))) ]

Te+1 < argm;xx]ESNp [Earwr(a|s) [QZ+1(S, a)] = aD(7r(-|s),7rﬁ(.|s))] .




Advantage Weighted Actor Critic

Tg+1 = argmax Eur(s) [A™*(s,a)]
well

s.t. Dk (7 (-[s)[|ms(+|s)) < €

/aw(a|s)da = 1.

H
V7(s¢) = Erp, (rlse) [Z ’Yt,_t'f’(St, at)]

:tH
O (5080) = oo, [z <>]  A(s,a) = Qy(s,a) — V(s)

t'=t




Advantage Weighted Actor Critic

L(m, A, a) =Ea~r(.|s) (A7 (s, a)]
+ Ale = Dxw(n(:|s)[|ms(:[s)))

+ a1 —/7r(a|s)da).
oL

— A" (s,a) — Alogmg(als) + Alog7(als) + A — «.
T -




Advantage Weighted Actor Critic

*(als) = Zzs) msilalla) e GAM (s,a)) ‘

argmin B [Dgr (7 (+[s)]|mo(-[s))]

0 P g (s)

—argmin E [ E [—logw@(-|s)]]
0 ng(s) 7T*('|S)
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Generative Models - Background

The variational lower bound Maximize the loglikelihood of the data

Latent variable logp(z) =1log /p(x,z)dz

zlog/p(x, z)?dz
= tog [ plalz)p(x) A5 a:

Jensen’s inequality

q(2) |

p(z)|x
=|Eq(z|z) log p(z|2)] — D r(q(z|z)||p(2))

= ]Eq(z|:c) [lOg p(x| )] q(z) [10g




Generative Models - Background

Latent variable

Maximize the variational lower bound

=|Eq(z|z)log p(z|2)] — Drr(q(z|z)||p(2))

Generativ %
E;g?i;’r e Model
p(x|z)
Latent
space

Variational Autoencoder Networks
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Offline RL with Generative Models

el
(offline data) Learn the distribution Online policy training
(Low-level policy) (High-level policy)

D ={(s,a,s',7),}




Policy in the Latent Action Space (PLAS)

Explicit Policy Constrint
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Policy in the Latent Action Space (PLAS)

initial rT T T T T T T T T RN
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Learning from heterogenous datasets

Latent-Variable Advantage-Weighted Policy Optimization

Action Space Policy Learning

4 N
state-conditional actions 273 Anout-of-distribution action sample .
Pushi from the dataset 72 Execution
ushing O—5~
@ Failure
jb Latent-Variable Advantage-Weighted Policy Optimization (LAPO)
AT A% AT Latent
iz~ A o
Grasping S L i ‘\E\ \  sample \] (
Opening ! LT AV\AT A |
Box 8 ! Advantage |\ A% T
A A / weighting T SN2/ Decoding &
L LA Execution Success
\_ ) VAE latent space Advantage-weighted latent space
Task-irrelevant actions  ® Task-relevant actions — — - Prior distribution === Posterior distribution Target Task: Object relocation

7 (als) x mz(als) exp(A(s,a)/N)

w = exp(A(s,a)/N)

Task-irrelevant latent actions A Task-relevant latent actions

max Es,awD[w ]Eqd, (z]s,a) [ log(ﬂ-o (CL|S, Z)) o

B Dkw(gy(z]s,a) || p(2))]




RL with Generative Models

trajectory of
motor actions
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RL with Generative Models
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RL with Generative Models

Variatioanl policy

trajectory of

q(@lz) _ _ _ _ Ationlatent_ _ _ motor actions :
Initial state - variable N {um,} terminal
,t
I Generative: " reward
O I Sub-policy R Model | O Environment >O
S Ll r
: meals) \OJ  po(tle) | N/ pCls1)
initial y I
observation ™~ = = = = = —-—_—_——_—— - - 7 How to find ©?
Policy * Sub-policy params: 6
me(T | s) * Generative model params: 9

!
g Input . log p(r|s,0) = log p(r

W remapping |
ol trick

log g(c2)
5,9)/ = q(alz)da
: log g(a2)

|

i Ghadirzadeh et al.,

Data-efficient visuomotor policy training
using reinforcement learning and generative models.




RL with Generative Models

Variatioanl policy trajectory of

q(a] Z,) — — — — Action latent__ _ _  Mmotor actions terminal
i iabl ermina
Initial state ! varia eGenerative: {um,} reward
I Sub-policy Model | /~ "\ Environment
S : molals) \_J  po(tla) | "/  p@lsD g
initial y I
observation ™~ = = = = = = = = —-—— - 7
Policy
me(t|s)
@ Lower bound @ KL divergence (non-negative)
p(r, als, 6 |z
log p(r|s, 0) :/q(a|z)logp( s, )da+/q(a|z)log alal2) da
q(az) p(alr, s, )

Maximize reward log-likelihood iteratively in two steps:
1. Maximize the lower-bound by minimizing the KL divergence term (update q(a|z))
2. Maximize the lower bound directly (update 6)




RL with Generative Models

@ Lower bound @ KL divergence (non-negative)
p(r,als,6) q(alz)
log p(r|s,f) = /q alz) log da+ | q(alz) log ——————da
Ulsn8) = | atellos = ) o8 ol .0)

» Expectation step
« Minimize the KL-divergence term by optimizing the variational policy q(a|z)

/
g = argmin /q’(a|z)log 1 (alz)da - /q'(a|z)logp(r|a,s)da - logp(r|s,9)/q'(a|z)da

q 7"0(043)

q =largmin D1 ( ¢'(al2) || mo(als) )| — Ey (a|z)log p(r|e, s)]
q/

Trust region Reward seeking




RL with Generative Models

@ Lower bound @ KL divergence (non-negative)

p(r,als, 6 y|2
log p(r|s, 0) Z/q(OélZ)lOg p_(r'a,!; )d“+/Q(a'Z)log p(iﬁj.ls,)e)da

« Maximization step
* Maximize the lower bound directly by updating the policy parameters 6

 als, ¢
0= argmax/q(a|z) log Md&
6’ q(alz)

0 =largmin Dy, ( q(|2) || mor (ar|s) )
9/

— al’gIIlaX / q((ylz) log p(r|(l’, 8)71-9/ ((X'S) da

0’ q(alz)
Supervised Learning

= argmax/q(a|z) log Mda—k/ q(a|2)log p(r|a, s)da
0’ q(alz)




RL with Generative Models

@ Lower bound @ KL divergence (non-negative)

B alo) 1o p(r,als, 0) N ST q(alz) a
logp(r]s,a)—/Q( |2) log - q(al?) d —|—/q( |2)1 gp(a[r,s,ﬁ)d

» Expectation step

q =|argmin Dg 1 ( ¢'(a2) || mo(als) )| —[Eqr (az) log p(r|a, 5)]
ql

Trust region Reward seeking

 Maximization step

0= argerlnin Drr( q(c|2) H 7T9'(O“3) ) Supervised Learning




RL with Generative Models
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