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

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

Average driving velocities in major
cities go as low as 11 km/h [2]

1

Motivation

Traffic Congestion
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1Vehicle 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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2

Objectives

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
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3

Reinforcement Learning

Markov Decision Processes
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3Q-Learning

𝜋

𝑄𝜋

Policy Evaluation

𝑄𝜋 𝑠𝑡 , 𝑎𝑡 ← (1 − 𝜆)𝑄𝜋 𝑠𝑡 , 𝑎𝑡 − 𝜆[𝑟𝑡+1 + 𝛾max
𝑎′

𝑄𝜋(𝑠𝑡+1, 𝑎
′)]

Policy Improvement

𝜋 𝑠𝑡 ← argmax
a′

𝑄𝜋(𝑠𝑡 , 𝑎
′)

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

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

Reinforcement Learning

learning rate discount factor
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Reinforcement Learning

𝑄𝜋 𝑠𝑡 , 𝑎𝑡 ← (1 − 𝜆)𝑄𝜋 𝑠𝑡 , 𝑎𝑡 − 𝜆[𝑟𝑡+1 + 𝛾max
𝑎′

𝑄𝜋(𝑠𝑡+1, 𝑎
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3Deep Q-Learning [3]
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continuous state space
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4A Traffic Control MDP: Action Space
DRL for Traffic Control

1 2 3 4

5 6 7 8

• next phase

• phase time of current phase

discrete phase options

5 seconds 100 seconds

continuous phase length 
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4A Traffic Control MDP: State Space

• period

communicative agentsolitary agent

• phase

• time since last change

• phase traces 

• all elements of the solitary agent

• positions of observed vehicles

• velocities of observed 
vehicles

• number of vehicles on every road

• average velocity on every road

DRL for Traffic Control
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4

DRL for Traffic Control

A Combinatorial Action Space

Q-Network

state
8 Q-values argmax64 Q-values4,096 Q-values
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4

DRL for Traffic Control

Agent 4D7
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• Learn two Q-distributions and 
use the smaller one to 
mitigate the overestimation of 
the Q-function [4, 5]

• Learn a NN that approximates 
the Bolzmann-distribution 
over the Q-values [6]

• Reparameterise the sampling 
operation of actions so that 
we can compute the 
gradients of the [7, 8]
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5

Results

Single Intersection

without V2I

solitary agent communicative agent
with V2I
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5Composite Reward
Results

Joint optimisation of:

• average velocity of vehicles

• flow rate (percentage of 
vehicles that are not moving

• 𝐶𝑂2 emissions

• average stress of drivers 
(quadratic in the time spent 
waiting lately [9])
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5L’Antiga Esquerra de l’Eixample
Results
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5L’Antiga Esquerra de l’Eixample
Results

Through the availability of V2I communication,
𝐶𝑂2 emissions were lowered by ~20%.

The average time that vehicles spend waiting 
at traffic lights was reduced by ~50%.
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5L’Antiga Esquerra de l’Eixample

solitary agent communicative agent
without V2I with V2I

Results
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Discussion

Conclusions 6

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 6

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

Discussion
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Thank you for your attention.
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5
Results

L’Antiga Esquerra de l’Eixample

solitary agent communicative agent
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