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Traffic Congestion O ecooo

Motivation

Costs of congestion in the EU
amount to 1 % of its GDP [1]

In large cities, commuters spend = in
up 200 hours yearly in congested traffic [2] (235

m——

Average driving velocities in major
cities go as low as 11 km/h [2]
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Vehicle to Infrastructure (V2I) Communication

Emerging V2I communication technology enables fast, bilateral
exchange of information between vehicles and the infrastructure

The information about the state of individual vehicles
might enable better traffic control decision

But, translating large amounts of data into a control decision
is difficult and asks for novel optimisation techniques

Motivation
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Objectives

Design and implementation of a Reinforcement Learning (RL)
algorithm that can be used to learn the control of traffic lights

‘ Design and implementation of a traffic simulation environment

Investigation of the benefit of V2I communication on the efficacy of traffic
control and assessment of the ability of RL to learn a good strategy

TECHNISCHE Deep Reinforcement Learning for Traffic Control
UNIVERSITAT Deutsche Telekom Chair for Communication Networks / TU Dresden
DRESDEN Defense of Diploma Thesis // 02.09.2019

Folie 5

Objectives

Z ComNets



Markov Decision Processes o0 £ oo

Reinforcement Learning
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Q-Learning o0 € o000

Reinforcement Learning

Policy rr(s): “Which action a should | take when | am in state s?”

Q-Function Q™ (s, a): “How much (discounted) reward can | expect in the
future if | am in state s, take action a and follow the policy & afterwards?”

T
Policy Improvement ¢ Policy Evaluation
n(s,) < argmax Q" (s¢, a’) Q"(spyar) « (1 —1)Q™(sp,ar) — Alreqq + H}la}x Q" (St+1,a")]
ar T
learning rate
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Q-Learning

initial | o 1
state [ S | S

actions

st+1|s° st |s*|s

rea | 1] -1]-1]3

rewards

Reinforcement Learning
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Deep Q-Learning [3]

~ [ argmax ]
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A Traffic Control MDP: Action Space o000 O oo
DRL for Traffic Control
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A Traffic Control MDP: State Space o000 O oo
DRL for Traffic Control
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A Combinatorial Action Space
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DRL for Traffic Control
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Agent 4D7 o000 0 oo
DRL for Traffic Control
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Single Intersection o000 O o

Results
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Composite Reward

Jo

int optimisation of:
average velocity of vehicles

flow rate (percentage of
vehicles that are not moving

C0, emissions
average stress of drivers

(quadratic in the time spent
waiting lately [9])
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L'Antiga Esquerra de I'Eixample eoo00 O o
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Results
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Conclusions (Y Y Y Y M)

Discussion

The availability of Vehicle to Infrastructure communication has the potential to
mitigate the problem of traffic congestion.

Reinforcement Learning can be used to leverage the massive amounts of vehicle
data in order to make more informed control decisions

The model-free nature of Reinforcement Learning allows us to optimise arbitrary
objective functions and not to rely on questionable model assumptions.
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Outlook (Y Y Y Y M)

Discussion

Comparison of DRL for traffic control with V2I communication
against other approaches

Improvement of the traffic simulation: more realistic driving behaviour,
adaptive routing choices, other vehicle types, pedestrians...

Incorporation of the ability of the traffic infrastructure to
send messages to individual vehicles
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Thank you for your attention.
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LAntiga Esquerra de I'Eixample
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