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Machine Learning

= Traditional computer science
= Program computer for every task

= New paradigm
= Provide examples to machine
= Machine learns to accomplish tasks based on examples

Economic growth has slowed down in recent vyears .

N LT

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .
Economic growth has slowed down in recent years .

AN | A

La croissance économique s' est ralentie ces dernieres années .
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Machine Learning

= Success mostly due to supervised learning
=  Bottleneck: need lots of labeled data
= Limitation: mimic data

=  Alternatives

= Unsupervised, semi-supervised, self-supervised learning

= Transfer learning, domain adaptation, meta-learning
- Reinforcement Learning
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What is Reinforcement Learning?

= Reinforcement learning is also known as
=  Optimal control
=  Approximate dynamic programming
= Neuro-dynamic programming

= Wikipedia: reinforcement learning is an area of machine learning
inspired by behavioural psychology, concerned with how software
agents ought to take actions in an environment so as to maximize
some notion of cumulative reward.
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Animal Psychology

= Negative reinforcements
=  Pain and hunger

m  Positive reinforcements
m Pleasure and food

= Reinforcements
used to train animals

= Let’s do the same with computers
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Reinforcement Problem

Agent
State Reward &ction

Environment

Goal: Learn to choose actions that maximize rewards
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Sample Industrial Use Cases

Less Complex

More Complex

Contextual Bandits Bayesian Optimization Sequential decision Making
Marketing Hyperparameter optimization Automated trading

ad placement, Stocks, energy

recommender systems Troubleshooting
Loyalty programs Customer assistance Optimization

personalized offers Path planning
Price management Diagnostics Routing

airline seat pricing Fault detection Energy consumption

cargo shipment pricing

food pricing Design of experiments Control
Optimal design Drug design Robotics

interface personalization Material design Autonomous driving
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Marketing (Recommender System)

= Agent: recommender system
=  Environment: user

= State: context, past

recommendations and
feedback

= Action: recommended item
=  Reward: value of user feedback
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Operations Research (vehicle routing)

= Agent: vehicle routing system
= Environment: stochastic demand
= State: vehicle location,
capacity and depot requests
= Action: vehicle route
= Reward: - travel costs
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Game Playing (Computer Go)

uuuuuuuuuuuuuuuuuuu

= Agent: player Ul > o5

=  Environment: opponent ad |

= State: board configuration B .

= Action: next stone location i °§ S g
A 71|

= Reward: +1 win /-1 loose

uuuuuuuuuuuuuuuuu

= 2016: AlphaGo defeats Lee Sedol (4-1)
= Game 2 move 37: AlphaGo plays unexpected move (odds 1/10,000)
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Conversational Agents (RL from Human Feedback)

Agent: system

Environment: user

State: history of past utterances cvaluation
Action: system utterance -
Reward: task completion, o
human feedback TISTRSNRTIVI o varci Mode!

Credit: https://www.twine.net/blog/what-is-reinforcement-learning-
from-human-feedback-rlhf-and-how-does-it-work/
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Computational Finance (Trading)

= Agent: trading software

= Environment: other traders
= State: price history

= Action: buy/sell/hold

= Reward: amount of profit

Example: how to purchase a large # of shares in a short period of time
without affecting the price
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Reinforcement Learning

= Comprehensive, but challenging form of machine learning

Stochastic environment
Incomplete model

O
O
o Interdependent sequence of decisions
o No supervision

O

Partial and delayed feedback

" Long term goal: continual learning
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Markov Decision Process

Components Formal definition Inventory management

States SES inventory levels

Actions a€EA {doNothing, orderWidgets}

Rewards reR Profit (S)

Transition model Pr(s¢|s¢—1, ar—1) Stochastic demand

Reward model Pr(relse, ac) R(s¢, a;) = sales — costs — storage
R(st, at) = Xy, 1tPr(rtlse, ar)

Discount factor 0<y<l1 y = 0.999

Horizon heNOFrh=o h = o
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Common Assumptions

"  Transition model

=  Markovian: Pr(s;,q|ss, ag, Sg—1,ar—1, ... ) = Pr(Ss11|Ss, as)

n Current inventory and order sufficient to predict future inventory
= Stationary: Pr(s;,1|S¢, a¢) is same forall t
= Distribution of demand same every day

=  Reward model

=  Stationary: R(s;, a;) = ) 1:Pr(1y|sg, a;) is same for all t

= Formula to compute profits is same every day
= Exception: terminal reward is often different
= In a game: O reward at each step and

+1/-1 reward at the end for winning/losing
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Discounted/Average Rewards

= Goal: maximize total rewards Y., R(s;, a;)
Problem: if h = oo, then }I'_, R(s,, a,) may be infinite

