Recap: Model-free RL

Typically represented as a tuple

M=, %,T,R,y)

Bellman Expectation Equation

R (xt, T (xt) )
Bellman Optimality Equation
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K Goal: solve an MDP = “choose a policy that maximizes cumulative (discounted) reward”

= Z v'R (xt, T (xt) )

>0

* Value functions can be decomposed into iImmediate reward plus discounted value of successor state

solve known MDPs:

« Bellman equations can be used to

Problem

Bellman Equation

Algorithm

Prediction

Bellman Expectation Equation

lterative

Policy Evaluation

Control

Bellman Expectation Equation
+ Greedy Policy Improvement

Policy lteration

V/* (xt) = max | R (xt, ut> + vy Z T <Xr+1 ‘ X, ut) V* (xt+1) o

Bellman Optimality Equation

Value lteration
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Recap: Model-free RL

K We discussed different ways to estimate value functions

Exact

Dynamic Programming Requires
A . knowledge A
\Y (xt) «— [ [Rt +rV (xt+1>] of MDP V<xt> <

Xt

S I & Do de N S N

Q (xt, ut) «— [E [R + }/Q (xtH,utH)]

Tabular representation:

~
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Unbiased Low variance; can learn online
High variance; Biased
must reach

Monte Carlo Temporal-Difference

terminal state

1% (xt) + a <Gt— 1% (xt) )
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Terminal state

Q(xt, U, < Q(xt, u) + o (Gt— Q(xt, ut)> Q(xt, U,) — Q(xt, u)+ o <Rt +y0 (xt L U H)—Q(xt, ut)>

* And how to scale these ideas through function approximation

Function approximation:

_V(xl)_ _Q(xl, ”1) Q(Xl,lxtz) Q(xl,um)_
V(x) = ‘A/(fcz) O (x, u) = Q(xy, 1)) Q(xz,:uz) .. 006, u,)
K _V(xn)_ _Q(xn, u) O, u,) ... O, um)_
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V(x) O, u) Otu) O u) O(x,u,)

MC update
AQ = a G V@(xt)> v,V x)

TD update
AO = (x o V() — Vg(xt)> nggw




Recap: Model-free RL

Value-based methods

starting
V it

K Generalized Policy lteration

Sarsa & Q-learning

SARSA: on-policy

O(x, u) < Qx,u) +a (’”t +y0 (xt+l’ ut+l)

Q-learning: off-policy

O, u) < Ox,u) +a <

r +ymaxQ(xt+1, t+1)

Uy

— Q(Xp Mt))

_ Q(xta I/tt)>

On-policy: evaluate or improve the policy that is used to make decisions
Off-policy: evaluate or improve a policy different from that used to

generate the data

Full Backup (DP)

Bellman Expectation
Equation for g,(s, a)

AN

Q-Policy lteration

Sample Backup ( TD)\

Sarsa

Bellman Optimality
Equation for q.(s, a)

Deep RL:

AN

Q-Value lteration

A\

Q-Learning

(1) Use deep neural nets to represent QQ

(2) Uses experience replay and fixed Q-targetsj

T

0% = argmax [E

T~p(7)

2 7R (

>0

Policy gradient:

V,J(0) ~ %Z (

i=1

J()

Waximum Likelihood: VeJure(@) = —

T
ZVglOgﬂ'@ ltlxlt

(1) estimate its gradient V ,J(6)
(2) do approximate gradient ascent on J(0): 0 < 0+ a 'V ,J(0)

)(Zeeen)

Problem:

Solution:

nigh variance of PG

paselines, “critics”

22

Z Volog m, (”i,t | xi,t)

=1

)

"Change parameters 0 s.t. trajectories with
higher reward have higher probability”

V,J(0) ~

K In policy optimization, we care about learning an (explicit) parametric policy 7y, with parameters 6 to directly maximize:

J p (xz+1 |-xt7 l/tt)
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Policy Optimization



m(u, | x,)

AGENT

-

Generate samples

Fit a model / estimate
return

~

v

Improve the policy

set « (x,) = arg max Q (xt, ut)

