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Since 1996

Davide Salaorni
28 yo - Legnago (VR)

2015 - 2021

B.Sc. Ingegneria Informatica @ Polimi
M.Sc. Computer Science and Engineering @ Polimi
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Ph.D. student @ POLIMI - Scholarship by RSE -
Supervised by Marcello Restelli and Francesco Trovo
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Artificial Intelligence




What is Al?

In 1950 Alan Turing asks “whether if it is possible for a Russell and Norvig approch the definition by
machinery to show inte//igent behaviour” distinguishing between 4 “schools of thoughts”
Human-like behavior Rational behavior
Reasonin Systems that Systems that
9 think humanly think rational
Acting Systems that Systems that
act humanly act rational

Dartmouth Summer Research Pro;ecton Artificial Intelllgence 1956
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“The Intelligence is the computational part of the ability to
achieve goals in the world” (McCarthy)
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What is Al?
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IEITIS{GALLEDSMAGHINE'LEARNING=
THE'MAGHINE SHOULD LEARN IT

What is Al?

NOT YOU
MACHINE
LEARNING |
NEURAL
NETWORKS NATURAL
ROBOTICS and LANGUAGE
DEEP PROCESSING
LEARNING
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Machine Learning in a nutshell
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Machine Learning in a nutshell

SUPERVISED Classification Regression
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Machine Learning in a nutshell

RAW DATA CLUSTERED DATA VISUALIZATION
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Machine Learning in a nutshell
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Reinforcement Learning




Where RL comes from?

Computer Science

\\‘4 '?J

/L & >
Paviov (1903) Thorndike (1905) Minsky (1961)
Classical conditioning  Law of effect Credit—assignment
problem
PSYChOIOQYs Tria/
a/;d
Engineering Sehite Neuroscience @/-/.
earning | O/'

Watkins (1989)  Littman (1994) (
m Q-learning minimax—Q

- " Reinforcement Learning
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Samuel (1956)
Checkers

Psychology

Sutton & Barto (1984) Tesauro (1992)
Temporal Difference TD-Gammon

Economics

Bellman (1957) Howard (1960)
Dynamic Programming  Policy lteration
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Where RL beat humans?

2013: playing Atari games

state A /< N Y action

t n " \ . e - > L——' at

Mnih V, Kavukcuoglu K, Silver D, Graves A, Antonoglou |, Wierstra D, Riedmiller M (2013) Playing Atari with Deep Reinforcement Learning
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Where RL beat humans?

2016: AlphaGo vs Lee Sedol
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Final result: 4 - 1

CXel)

#© Google DeepMind

Challenge Match

8 - 15 March 2016

Silver, D., Huang, A., Maddison, C. et al. Mastering the game of Go with deep neural networks and tree search. Nature 529, 484-489 (2016)
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Where RL beat humans?

2019: AlphaStar playing StarCraft |l

Human reedback

Text Demonstration : Comparison 5
e.g. Internet data data | data |
o _ | Trained to give Optimized to generate E
Optimized Tor Flnetu_ned for E a scalar score for responses that maximize :
text completion dialogue ' (prompt, response) scores by reward model !
: ‘ Language Supervised | e Reinforcement
| MaNa guag Hperve ! Classification . .
modeling finetuning : Learning !
>‘_ I.'.-'. : :
b b - - P - 4——04’ l;_ . M N : :
AlphaStar ':' | !
- : Pretrained LLM —— SFT model — Reward model —— Final model :
: Outcome Prediction : |
- Considered Location i bt i |
Raw Obsorvations Neural Network Activations ‘ : - : Scale >1 trillion 10K - 100K 100K - 1M comparisons 10K - 100K
- . May ‘23 tokens (prompt. response) (prompt. winning_response, losing_response) prompts
4 At ‘ Pt Considered Buld/Tram | E L
o P ' Xamples GPT-x. Gopher, Falcon. Dolly-v2, Falcon-Instruct InstructGPT, ChatGPT,
; "y P Bolded: open  LLaMa. Pythia. Bloom. Claude. StableVicuna
sourced StableLM

