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Syllabus

1. Decision-making problems (decision-making control problems)
2. Reasoning to solve a control problem
3. Learning to solve a control problem
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Decision-making control problem

A control problem involves a system that is described by a set of state variables
The system is controlled by making decisions that change the state variables
Decision: a course of action purposely chosen along time to achieve some goals

An agent with acting capabilities make control decisions about which action
to execute in a state of the problem that changes the state variables

Goals: Actions:
e attainment goal * movement actions
* maintenance goal * delivery operations
* maximize score * performance actions
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Decision-making control problem
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Decision-making control problem

Robot-Building domain

PP.
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Reasoning to solve a control problem

Design a plan to complete the task before acting = offline planning
world model

- state variables } domain
A model specification of the world is needed — - action model

- initial state problem
- goal state

Control is synthesized from the model (problem specification)

A solver (planner) finds a solution plan for the problem (controller)

Model of the world
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Reasoning to solve a control problem
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Reasoning to solve a control problem
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Reasoning to solve a control problem

Model of the world Solver (planner)
representation language search problem (state space, plan space, ...)
factored representation (state variables) heuristic-based search

SAT-based planning
actions (deterministic, non-deterministic, probabilistic)

_ CSP-based planning
observability (full, partial)

agency (single, multiple) SMT-based planning
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Reasoning to solve a control problem: model representation

Planning task: P=<V,A I G
domain problem
« V: state variables  I:initial state
e A: actions * G: goal state

Planning Domain Description Language (PDDL):
* popularized by the International Planning Competitions (IPC)
* |logic-based language = V:Boolean variables
* object-type hierarchy
* predicates:
(on ?x — block ?y — block)
(holding ?x — block)
(in ?x — package ?y — truck)
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Reasoning to solve a control problem: model representation

(:predicates domain
(on ?x - block ?y - block)
(ontable ?x - block)
(clear ?x - block)
(armempty)

(holding ?x - block)

(:action stack
:parameters (?ob - block ?underob - block)

:precondition
(and
(clear ?underob) C
(holding ?ob)) . .
:effect
(and

(clear ?0Db)
(arm-empty)

(on ?o0b ?underob)

(not (holding ?o0b))
(not (clear ?underob))

)
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Reasoning to solve a control problem: model representation

problem

(define (problem sussman)
(:domain blocksworld)
(:objects a b c)

(:init (ontable a) (ontable b) C r_l_1
(clear c) (clear b)

(on c a) (arm-empty) a ‘ b ‘
)

)

d
(:goal (on a b) (on b c) b
C
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Reasoning to solve a control problem: solving process

Planning technique: heuristic planning

= state-based representation, forward search
= node-selection heuristic

Initial problem state

pick-up (B)
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Reasoning to solve a control problem: solving process

A* search

* For every state s, let
— g(s) = cost of the path from sy to s

— h*(s) = least cost of all paths from s to goal
nodes

— f*(s) = g(s) + h*(s) = least cost of all paths
from s, to goal nodes that go through s

e Suppose h(s) is an estimate of h*(s)
— Let f(s) = g(s) + h(s)
* f(s) is an estimate of f*(s)

— his admissible if for every state s, 0 < h(s) <
h*(s)
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Reasoning to solve a control problem: solving process

A* search
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Reasoning to solve a control problem: solving process

Heuristics computed on a relaxed planning graph

- multi-layered graph calculated from a state and the
domain actions

- ignore delete effects of actions

- aproposition level of the graph includes all the
propositions that are potentially attainable at that level

(:action stack
:parameters (?ob - block ?underob - block)
:precondition
(and
(clear ?underob)
(holding ?ob))
:effect
(and
(clear ?0b)
(arm-empty)
(on ?ob ?underob)
(not (holding ?o0b))
(not (clear ?underob))
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Reasoning to solve a control problem: solving process

=

POJ

on (CA)

2 |ontable(A)

ontable(B)

arm-empty

All]

junstack C,A)

P3]

|pickup(B)

clear (C)

clear(B)

30 A -
drop(C)
stadd(C.A)
stadd(C,B)
drop(B)
holding (€) | | 4ack(B.A)
holding (B) |-
clear(A) || :z:(p?‘.\c]]
ontable(C)
on(C.B)
on(B.A)
on (B,C)
holding (A)

on (AB)

on (A.C)
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Decision-making control problema: solving process

V (state variables)

V=V, Vo=V,, ..,V =V, > @ - h(s )
________ 1
/a/v ~~~~~~~~~~~~
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Decision-making control problem: solving process

V (state variables)
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Decision-making control problem: solving process

V (state variables) O
V=V, , Vo=V,, ..,V =V, > @/v
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Decision-making control problem: solving process

_— e o o
V (state variables)
<Vi=Vq1, V2=V,, ..., Vo=V, @ /
/ Q - e o o
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Reasoning to solve a control problem: wrap-up

Characteristics:

Solver is flexible, domain-independent

Reasoning about states and actions (model of the world)
Interpretability (as opposed to black-box models)
Satisfaction task

Requires a model specification (domain expert)

Solution particular to a problem instance (lack of generalization)
Computationally intractable (PSPACE-complete if we use a
propositional language)
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Learning to solve a control problem

* Learning = decision + apply (no simulation of the problem evolution)

V (state variables)/v‘ /
PRt is

P &
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Learning to solve a control problem

Learning = decision + apply (no simulation of the problem evolution)

A model specification is not always available (model-free approach)

Learning from interaction with the environment (learning to plan/act) REINFORCEMENT

LEARNING

A solver (learner) learns control from experience

state St
observations <
reward r;
r N
X1
X2 . r"E+1
X environment >
_ > solver >
_ input vector (learner) action a, T(s,a) Sii1
~ 7 R(s,a) >
! ] solution (policy)
SxA
.S — a [ ]
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Learning to solve a control problem
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Learning to solve a control problem: environment

Stochastic environments:
O uncertainty in the result of the agent actions

o most popular models to deal with uncertainty are based on the Markov assumption
o Markov Decision Processes (MDP)

state S;
observations <
reward r;

r 3 J

X1

X2 . r't+]_

X environment >

_ > solver >

input vector (learner) action a; T(s,a) S
\ y, R(S,G) t+1 >
! ! solution (policy)
SxA

wsoa [ )
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Learning to solve a control problem: environment

Markov property:

* the rewards received from the environment and also the state transition achieved by the
environment at time t+1 depend probabilistically on only the state/action pair at time t

* the future state and reward can be exclusively defined on the current state and the action
applied in such state

Pr(sui1=s', rua=r | s.,a.)

Markov Decision Process (MDP): P =<S, A, T, R>

S: set of states
A: set of actions
T:Sx A > Pr(S):
o probability distribution over the set S

o p(s,a,s'): probability of reaching state s’ when taking action a in state s
R: S X A 2 R :reward received when taking action a in state s

Policy: TT(als)

* The probability of taking action a in state s
* A function that determines the behaviour of the agent
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Learning to solve a control problem: environment

https://www.jeremyjordan.me/markov-decision-process/

10% «—

» S:every square in the grid except the

black square:{s;, s>, ..., Si0} P(So,UP,54)=O-8

* A:{up, down, right, left} p(So,up,s1)=0.1

« R(s,, right)=+1 R(so,up)=0.04 p(So,up,S0)=0.1
R(s5,up)=-1 ...
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Learning to solve a control problem: environment

https://www.jeremyjordan.me/markov-decision-process/

: R(state) = -0.04
Policy examples

TT(up|s0)=0.95

TT(right|s,)=0.05 Optimal policy where each white state has a
reward of -0.04

ﬂ(up|52)20.75

TT(right|s,)=0.1

TT(left|s,)=0.15
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Learning to solve a control problem: environment

https://www.jeremyjordan.me/markov-decision-process/

|| |

Start
R(state) = -2 R(state) = +2
Optimal policy where each white state has a Optimal policy where each white state has a
reward of -2 reward of +2
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Learning to solve a control problem: solver

It would be helpful to calculate the usefulness (value) of a sequence of states such that
our ‘view of the future’ is not limited to the immediate reward of the next direct action.

Idea: explore what is ahead so that we can move toward the direction of positive reward
and move away from negative reward

Utility of a sequence of states:

current state - SO sl 52 53 54

»

Y o T Y r Y ors Y ors

discount factor
Y favor more immediate rewards — deemphasize the rewards that are more distant

We cannot be sure future states are reached due to the stochastic nature of the transition
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Learning to solve a control problem: solver

utility(So,S1,...,50)= z v, V(s) =E Z yere |se=s
t=0 t=0

expected reward-value of state s
state-value of a state s

Utility of a sequence of states:

current state N SO 51 52 53 54

»

Y o T Y r Y ors Y ors

discount factor
Y favor more immediate rewards — deemphasize the rewards that are more distant
We cannot be sure future states are reached due to the stochastic nature of the transition
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Learning to solve a control problem: solver

(0 ]
V(s)=E z yt e |s;=s expected reward-value of state s
p— state-value of a state s
(0]
Vi(s) =E Z )/t T | s¢ = S] expected reward-value of state s for policy
t=0

(0]
" = argmax; E z yir | T[] optimal policy

t=0

V*(s) = max, V™(s) optimal state-value function
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Learning to solve a control problem: solver

V*(s) =E

(0]
z yir | sy = S] expected state-value of state s for policy
t=0

Q"(s,a) =E s for policy &t

action-value of a pair state-action

expected value after taking action a in state
Z yire |se=s,a.=a
t=0

Q*(s,a) = max,; Q"(s,a) V*(s) =max,cq Q*(s,a)

Q@) =) p(s,a,5)R(sa)+yV'(s]

