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ABSTRACT
As a part of Intelligent Transport Systems (ITS), Cooperative Adap-
tive Cruise Control (CACC) systems have been introduced forfind-
ing solutions to the modern problems of automotive transporta-
tion such as traffic efficiency, passenger comfort and security. To
achieve cooperation, actors on the road must use internal sensors
and communication. Designing such a controller is not an easy
task when the problem is considered in its entirety, since the inter-
actions taking place in the environment (from vehicle physics and
dynamics to multi-vehicle interaction) are extremely complex and
hard to model formally. That is why many ITS approaches con-
sider many levels of functionnalities. In this article, we will show
our work toward the design of a multiple-level architectureusing
reinforcement learning techniques. We explain our work on the
design of a longitudinal ACC controller, which is the first step to-
ward a fully functionnal CACC low-level controller. We describe
the design of our high-level controller used for vehicles coordina-
tion. Preliminary results show that, in some situations, the vehicle-
following controller is stable. We also show that the coordination
controller allows to have an efficient lane allocation for vehicles.
At last, we present some future improvements that will integrate
both approaches in a general architecture centered on the design of
a CACC system using reinforcement learning.

1. INTRODUCTION
More and more sensors are used today to gather information re-

lated to a number of components inside vehicles. Even thoughthis
information is used mainly for monitoring, some applications go
even further and use it to gain knowledge on the environment of
the vehicle. With information on the state of the environment, it
becomes possible to make driving decisions that can help solve to-
day’s transportation problems, working toward an increasein the
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efficiency of traffic but also in the comfort and security of passen-
gers. Intelligent Transport Systems (ITS) [19] are interested in de-
veloping technology to settle those issues.

One of ITS’s main focus is on Adaptive Cruise Control (ACC),
which is a good example of where the technology is headed. ACCs
use sensors to detect preceding vehicles and adapt the cruising ve-
locity of a car according to what might lie ahead. If a preceding
vehicle is present, the car automatically slows down to avoid colli-
sion and keep a safe distance behind. Already, ACCs are available
in high-end vehicles [2]. Still, today’s ACC systems are limited as
they do not provide a mean to share information between surround-
ing vehicles. As states Tsugawa [18], the use of inter-vehicle com-
munication could help fulfill the goals of ITS by providing a sys-
tem for vehicles to share with others sensor data representing their
environment. With a communication system, ACCs become Co-
operative Adaptive Cruise Control systems (CACCs), which have
communication and cooperation between vehicles as primarycon-
cerns. Clearly, the ultimate goal is to design controllers in order to
enhance today’s traffic efficiency and passenger comfort andsecu-
rity.

To design ACC and CACC controllers, reinforcement learning
is certainly a good solution. Indeed, some reinforcement learning
algorithms allow us to learn an optimal policy for acting in an en-
vironment without knowing its exact inner workings. However, in
the most general case, it is not possible to design a controller tak-
ing into account the entire problem of cooperative cruise control
because of the complexity of the task. In this case, we consider a
two levels approach. The first one is focusing on low-level con-
trol where a vehicle follows another vehicle at a secure distance,
by acting directly with the throttle and observing the concrete re-
sults on the inter-vehicle gap. This level is car-centered and can be
modeled by a Markov Decision Process (MDP) that can be solved
using algorithms that learn on-line, such as Temporal-Differences
(TD) algorithms. On the other hand, the second level is of higher
level and focuses on vehicle coordination. In that context,a learned
policy could choose the best driving lane for every vehicle located
on a highway system. Because of the multiagent point of view of
this subproblem, it could benefit from the use of Stochastic Games
to be modeled as an extension to MDP.

In this article, we will present some results in the design ofcon-
trollers working together in solving both the low-level andthe high-
level previously introduced. In the next section, we present the state
of the art of MDP and reinforcement learning for mono and multi-
agent settings. In section 3, we present the general architecture that
links the low and high-level controllers. In section 4, we present
the design of the low-level ACC controller. In section 5, thehigh-
level coordination controller is introduced. Then, section 6 presents



experiments for both layers and section 7 presents a discussion on
the improvements that can be done on both sub-problems. At last,
section 8 contains related work and we finish with a conclusion.