2022: RL with Human Feedback in ChatGPT

Mathieu M, Ozair S, Srinivasan S, Gulcehre C, Zhang S, Jiang R, Paine TL, Powell R, Zotna K, Schrittwieser J,
Choi D, Georgiev P, Toyama D, Huang A, Ring R, Babuschkin |, Ewalds T, Bordbar M, Henderson S,
Colmenarejo SG, van den Oord A, Czarnecki WM, de Freitas N, Vinyals O (2023) AlphaStar Unplugged: Large-
Scale Offline Reinforcement Learning
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The power of reinforcements

environment
\ Observations: woman and stick movement

s ©

Actions: movements towards the stick and
agenf to take It back to master
actions
E— - Reward: dog biscuits
rewards / |
¢ Goal: get a lot of dog biscuits

observations 4 A

Y. o
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Sequential Decision Making

reward

R,
E Rt+1
1 .
. S.. | Environment

The history of the process is the sequence of observations, actions and rewards:

action
A,

h,=1ay,0{,71,0y, 0y, 5y ..., 4, O, T}

The state is the information used to determine how to behave depending on the past experience:
s, = f(h) = flay, 0,1, ...,4,0,T))
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Example 1: pole balancing

State space: 4 continuous state variables p, p, 0, 0

Actions: 2 actions {—N, N}
State transitions: deterministic

Reward:
- 0 in the goal region
- -1 outside the goal region
- -100 unfeasible region

REINFORCEMENT LEARNING



Example 2: blackjack

State space: ~ 300
Actions: from 2 to 4 depending on the state
State transitions: stochastic

Reward: O each step, {-2,-1,0, 1, 1.5, 2}
at the end

REINFORCEMENT LEARNING



Example 3: chess

State space: ~ 10%’
Actions: from 0 to 218
State transitions: deterministic

Reward: 0 each step, {-1, 0, 1}
at the end

Size of the game tree: 10!%°

REINFORCEMENT LEARNING



How do we model the system?

The system can usually be described as a stochastic process, i.e. an indexed collection of
random variables { X |.

The Index represents:
* the instant of time in the continuous case, or

* the t-th configuration of the environment among a finite number of mutually exclusive
and exhaustive labeled states in the discrete case

Generally, the probability to reach a particular state s at time t+1 is:
pS — [FD(XZ‘-I—I — Slht) — ﬂ:D(XH_l — S‘Xl‘ — xt’Xt—l — Xt_l o oo ,X2 — XZ’XI — xl)

REINFORCEMENT LEARNING



Markov Process

Reinforcement Learning problems are usually modeled as Markovian processes, which respect
the Markov assumption:

“The future is independent from the past given the present”

This means that each state captures all the information from the history and we can just throw
away the past:

[FD(XH_l — S‘Xl‘ — xt’Xt—l — xt_l o oo ,X2 — XZ,XI — xl) — [FD(XH_I — S‘Xl‘ — )Ct)
If the process is stationary (time invariant), we can write:

pinj=PX =7lX, =1 =PX, =jlXy=1)

REINFORCEMENT LEARNING



Markov Process

A Markov Process is a memoryless stochastic process described by the tuple (S, P, u):

« Sis a (finite) set of states 0.25

« P is a state transition probability matrix,
so that P, = P(s'| s)

* U isthe (?et of initial probabilities, 0.5 @@ 0.5
where y; = P(Xo = 1) B y

0.25
Rain [ 05 025 025 ]
P = Nice 05 0 05

Snow - 025 0.25 0.5 |

REINFORCEMENT LEARNING




Markov Decision Process

A Markov Decision Process (MDP) is a random process described by the tuple (S, A, P, R, v, i):

« S is a (finite) set of states
« A is a (finite) set of actions

» P is a state transition probability matrix, so that P, = P(s’| s, a)

» Ris areward function R(s, a) = [E[r]s, a]

 yis a discount factor such that y € |0, 1]
« U Is the set of initial probabilities, where ,ul.o = P(X, =1)

REINFORCEMENT LEARNING



Stay away from easy rewards...

The interaction agent-environment is a sequence of {S,, Ay, Ry, 5,4, ...}, but the objective
IS not the mere reward.