= Solution 1: discounted rewards
= Discount factor: 0 <y < 1
» Finite utility: )., y*R(s, a;) is a geometric sum

= ¥ induces an inflation rate of 1/y — 1 (prefer utility sooner than later)

= Solution 2: average rewards

= More complicated computationally (beyond scope of this course)
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Policy

» Choice of action at each time step

= Formally:
= Mapping from states to actions: m(s;) = a;

= Assumption: fully observable states

= Allows a; to be chosen only based on current state s;
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Policy Optimization

= Policy evaluation: compute expected utility
VT(so) = Z?:o yt Zstﬂ Pr(st4+1150, ) R(St41, T(St41))

= Optimal policy t*: policy with highest expected utility
VT (sg) = V™(sy) VYV

= Several classes of algorithms:
= \alue iteration
= Policy iteration
= Linear Programming
= Search techniques

W UNIVERSITY OF
CS486/686 Spring 2024 - Lecture 9 - Pascal Poupart PAGE 19 @ WATE RLOO



Value Iteration

= Value when no time left:

Vg (s) = max R (sp, ap)
anp

Value with one time step left:

Vi(sh-1) = {lY;LaXR(Sh—p ap—1) + v Xs, Prsplsn—1, an—1) Vo (sn)
-1
Value with two time steps left:

Vo (Sh-2) = g}llaXR(Sh—z; ap-2) +v Zsh_l Pr(sp—1lSh—2,an—2) Vi (Sp-1)
-2

Bellman’s equation:

Voo (S¢) = H}laXR(St, ag) +vy DiStae Pr(s¢s1lse, ae) Voo (Se41)
t

a; = argmax R(sy, ap) + v Xs,, , Prises1lse, ar) Voo (Se41)
At
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Value Iteration
valuelteration(MDP)

Vo (s) « maxR(s,a) Vs
a

Forn=1to hdo
Vi (s) « maxR(s,a) +y Xy Pr(s’|s,a) Va_1(s") Vs
a

Return V'*

Optimal policy *
n = 0: my(s) « argmax R(s,a) Vs

a
n > 0: my(s) « argmaxR(s,a) +y 2o Pr(s’|s,a) V,_1(s") Vs
a

NB: * is non-stationary (i.e., time dependent)
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Value Iteration (Matrix Form)

R%: |S|%x1 column vector of rewards for a
V7 |S|x1 column vector of state values

T%: |S|x|S| matrix of transition probabilities for a

valuelteration(MDP)
Vo < max R
a
Fort =1to hdo
Vi < maxR* +yTV, _,
a
Return V*
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A Markov Decision Process

Poor &
Unknown
+0

Poor &
Famous

‘ /\
Rich & X
Unknown
+10

2

2
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y =09

You own a company

In every state you must
choose between

Saving money or
Advertising

% WATERLOO



n V,(PU) |\, (PU) |Vy(PF) |mt;,(PF) |V,,(RU) |y, (RU) |V, (RF) |1t;,(RF)
0 0 A,S 0 A,S 10 A,S 10 A,S
1 0 A,S 4.5 S 14.5 S 19 S
2 2.03 A 8.55 S 16.53 S 25.08 S
3 4.76 A 12.20 S 18.35 S 28.72 S
4 7.63 A 15.07 S 20.40 S 31.18 S
5 10.21 A 17.46 S 22.61 S 33.21 S
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Exercise: Value Iteration, No Time Left (RF State)
Vo (RP) =pmenx § RRE,AY | R(RES) S

=manc & (o 167
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Exercise: Value Iteration, One Time Step Left (RF State)
Vi(RE) < e R(REA) 772, P(SHIRE <) (s )

R
gl PN IO NG {lo.(_ OAX| X0, 19 4—0(%(0 S X[U+0. S’CIO}

= e S0 195
= U

T (RP) = AP I)C %[O,l‘i%
= S
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Horizon Effect

= Finite h.
= Non-stationary optimal policy
= Best action different at each time step
= Intuition: best action varies with the amount of time left

= |nfinite h:
= Stationary optimal policy
= Same best action at each time step
= Intuition: same (infinite) amount of time left at each time step
= Problem: value iteration does infinite # of iterations
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Infinite Horizon

= Assuming a discount factor y, after n time steps,
rewards are scaled down by y™
= For large enough n, rewards become insignificant since y™ — 0

= Solution #1:

= pick large enough n and run value iteration for n steps
= Execute policy m,, found at the nth iteration

- S
" \//vw VM-vl\oo — /V‘"So")( \\/MCS\ \//VV-V( 5

= Solution #2:
= Continue iterating until ||Vn — Vn_1||oo < € (e is called tolerance)
= Execute policy m,, found at the nth iteration
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