2. REINFORCEMENT LEARNING
AND GAME THEORY

Reinforcement learning allows an agent to learn by interacting
with its environment. For a mono agent system, the basic formal
model for reinforcement learning is the Markov Decision Process
(MDP). A MDP is a tuple< S, A,P ,R > where

• S = {s0, · · · , sM} is the finite set of states where|S| = M ,

• A = {a0, · · · , ap} is the finite set of actions,

• P : S × A × S → ∆(S) is the transition function from
current state, agent action and new state to probability distri-
bution over the states,

• R : S × A → R is the immediate reward function for the
agent.

Using this model, the Q-Learning algorithm calculates the opti-
mal values of the expected reward for the agent in a states if the
actiona is executed. To do this, the following update function for
state-action values is used:

Q(s, a) = (1 − α)Q(s, a) + α[r + γ max
a∈A

Q(s′, a)]

wherer is the immediate reward,s′ is the next state andα is the
learning rate. Anepisodeis defined by a sub-sequence of interac-
tion between the agent and its environment.

On the other hand, Game Theory studies formally the interaction
of multiple rational agents. In a one-stage game, each agenti has
to choose an action to maximize its own utilityU i(ai, a−i) which
depends on the others’ actionsa−i. An action can bemixedif the
agent chooses it with a given probability and can bepure if it is
chosen with probability 1. In game theory, the solution concept is
the notion of equilibrium. For an agent, the equilibria are mainly
based on the best response to other’s actions. Formally, an action
ai

br is a best response to actionsa−i of the others agents if

U i(ai
br, a

−i) ≥ U i(a′i, a−i), ∀a′i.

The set of best responses toa−i is notedBRi(a−i).
The Nash equilibrium is the best response for all agents. For-

mally, a joint actionaN , which regroups the actions for all agents,
is a Nash equilibrium if

∀i, ai
N ∈ BRi(a−i)

whereai
N is the action of theith agent in the Nash equilibrium and

a−i
N is the actions of other agents at Nash equilibrium. A solution

is Pareto optimal if it does not exist any other solution in which
one agent can improve its reward without decreasing the reward of
another.

The model which combines reinforcement learning and game
theory, is calledstochastic games[1]. This model is a tuple<
Ag,S, Ai,P ,Ri > where

• Ag is the set of agents where card(Ag) = N ,

• Ai = {ai
0, · · · , ai

p} is the finite set of actions for the agenti,

• P : S × A1 × · · · × AN × S → ∆(S) is the transition
function from current state, agents actions and new state to
probability distribution over the states,

• Ri : S × A1 × · · · × AN → R is the immediate reward
function of agenti. In team Markov games,Ri = R for all
agentsi.

Among the algorithms which calculate an equilibrium policyfor
team Markov games, Friend Q-Learning algorithm, presentedby
algorithm 1, introduced by Littman [11], allows to build a policy
which is a Nash Pareto optimal equilibrium in team games. More
specifically, this algorithm, based on Q-Learning, uses thefollow-
ing function for updating the Q-values at each step:

Q(s,~a) = (1 − α)Q(s,~a) + α[r + γ max
~a∈ ~A

Q(s′,~a)]

with ~a, the joint action for all agents (~a = (a1, · · · , aN)).

Algorithm 1 Friend Q-Learning
Initialize :
Q = arbitrary Q-Value function
for all episodedo

Initialize initial states
repeat

Choose~a which maximizeQ(s,~a)
each agenti carries out actionai

Observer,
−→
a−i and next states′

Q(s,
−→
ai) = (1 − α)Q(s,~a) + α[r + γ max

~a∈ ~A
Q(s′,~a)]

s = s′

until episode termination condition
end for

There are many techniques for choosing the joint action at each
step of the learning in this algorithm. We use in this paper the
ǫ-greedy policy. That means that, at each time, each agent hasa
probability1− ǫ to choose the action which maximise theQ-value
for the current state and a probabilityǫ to choose a uniform random
action. This allows the exploration of the joint action set.The size
of this set is exponential in term of the number of agents. This is a
real problem for real situations where the number of agents is high.

3. GENERAL ARCHITECTURE
The general architecture for CACC is described by Figure 1.

The positioning and communication systems provide information
to build a world model used by the action choice module to give
commands to the vehicle. However, as we said before, it is not
possible to solve the problem of vehicle cooperation with only one
controller designed by reinforcement learning. That is whywe di-
vided the problem into two sub-problems and, consequently,two
controllers. Furthermore, the action choice module is divided in
two layers: the Guidance layer and the Management layer based on
Hallé’s approach [7] and described in Figure 2.