The agent’s goal is the maximization of the expected return G, defined as
Gt — Rt+1 +Rt+2 +Rt+3 + ... +RT

where 1 is the finite time-horizon and the task is an episodic task, meaning that the sequence
of agent-environment interactions always reaches a terminal state.

A different objective has to be considered with infinite time-horizon, because the summation of
step rewards may diverge.

That’s what y is made for...

REINFORCEMENT LEARNING



...and prefer discounted ones!

With infinite time-horizon (continuing tasks), where 1" = oo, the return has to be expressed as
the summation of the expected discounted rewards

Gl‘:Rt 1+}/Rl‘ 2+}/2Rt 3+ :Z}/kR“k 1
k=0

With the discount factor y € |0, 1) we can reproduce
* a “myopic” strategy with y = 0
 a “far-sighted” strategy with y ~ 1

Financial and behavioral meaning: a reward today may be more interesting than a delayed one.

REINFORCEMENT LEARNING



The policy
A policy 7 is a distribution over actions given the state:

n(als) = Plals]

The policy defines the behavior (or strategy) of the agent and can be:
* markovian or history-dependent
* deterministic or stochastic
* stationary or non-stationary

MDP => markovian and stationary policy

In RL problems, finding the (best) policy is the end goal of our efforts.

REINFORCEMENT LEARNING



Student MDP Facebook

R=-1

Initial state

R=0
O Non-terminal state

Facebook
R =-1

Study

‘ R=+10

Terminal state

Pub
R=+]

0.4
0.2
0.4
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Policy Value Functions

The state-value function V*(s) of an MDP is the expected return starting from state s, and then
following policy 7«

Vﬂ(S) — _]Z'[Gl"st = 5]

The action-value function Q”(s, a) is the expected return starting from state s, taking action a,
and then following policy &

Q”"(s,a) =k _|G,|s, = s,a, = a]

The value functions come from dynamic programming and they satisfy a recursive relationship
between the value of the state and the values of its successor states.
They are also known as Bellman equations.

REINFORCEMENT LEARNING



Bellman Expectation Equations

Vi(s) = E,IG,|s, = 5] Both used to evaluate the goodness
=E_[R,., +7Vs,.,)|s, = s] (or utility) of a policy.
= Z m(als) (R(S’ a) 72 P(s’| s, a) Vﬂ(”) The O*(s, a) is used more for control
aeA $ES purposes to evaluate the played
action.

Q"(s,a) = E_[G,|s, = s,a, = d]

= B[R +7 Q" (5154 ) |5, = 5,0, = al

Variation of Bellman equations take

= R(s,a) + 72 P(s’| s, a) V*(s") into consideration problem of finding
ves optimal policies.

= R(s,a) + yz P(s’| s, a) 2 n(a’|s") O*(s’, a’)
s'eS a'eA

REINFORCEMENT LEARNING



Student MDP Facebook

_ _ R=-1 w(a|ls) =05 withy =1
Policy Evaluation
Keeping in mind the Bellman equation 0
Vi(s) = ) n(als) (R<s, a)+y ) P(s'|s.a) V,,(S,)>
a€A s'ES Quit Facebook
R=0 R =-1

: Study

We can compute the state-value function R 10

7.4 =0.5"-"Pub" + 0.5 - "Study"
=05-(1+02-(-=1.3)+04-27+0.4-7.4) +
+0.5- 10 i

0.4
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Gridworld: Iterative Policy Evaluation

To avoid the tedious computation of a system of |1 > |a
| S |equations in | S | unknowns with the recursive ! 4 o o
[ = | 5 e
approach, we can go for the iterative way. = > ' on all transitions
Y 8 [9 |10 |11
Vo= Vi—» ..oV, >V - ..V actions 2 iz |ia

At each iteration k + 1, for each state s, we update the state-value function with the state-value
function compute in s’ at the previous step V,(s’) with the following backup:

Vi 1(s) < Z n(als) (R(S, a) + }/Z P(s’|s, a) Vk(s’))

aceA s'eS

REINFORCEMENT LEARNING



Gridworld: Iterative Policy Evaluation

V, for the Greedy Policy
Random Policy wrt v,
- random
= policy
"
k _ l ‘ | .4 I »|€ } -
Sl
i -
= |
k=2 1 !
-3 —
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Gridworld: Iterative Policy Evaluation