0 — 0+ aVyE

a

I

Z r (xt, ut)

(e.g., Q-learning,
DQN)

(e.q., PG, A2C,
A3C)



Recap: Model-based RL

* |[n model-based RL, we aim to (1) estimate an approximate model of the dynamics, and (2) use it for control

I = {(xt’ U, xt+1)i}

3. Use the learned model to plan a sequence of actions

Problem: we'll likely erroneously exploit our model where it Is less
(Possible) Solution: consider how “certain” we are our about the

KAgproach 1: “learn a model p(x,, | | x,, u,) from experience and use it to plan”

<Knowledgeable
orediction

* A structured way to represent uncertainty
over a parametric model is through a
posterior distribution over the parameters

GP Posterior Sample
e  Observations

2. Fit dynamics model to data to minimize error (or equivalently, maximize (log) likelihood)

0* = arg min Z ||f9 (xt, ut) — Xy 1
0 “
l

1. Run base policy ﬂo(l/tt | xt) in the environment (e.q., random policy, exploration policy) and collect dataset of transitions

NO

Distribution
mismatch

Exploitation of errors

~

| : YES
Sys. D
R(7)
-




Recap: Model-based RL

* |[n model-based RL, we aim to (1) estimate an approximate model of the dynamics, and (2) use it for control

K/-\IQPFOEICh 2: “learn a model p(x,. { | x,, u,) from experience and improve model-free learning” X

* Having a model enables us to consider two sources of experience
Real experience: sampled from the environment (true MDP)

o * Dyna-style algorithms:
A1 ™ P (xt+1 ‘xta ut) | ' 1. Collect data {(x,, u,, 1, X, 1)}
R ;= R(Xt’ ut) _ 1 ) | \ 2. Learn dynamics / reward model, i.e., py(x, +1 |xt, U,), ro(x,, U,)

: _ . 3. Repeat ntimes
Simulated experience: sampled from the model (approximate MDP) 1. Sample x, from buffer

AGENT ENVIRONMENT

' ' '
X, 1~ pé’(xt+1 ‘ X, ut) | 2. Clhoose action u.t (from datasAet, T, random, exploratloAn, etc.)
3. Simulate dynamics / reward X, | ~ po(X,p1 | X W), 7, = ro(x,, u,)
R, = ry(x,, u,) . A |
4. Trainon {(x, u,, r,, X,, 1)} via model-free RL
value/policy 5. Optionally, take k more model-based steps
acting
planning direct
RL
model experlence

model
learning




m(u, | x,)

AGENT

T = (XO, I/lo, .o

s X Uny)

-

Generate samples

Fit a model / estimate
return

~

Improve the policy

Jo ('xt’ ut) ~ P <Xt+1

Plan through model

Accelerate MFRL

| X, u,)

(e.q., PETS)
(e.g., Dyna-Q, PILCO)



Recap: Central idea of this class

Value tTunctions

V(x), Q(x, u)

* For example, in LQR: * In MPC:

Given the problem definition:
1 &

i 1
J (X()) — EXJY\;QNXN + 5 2 (x,{Qkxk + u,{Rkuk + ZXZSkllk) min @ Nz_‘j [ (x ke Ued )
k=0 ' =1

Uplps- - s Uiy N—1

We discussed terminal cost and constraint set to ensure (1) Persistent feasibility
(2) Stability

S.t xt+k+1|t =Axt+k|t+But+k|t,k — O,...,N— 1

We derived the Riccati recursion X €EX, k=0,..,N—1

1 —X N T _Q S m _X . ut+k|t e U, k — O,...,N_ 1 -----------------
* : N-1 N—1 N—-1 N—-1 Tp ..\ et T
uy-—1 (UN-1] [PN-1 N—1| |[UN—-1_ -
L
X, = x(1) .’
- 1T r 1T - tt ,°
_ oL xng | [@v-1 Sn-t | [XN-a ()
= min — qT +
un_1 uy-1| [Sy_1 By-1] |un-1 x()

(An_1XN—1 +By_1un_1)' Py (AN_1XN_1 + BN-luN—1)>