The Guidance layer controller takes as inputs details on thepre-
vious state of the vehicle and, by using communication, on the state
of other vehicles to take secure driving decisions. Such a control
loop taking into account the state of preceding vehicles could help
avoid instability of a string of vehicles controlled by CACC. Inter-
vehicle communication is necessary to observe the longitudinal sta-
bility of cooperating vehicles [17]. Such stability requires knowl-
edge of the acceleration of the leader of the platoon of the preced-
ing vehicle, which could be provided by cooperation throughthe
communication system. Here, we present a preliminary solution,
described in section 4. It is based on reinforcement learning and is
used to design an ACC acting policy. We will explain the design



of a policy for the longitudinal control of a single vehicle,a fol-
lower, that can react to acceleration changes of the leader.Those
acceleration changes are given, for now, by a sensor providing the
inter-vehicle distance.

On the other hand, the Management layer is in charge of vehicle
coordination at high-level. In our current approach, this layer has
to find the best driving lane for each vehicle on an highway system
according to the other vehicles’ states and actions as described in
section 5. The Management layer takes as input information from
sensors and from the communication system according to a certain
partial view of the road. Each vehicle is able to know the cur-
rent state and the actions of other vehicles in a certain range. With
this fixed range, a policy is designed to choose the most effective
lane for each vehicle according to the accessible information for
each agent. This layer sends recommended driving actions tothe
Guidance layer by choosing one of the many low-level controllers
(for example, following a preceding vehicle, changing lane, etc.).
In this article, the low-level controller we present is the vehicle-
following controller.

Figure 1: CACC control loop using reinforcement learning

4. REINFORCEMENT FOR
GUIDANCE LAYER

Reinforcement Learning (RL) is an interesting technique for the
design of a longitudinal controller because it enables us toabstract
from the complexity of car physics and dynamics that have an im-
portant computing cost. With algorithms such as Q-Learning, one
can learn by choosing the actions and observing their results di-
rectly in the environment. Put into an ACC context, it is possible to
learn an acting policy in a simulated highway system by taking ac-
tions on the cars’ brakes and throttle, and observing the results. The
policy obtained can be used as a longitudinal controller to safely
follow a preceding vehicle.

To apply this RL framework, we first had to model the problem
by defining the states, actions, goals and rewards. Our first ap-
proach was to use variables such as the position of a leading car and
of a follower, their velocities and accelerations, etc. Clearly, this
state definition put us up against the curse of dimensionality, and it
became impossible to have a discrete state space precise enough to
learn a valuable policy. We modified our state definition by consol-
idating numerous state variables. This allowed us to use a smaller
discretization and to reach a better precision with only twovari-
ables. Since driving can be seen as a sequential decision problem,
there is no problem in modelling it using a MDP and discrete state
variables. As seen in section 7, part of our future works willbe to
implement techniques to better approximate the continuousaspects
of the problem. For now, our discrete state space was built around a
state definition containing variables similar to those usedin [14] for
a fuzzy logic controller, as we defined our states by the relative dis-

Figure 2: CACC Architecture

tance in time between two vehicles and by the difference between
those distances at two consecutive steps.

DistTime =
(PositionLeader − PositionF ollower)

V elocityF ollower

(1)

∆Dist = Distt − Distt−1 (2)

As seen in Eq. (1) and Eq. (2), the time distance takes into ac-
count the relative position between the two vehicles and also the
velocity of the follower, while the differences of the time distance
between two consecutive time steps gives a signal about the move-
ment of the vehicles relative to each other (whether they areclosing
up since last step, or getting farther). The time distance isthe main
variable for identifying the follower’s position related to the secure
distance, while the difference in time completes the Markovian sig-
nal, as it adds to the state definition an evaluation of the relative
acceleration or deceleration. This relative movement between ve-
hicles is needed to take an informed decision on the action totake at
the next time step. Those actions were taken directly on the brakes
or throttle (only one action per time step is chosen), closely simu-
lating human interaction. The actions were discretized, according
to a percentage of pressure on the pedal, from 0 to 100 by incre-
ments of 20.