REINFORCEMENT LEARNING




Optimal Policy

Value functions define a partial ordering over policies: 7 > @’ if V*(s) > VZ(s),Vs € S

For any MDP:

 there exists an optimal policy 7 that is better than or equal to all other policies
nt > Nn

. all optimal policies achieve the optimal value function V* (s) = V*(s)

. all optimal policies achieve the optimal action-value function O” (s, a) = Q*(s, a)
* there is always a deterministic optimal policy, that corresponds to

n*(als) = { Lfa=argmax ., 0%(s,a)
0 otherwise

REINFORCEMENT LEARNING



Bellman Optimality Equations

V*#(s) = max OQ*(s, a)

— max {R(S, a) + }/Z P(s'| s, a) V*(S')}

s'eS

Q*(s,a) = R(s,a) + 7 ) P(s'| s,a) V¥(s')

s'eS

= R(s,a) + yz P(s'|s, a) max O*(s’,a’)

s'es

REINFORCEMENT LEARNING



Student MDP -~

Optimal Policy 7o 7¥(als) withy =1

Keeping in mind the Bellman optimality equation 0
for the action-value function

O*(s,a) = R(s,a) + }/Z P(s’|s, a) max Q*(s’,a’)  Quit

Facebook

JeS R =_0 R =_—51
L hl Study
R=+10
o
We can compute the optimal action-value
function
6 = max{"Study", "Facebook"} Ri”f,
] x =06.4
= max{—2+8, — 1 + 6} N/

0.4

REINFORCEMENT LEARNING



Deep Reinforcement Learning

RL Taxonomy

v v
Model-Based DRL Model-Free DRL
. . . etc TD, MC, etc
To find the policy we typically have oF 19 o
3 kind of algorithms: | |
N Py Value-Based Policy-Based
Value based . ] [ ] y y Deterministic Policy | |
Learn the state/action-value function S e On-Policy Off-policy Gradient (DPG)
of the policy (implicit policy) Spraze | | Teremn | l Proxmapoiey |,
—»{ Learn the model S Stae e
Policy based : TRPO/ACKTR  |¢—
Learn directly the policy with a I I pan
parametrized function Woaee - " I I !
cs1 Ragg’ﬁw Duozi'\rl\g ch))(ult:e DDPG j¢&—— AC  |e—
Actor Critic 1
Hybrid approach that learns both the Y l

TD3 SAC A2C/A3C

value function and the policy

REINFORCEMENT LEARNING



To Infinity... and beyond!

Large/continuous state space $
Large/continuous action space A
Continuous Time

Tabular representation that we have
used until now cannot be employed

V(s,w) dsaw)  dsaew) - AsaW)  \We can estimate the value function with function
approximations v, (s) and g, (s, a) through:
e |[inear models

* decision trees
* nearest neighbors
* coarse coding, tile coding

bt
/\/\‘ /\/\‘ /\/\ * (deep) neural network
T
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Model or not model...

v 4

In RL with model we mean the e iy
model of the environment, i.e. l l
anything that an agent can use to . lveBased S
predict how the environment will o otenhemed ‘ :

. . erministic Polic
respond to its actions. A.phteo/ ai’en . o | | St o [o—

AlphaZero Iteration l l T

L00k|ng baCk tO the MDP the mOdel QLearning Optimization (PP)) S

Sarsa

IS the transition function —{ Learn the mode :
P(S, | 55 Cl). I v DQN

World Models I2A l 1 . . .

51 Rainbow | | Dueling Double DDPG AC
DQN DQON DQN l

TD3 SAC A2C/A3C

TRPO/ACKTR  |&—
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Model-free RL

We don’t know the model of the system (environment’s dynamics) and we learn the value

function from actual experience.

9
ol ﬁg&\y
r /N /N
/ \: / \ :’\

Monte-Carlo Prediction

v
Voo

|
\ |

Q@
Vo

Temporal Difference Prediction

L LR
\ l/

Yo / /
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Model-based RL

We have knowledge of the environment’s dynamics, so we can compute the expected return

by considering all the possible actions in every state.