Bellman equations

Q*(s,a) = z ,p(s, a,s")[R(s,a) + ymaxQ*(s',a’)]
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Learning to solve a control problem: environment

So far, we have complete knowledge over the system dynamics:
« reward of each state R(s,a)
 a probabilistic model for how the agent changes its state T(s,a)

4

o T andR are known
o The agent has access to the MDP model
o Known environment = (stochastic) planning

What can we do if T and R are unknown? That is, the agent does not have
access to the underlying systems dynamics or MDP model

4

Direct Reinforcement Learning
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Learning to solve a control problem: environment

Open Al Gymnasium (https://gymnasium.farama.org/)
API for RL and collection of environments

i
Cart Pole
Atari games (Alien)
Luna Lander %
' - Frozen Lake
D
D e
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Learning to solve a control problem: environment

PDDLGym (https://github.com/tomsilver/pddlgym)

EEEIN =
= NEEE
H < <« B

import pddlgym
import imageio

env = pddlgym.make("PDDLEnvSokoban-v@")

obs, debug _info = env.reset()

img = env.render()

imageio.imsave("framel.png"”, img)

action = env.action_space.sample(obs)

obs, reward, done, debug_info = env.step(action)
img = env.render()

imageio.imsave("frame2.png"”, img)
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Learning to solve a control problem: solver

Free-model methods:

« update the value of pairs (s;,a;) from trajectories <Sy,a0,';,51,a1,1"2, ...., S
* Monte-Carlo: update the value considering the sum of reward of the complete

trajectory (episode)
* Temporal Difference (TD): update the value considering individual transitions (steps

inside the episode)
Q-learning algorithm:
* standard free-model method 51-‘(5) — arg max @(5, a)
a

e aspecific TD-algorithm to learn the Q function
* itis a control method to estimate Q*(s,a)
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Learning to solve a control problem: Q-learning algorithm

* it learns iteratively the optimal Q value function using the Bellman optimality equations

* we store all the Q-values in a table that we will update E % A]

at each time step using the Q-learning iteration
Q*(s,a) = 2 ’p(s, a,s')[R(s,a) + ymax,Q*(s',a")]
S

@(St, at) — (1 — at)a)(st, at) + o [ i1+ Y mfx @(SH_l, a)} (¢t : learning rate

Initialize Q(s,a).Vs € §,a € A(s), arbitrarily, and Q(terminal-state,-) =0
Repeat (for each episode):
Initialize S For Q-learning to converge, it is
R.Pl)w-l.l (for each step of Pl)i.\'t )(1(*’,): necessary to visit every state or
Choose A from S using policy derived from @ (e.g.. e-greedy) .
Take action A, observe R, S’ every State_?Ctlon d Iarge
Q(S.A) + Q(S, A) + a[R + ymax, Q(S',a) — Q(S, A)] number of times
S « 5
until S is terminal
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Learning to solve a control problem: Q-learning algorithm

Initialize Q(s,a),.Vs € §,a € A(s), arbitrarily, and Q(terminal-state, ) =0
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
Choose A from S using policy derived from Q (e.g.. e-greedy)
Take action A, observe R, S’
Q(S.A) + Q(S,A) + a {lf + v max, Q(S’,a) — Q(S, A)
S« 5
until S is terminal

-

Exploitation vs exploration:

- Should | keep doing what | do or should | try something else?

- At the beginning the agent has no idea about the environment, so it is more likely
to explore new things than to exploit their knowledge

- The agent will get more and more information about how the environment works

and then it is more likely to exploit
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Learning to solve a control problem: Q-learning algorithm

18 actions:

pickup R) (pick-up LB) (pickup DB)
stack R LB) (stack LB R) (stack R DB) ...
unstack R LB) (unstack LB R) ..

(
(
(
(drop R) ..
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Learning to solve a control problem: Q-learning algorithm
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Learning to solve a control problem: Q-learning algorithm
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Learning to solve a control problem: Q-learning algorithm
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Learning to solve a control problem

Generalized planning with RL:
* RLcan also be used to discover a strategy for a wide variety of problem within a domain

* In Generalized Planning, we want to achieve solutions that potentially solve any problem of a
domain. Hence, we lose optimality.

* A well-known general strategy for the Blocksworld domain is to place all blocks on the table
and stack them in the right order.

RL approximators:

* Design RL elements by means of a function approximator: NN, random forest, multivariate
regression, ... =» Deep Reinforcement Learning

Planificacion y Aprendizaje por Refuerzo, EVIA, 14 Junio 2023 pp. 45



Learning to solve a control problem: wrap-up

Characteristics:
* Uncertainty in the environment, unknown environments
* Generalized solutions
* Model-free approach (limited ‘view of the future’)
e Optimization task

* No interpretability

* The curse of dimensionality

* Sparse rewards (need of a large number of episodes to reach a solution)
e Solutions dependent on the training samples
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