The goal was defined as a secure distance to reach behind a pre-
ceding vehicle. That distance was specified as a time range and was
defined as 2 seconds (± 0.1 sec.), as it is a value often used as a se-
cure distance in today’s ACC systems [2]. To reach the goal, we set
the rewards accordingly, with a positive reward given when the ve-
hicle was located in the specified time range. We also set negative
rewards when wandering too far or too close from the time ratio we
were looking for. The behaviour the agent was supposed to learn
was to reach the secure distance specified as the goal, and to stay
in that range for as long as possible.

Those elements were put together in a RL framework, and the
policy obtained, learned in a simulated environment, formed the
core of our longitudinal controller. The environment, a simulated
highway system built in previous work, featured complex carphysics



and dynamics as described in [9]. Since the simulation environ-
ment was using continuous time, we had to define the time interval
at which action decisions would be taken. The action chosen at
the specified time frame would be taken for the whole frame. To
observe an accurate behaviour of the vehicle, we had to set the
time step between each action decision to a small value (50 mil-
liseconds). But in such conditions, the observation of realvehi-
cle acceleration needed many consecutive acceleration actions, a
behaviour that could not be learned in a decent time with normal
state space exploration. To overcome this problem, we had touse
a heuristic to speed up learning. The heuristic specified that every
time the car was behind the desired time ratio, the best acceleration
action known from experience was taken. By ignoring in that case
the braking actions, this action selection technique directed rapidly
the agent towards more rewarding locations of the state space.

Figure 3: ACC control loop based on reinforcement learning

Put into context, Figure 3 shows that using RL simplifies the de-
sign of a longitudinal controller. The closed-loop controller takes
as inputs the vehicle’s state as described earlier, and selects the
appropriate action according to the policy that was learned. Such
a technique is obviously simpler than the complex mathematical
analysis needed to predict precise car physics and dynamicsfor act-
ing, as our controller basically hides in a black box vehiclephysics
and dynamics. It is possible for the agent to learn the optimal be-
haviour by taking driving actions and observing their results on the
time distance and its difference between two time steps. In the next
section, we will show results obtained by using this policy for lon-
gitudinal vehicle control.

5. COORDINATION BY
REINFORCEMENT LEARNING:
THE MANAGEMENT LAYER

In this section, we describe the design of the Management layer
and, more precisely, the design of the policy to select the most ef-
ficient and safest lane for each vehicle according to their current
state and action.

5.1 Problem Description
Coordination of vehicles is a real world problem with all the

difficulties that can be encountered: the environment is partially
observable, multi-criteria, has complex dynamic, and is continu-
ous. Consequently, we establish many assumptions to simplify the
problem and apply multiagent reinforcement learning algorithms to
solve it.

The vehicle coordination problem presented here is adaptedfrom
Moriarty and Langley [12]. More precisely, three vehicles,each

Road direction

Come Back

Ag1Ag2

Ag3

Figure 4: Initial state for 3 × 7 problem

represented by an agent, have to coordinate themselves to maintain
velocity and avoid collisions. Each vehicle is representedby a po-
sition and a velocity. The goal of the learning algorithm is to find
the best policy for each agent in order to maximize the common
reward and also to avoid collision. The common reward is defined
as the average velocity at each turn.

Figure 4 represents the problem’s initial state. The environment’s
dynamics, states and actions are sampled in the easiest way:each
case represents one meter and we assume that each vehicle canen-
ter in a case. This simple discretization is repaired by the guid-
ance layer, which will effectivelly calculate and apply thereal con-
trol on the vehicle. This allows to handle uncertainty on position
and velocity at this level of decision. The vehicles’ dynamics are
simplified to the following first order equation with only velocity
y(t) = v × t + y0. For this example, we simulate the road as a
ring meaning that a vehicle is returned to the left side when it quits
through the right. The state of the environment is describedby the
positionxi, yi and the velocityvi of each agenti. Collisions oc-
cur when two agents are located in the same tile. The agents do
not know the transitions between states. Those transitionsare cal-
culated according to the velocities of the agents and their actions.
At every step, each vehicle tries to accelerate until a maximum of
5 m/s is reached. If another vehicle is in front of him, the agent in
charge of the vehicle sets its velocity to the front vehicle’s velocity.
At each step, a vehicle can choose three actions: stay on the same
lane, change to the right lane and change to the left lane. Each
episode has a maximum of 10 steps. The reward at each step is set
to the average velocity among all vehicles. If a collision occurs, the
episode stops. The size of the set of states is inO((X×Y ×|V |)N )
with X the number of lanes,Y the length of the road,V the set of
possible velocities andN the number of agents. We assume, in this
problem, that each agent controlling one vehicle is able to see only
its own local state (position, velocity). To obtain the states of other
agents, we assume that communication is needed.