S
¢

value/policy

o U planning acting

O model experience

S~ -

learning

) ® O O
9
/I N I
/ \ |

bl

QO
|
\

\ \\'

IR Or we can learn a model from experience and
then plan the value function v and/or the policy .

Dynamic Programming

REINFORCEMENT LEARNING




Model Predictive Control

Model Predictive Control is a framework that use a model of the process to predict its future
evolution and choose the “best” control action.

N —1
min »  [|WY(yx — r(£)ll5 + IW* (ur — u: ()13
k=0
s.t. Th4+1 = f(a:k,uk.) PTQdLCEf.OV\ MOd@.L
yr = g(xk) >

Umin < Uk < Umax cownstraints

Ymin S Yk S Ymax
ro = x(t) state feedbacl

>

numerical optimization problem T
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RL vs MPC

Comparison between MPC and RL approaches in energy sector

The increasing complexity of energy systems, ey W T,
uncertaintes, and security problems, are | —=— Reinforcement Learning
difficult to control entirely using model-based

approaches.

MPC needs the knowledge of the model and,
for specific families of models, provides strong
theoretical guarantees.

Number of publications

RL allows to be more flexible in the problem
formulation and relies on a learnt approximate
model or entirely on experience.

1
2020

A.T.D. Perera, Parameswaran Kamalaruban, Applications of reinforcement learning in energy systems,
Renewable and Sustainable Energy Reviews, Volume 137 (2021)

REINFORCEMENT LEARNING
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Application in Energy Field

Smart Grids and Energy Storage Systems

Distributed and decentralized scenario conceived as a control problem involving the
collaboration/competition of multiple agents (prosumers).

Environment

Many variables and uncertaintes:
 consumers’ demand
* energy generation
* battery degradation ceward et

» electrical market trend A R, St

The environment’s dynamics could
be too complex to be modeled.

i <&

i
A

Agent



Application in Energy Field

Smart Grids and Energy Storage Systems

- Node )

N
Producer Pp,
P

a ) PCt

Consg mer | o

Battery ]
\_ Y, B
N J

Marco Mussi, Luigi Pellegrino, Oscar Francesco Pindaro, Marcello Restelli, Francesco Trovo, A Reinforcement Learning controller
optimizing costs and battery State of Health in smart grids, Journal of Energy Storage, 1, Volume 82 (2024)

The goal consists in minimizing the
cost of the system and maximizing
profits selling energy to the grid.

The state space include information on
SoC, temperature, exchanged power
and time.

The action space is a finite set of
possible fractions of power stored by
the battery.




Application in Distribution Networks

Water Distribution Systems undergoing Cyber-Attacks

Tanks

I SENSOR !
| READINGS i

1
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Junctions




Application in Distribution Networks

Water Distribution Systems undergoing Cyber-Attacks

A The goal consists in make the system resilient
S to cyber-attacks and avoid interruptions of the

network’s normal operations.
[f ’ [ ]I To do so we have adopted a deep-RL
algorithm (DQN) together with an attack
PLC2 PLC3 PI-C‘l

!EO‘ ‘go‘ detection system.

WDS
SIMULATOR L @@ The tests have been conducted on a suitable

Digital Twin (DHALSIM).
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Python Libraries for Algorithms

e Stable Baselines 3

* RLLib

e Mushroom-RL @ 7
\
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 Gym/Gymnasium

e Atari-RL
 Mujoco

« SMAC




Books and Courses

e Sutton and Barto, “Reinforcement Learning: an Introduction”, MIT Press, 2018. http://
iIncompleteideas.net/book/the-book-2nd.html

* Bertsekas and Tsitsiklis, “Neuro—Dynamic Programming”, Athena Scientific, 1996.
e Szepesvari, “Algorithms for Reinforcement Learning”, Morgan and Claypool, 2010.

 Agarwal, Jiang, Kakade, and Sun, “Reinforcement Learning: Theory and Algorithms”, 2021.
https://rltheorybook.github.io/

* Bertsekas, “Dynamic Programming and Optimal Control, Vol.ll, 4th Edition: Approximate
Dynamic Programming”. Athena Scientific, 2012.



http://incompleteideas.net/book/the-book-2nd.html
http://incompleteideas.net/book/the-book-2nd.html
https://rltheorybook.github.io/
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