5.2 Partial Observability
In this section, we introduce our approach by describing the

Friend Q-learning algorithm with a local view for the agents. Then,
we introduce the same algorithm but using a partial local view of
distanced. This partial local view allows the reduction of the set of
states and/or the set of joint actions. If no reduction is done, the ex-
act algorithm associated is Friend Q-learning. When only the set of
states is reduced, we propose Total Joint Actions Q-learning (TJA).
From this algorithm, we reduce the set of joint actions and wepro-
pose another algorithm: Partial Joint Actions Q-learning (PJA).
In this article, we do not consider the reduction of joint actions
alone, because this reduction is lower than the reduction ofthe set
of states.

5.2.1 FriendQ with a local view
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Figure 5: State and Partial States for d = 2

To introduce partial observability, we define the notion of local
Q-Value and local state. Each agent uses the same algorithm but on
different states. A local state is defined from the real stateof the
multiagent system for a center agent. All other agents positions are
defined relatively to this central agent. This means that thesame
real state belonging to the setS will give different local states. For
an agenti, the set of possible local state isSi. We introduce a
functionf i which transforms the real states to a local statesi for
agenti. Formally,∀s ∈ S,∃si ∈ Si such thatf i(s) = si for all
agentsi. In this version of the algorithm, each agent uses Friend
Q-learning algorithm as described in section 2 but updates its Q-
values for the local states and not for the real state.

5.2.2 FriendQ with a partial local view
To measure the effect of partial observability on the performance

we define the partial state centered on one agent by introducing
a distance of observabilityd. Consequently, the initial problem
becomes ad-partial problem. The distanced can be viewed as an
influence area for the agent. Increasing this distance increases the
degree of observability. Moreover, from a communication point
of view, in real world problems, the communication cost between
two agents depends on the distance between them. Communicating
with a remote agent is costlier than with a close agent. We define
dtotal as the maximal possible distance of observability for a given
problem.

In d-partial problem, the new state is defined as the observation
of the center agent for a ranged. More precisely, an agentj is in
the partial state of a central agenti if its distance is lower or equal
thand from the central agenti. Formally, the functionf i

d uses the
parameterd to calculate the new local state. Figure 5 provides an
example of the application off i

d on a states and gives the resulting
partial states for each agent with a distanced = 2. Agent 1 sees
only Agent 3 but Agent 3 sees both Agent 1 and 2. The new size of
the set of states isO(((2d + 1)2 × V )N). The number of states is
divided by approximately(Y/(2d+1))N , if we neglect the number
of lanes which is often small compared to the length of the road.

5.2.2.1 TJA Q-Learning.
In a first step, as in classical Friend Q-learning, we consider an

algorithm that takes into account the complete joint actions. This
assumption implies that all agents are able to communicate their
actions to others at each step without cost. The Q-value update
function is now :

Q(f i
d(s),~a) = (1 − α)Q(f i

d(s),~a) + α[r + γ max
~a∈ ~A

Q(f i
d(s

′),~a)]

for agenti. Whend = dtotal, we have a small reduction factor on
the state set ofXY , because we do not take into account, in our
specific problem, the absolute position of the center agent.

5.2.2.2 PJA Q-learning.
In a second step, the algorithm takes into account only the ac-

tions where agents are in the partial local view as specified by d.
This reduces dramatically the number of joint actions whichhas to
be tested during the learning. This partial local observability allow
us to consider a variable number of agents in the multiagent system.

Formally, we define a functiongi which transforms the joint ac-
tion ~a into a partial joint actiongi

d(~a, s). This partial joint action
contains all actions of agents in the distanced of agenti. The Q-
value update function is now :

Q(f i
d(s), g

i
d(~a, s)) = (1 − α)Q(f i

d(s), g
i
d(~a, s))

+α[r + γ max
~ad∈Gi

d
( ~A,S)

Q(f i
d(s

′), ~ad)]

for agenti whereGi
d( ~A, S) returns the set of joint actions with

a central agenti and a distanced. We can see that the result of the
partial joint action depends on the current state.

6. EXPERIMENTS

6.1 Experiments at Guidance Layer
To learn the control policy, we used the Q-Learning algorithm, as

described in section 2, with the reinforcement learning framework
described in section 4. The learning task was defined as episodic,
with each episode composed of 1000 steps of 50 milliseconds and
we considered the task as semi-continuous, since it did not end
when the agent reached the goal. The agent’s optimal behaviour
was to reach the goal, the secure following distance, and stay in-
side that range for as long as possible. The policy shown herewas
obtained after running 10 000 episodes.

The learning scenario used two vehicles: an automatically con-
trolled leading car and an agent car trying to learn the control policy
to follow the preceding vehicle by using our RL framework. The
leading vehicle started 3 meters in front of the learner, andaccel-
erated to reach the velocity of 20m/s. The agent had to learn
the policy by receiving rewards for trying different acceleration or
braking actions.

Afterwards, we tested the resulting longitudinal controller based
on the policy learned with the same scenario. Notice that thepolicy
was run on-line once, and, as shown in Figure 6 and Figure 7, we
obtained good results according to the specified time distance.

Figure 7 shows the time distance between the vehicles duringthe
simulation. Again, we see that the agent was able to learn to stabi-
lize around the goal that the agent was looking after. Those results
illustrate that the time distance is much more variable thanthe dis-
tance in meters. This is in part from the fact that slight differences
in relative positions or velocities of the vehicles can modify the ra-
tio (see Eq. (1)), although the relative distance in meters between
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Figure 6: Distance (in m) from the preceding vehicle
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Figure 7: Time distance (in seconds) between vehicles

the vehicles might not change much. Another reason that could
explain those results is the fact that our actions were not highly dis-
cretised. Hence, choosing at two consecutive steps different actions
(for example, a braking action of 60%, followed by an accelerating
action of 100%) might in the end affect velocity, causing important
modifications on the ratio between two steps. Finally, the ratio used
for the calculation of the distance in time (Eq. (1)) again explains
the highly unstable values of the first seconds of the simulation
(Figure 7), as the time distance is undefined when the velocity of
the following vehicle is null.

In the end, we observe good stability around the safe distance
which shows that we were able to learn a policy to follow the ve-
hicle safely, without knowledge of the inner workings of theenvi-
ronment. Clearly, small disturbances in time ratio are not amplified
but come back to the desired value.

6.2 Experiments at Management Layer
In this section, we compare empirically the performance of the

totally observable problem (FriendQ) and the performance of the
approximated policy (TJA and PJA). We present three kind of re-
sults: first of all, we compare the algorithms on a small problemP1

defined by sizeX = 3, Y = 7, the set of velocitiesV = 0, · · · , 5
and the number of agentsN = 3. Consequently, in this problem,
the maximal distance that we can use to approximate the totalprob-
lem is dtotal = 3. The 3-partial state is a local representation of
the totally observable state because we are sure that all agents are
visible from others in this representation. In the initial state (Fig-
ure 4), velocities of the agents arev1 = 1, v2 = 2 andv3 = 3. We

present, for all results, the average total sum reward over 25 learn-
ings with each episode lasting 10 steps. More precisely, thereward
presented on following figures usesR =

P10
t=1 vt wherevt is the

average velocity over all vehicles at each stept of the episode. The
y-axis is consequently the average ofR over 25 learnings.
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Figure 9: Rewards for Partial Joint Action Q-learning for
problem P1

Figure 8 shows the result of TJA Q-learning with distance from
d = 0 to d = 3. This algorithm is compared to the total observa-
tion problem resolved by Friend Q-Learning. Ford = 0, d = 1
andd = 2, TJA converges to a local maximum, which increases
with d. In these cases, the approximated values are respectively
of about86%, 89% and94% of the optimal value. Whend = 3,
that is, when the local view is equivalent to the totally observable
view, the average sum rewards converges to the total sum rewards
of Friend Q-learning. However, since we do not take into account
the absolute position of the center agent, TJA converges faster than
Friend Q-learning. Figure 9 shows the results of PJA Q-Learning
on the same problem. As previously, ford = 0, d = 1 andd = 2,
PJA converges to a local maxima respectively of about76%, 86%
and97%. These values are lower than TJA’s value but, ford = 2,
the value is still close to the optimal.

For the second result, we compare PJA Q-learning for two differ-
ent problems. We define a correct approximation distancedapp for
each problem, where the associated policy is close to the optimal
value. In the vehicle coordination problem presented here,the op-
timal value is the best lane choice. The first problem is the same as



previously (Figure 9) and we can show thatdapp = 3 for this prob-
lem. In the second problemP2, we enlarge the number of lanes
and the length of the road (X = 5, Y = 20, V = 0, · · · , 5 and
N = 3). This problem increases the number of states but decreases
the possible interactions between vehicles because they have more
space. For the second problemP2, Figure 10 shows the compari-
son between Friend Q-learning and PJA Q-learning fromd = 0 to
d = 7. We can see that fromd = 4, there are only small differ-
ences between PJA and Friend Q-learning. Consequently, forthis
problem, we can see thatdapp = 4. The difficulty of this approach
is the need to calculate the optimal policy, which can be intractable,
to getdapp.
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Figure 10: Rewards for Partial Joint Action Q-learning for
problem P2

As we can see, we need to generalize this result to know thedapp

parameter without calculating the optimal policy. To present the
third result, we calculate the ratioDS = XY/N which represents
the degree of space for each agent. Obviously, if the space (X orY )
increases, then each agent has more space for itself. As we study
a problem where the team of agents has to handle only negative
interaction, the higher the ratio, the more space agents have. We
compare the performance of our PJA algorithm for different ratios.
The ratios for the first two problems are respectivelyDSP1

= 7
andDSP2

= 33. We add two new problemsP3 (X = 5, Y =
20, V = 0, · · · , 5 andN = 5) andP4 (X = 6, Y = 28, V =
0, · · · , 5 andN = 4) where the ratios are respectively of 20 and 42.
Table 1 presents the results for each problem after 50000 episodes.
For each problem, we define the correct approximation distance

dapp such as1 − (
Rdapp

RfriendQ
) < ǫ. Whenǫ = 0.01, dP1

app = 3,

dP2
app = 4, dP3

app = 2 anddP4
app = 2.

To discover a relation between the ratioDS and the value of
dapp, we compare in Figure 11, the link betweenDS and the de-
gree of observability, defined asdapp

dtotal
wheredtotal is the maximal

distance for a given problem. For example,dtotal for the problem
P1 is 3. We can see that the degree of observability decreases with
the degree of space for each agent. We calculate an interpolated
curve assuming that the degree of observability cannot be higher
than 1 whenDS < 7. We can see that the needed observability
decreases and tends to 0 whenDS increases. With this relation
between both the observability and the degree of space, we can
evaluate, for other problems how would be thedapp value.

Thus, introducing the locality of the view allows us to limitthe
observability of the state. More precisely, this approach allows us
to use the partial version of Friend Q-learning in real worldprob-
lems where the state is always partially observable. We obtain an

Algorithms P1 ǫP1
P2 ǫP2

FriendQ 38.4± 1.1 - 40.6± 0.3 -
PJAd = 7 - - 40.6± 0.2 ∼ 0%
PJAd = 6 - - 40.5± 0.2 ∼ 0%
PJAd = 5 - - 40.6± 0.2 ∼ 0%
PJAd = 4 - - 40.5± 0.2 ∼ 0%
PJAd = 3 39.1±0.2 ∼ 0% 40.0± 0.2 ∼ 2%
PJAd = 2 37.3±0.2 ∼ 3% 38.6± 0.2 ∼ 5%
PJAd = 1 33.5±0.2 ∼ 14% 33.9± 0.3 ∼ 15%
PJAd = 0 29.4±0.3 ∼ 24% 34.4± 0.4 ∼ 15%

Algorithms P3 ǫP3
P4 ǫP4

FriendQ 37.0± 1.2 - 37.6± 0.3 -
PJAd = 7 37.2± 0.7 ∼ 0% 38.4± 0.2 ∼ 0%
PJAd = 6 37.9± 0.7 ∼ 0% 38.8± 0.4 ∼ 0%
PJAd = 5 37.8± 0.9 ∼ 0% 38.7± 0.4 ∼ 0%
PJAd = 4 38.3± 0.8 ∼ 0% 38.7± 0.2 ∼ 0%
PJAd = 3 38.7± 0.6 ∼ 0% 38.9± 0.2 ∼ 0%
PJAd = 2 37.7± 0.5 ∼ 0% 38.5± 0.1 ∼ 0%
PJAd = 1 35.2± 0.3 ∼ 5% 35.1± 0.4 ∼ 8%
PJAd = 0 33.5± 0.4 ∼ 10% 34.3± 0.3 ∼ 11%

Table 1: Average Rewards and standard deviation after 50000
episodes
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Figure 11: Link between observability and degree of space

approximation of the optimal policy without knowing the transi-
tion function. This approximation can be very close to the optimal
policy.

In our approach, we do not explicitly take into account commu-
nication for many reasons. First of all, in real world problems,
choosing the right communication cost is not an easy task. Further-
more, as we said previously, the communication cost dependsnot
only on the messages sent but also on the distance between senders
and receivers. This problem complicates the design of communi-
cation cost. Knowing the value of the approximated policy and of
the associated communication policy (and consequently, the cost
of this policy) to obtain then-partial state, the multiagent system
designer can get a good approximation for the real world problem.

7. FUTURE IMPROVEMENTS
The Guidance layer could benefit from a few ameliorations in

order to raise its effectiveness and precision. First, as noted in sec-
tion 4, it is clear that with our current discretization technique, it is
necessary to use a heuristic to direct the state space exploration and



to observe learning in decent time. However, since the use ofthe
heuristic cannot give us the certainty that every state willbe visited,
that technique leaves a lot of states unexplored, yet some ofthose
unexplored states could eventually be visited while actingon-line.
As a solution, we will be looking to discretize while learning (in-
stead of at the initialization phase) the state variables describing the
policy. We could use techniques such as those proposed by Munos
[13] where the policy could be discretized according to the areas of
the state space where extra precision is needed. We could also dis-
cretize actions using such a technique, where refined actions could
possibly be used according to the level of discretization ofthe cur-
rent state. The use of such a technique could help us approximate
continuous actions and state variables and have a more precise con-
trol policy.

We would also like to use and take advantage of inter-vehicle
communication in the learning process for low-level longitudinal
controllers. Vehicle communication could provide environment in-
formation for the RL process, and the agent could learn secure lon-
gitudinal control policies to be used in environments wheremulti-
ple vehicles would be involved. We hope to design a CACC longi-
tudinal controller using reinforcement learning, where information
on the state of other vehicles would be transmitted and takeninto
account in the decisions of a driving agent (resulting in a control
loop similar to the one in Figure 1). More specifically, we would
like to observe how those controllers are doing according tothe
string stability of a platoon of vehicles using such policies.

We would like to use our learning algorithm on different scenar-
ios (for example, hard-braking of the leader, stop and go situations,
etc.) as to obtain a controller that could react to most driving situa-
tions.

As for the Management layer, we plan to evaluate more theoret-
ically the relationship between the degree of observability and the
performance of the learned policy. To define some formal bounds,
we will certainly need to use complex communication cost. Finally,
introducing the physical distance for a measure of observability is
basic. We plan to discover others kind of distance between agents
to measure observability to generalize our approach to positive and
negative interaction management problems in teams. Finally, it will
be very interesting to study the effect of partial local viewto non-
cooperative cases.

Finally, since both of our two RL approaches seem to give good
results separately, we will look to integrate them into a fully func-
tional CACC system. Consequently, the next step of our work will
be to integrate both approaches: the high-level ManagementLayer
will be taking decisions to select the best low-level controller ac-
cording to its assessment of the multiagent environment.

8. RELATED WORK
A lot of related work has been done in recent years in the de-

sign of CACC systems. Regarding the vehicle-following controller,
Hallouzi et al. [8] did some research as part of the CarTalk 2000
project. These authors worked on the design of a longitudinal
CACC controller based on vehicle-to-vehicle communication. They
showed that inter-vehicle communication can help reduce insta-
bility of a platoon of vehicles. In the same vein, Naranjo and
his colleague [14] worked on designing a longitudinal controller
based on fuzzy logic. Their approach is similar to what we did
with reinforcement learning for our low-level controller.Forbes
has presented a longitudinal reinforcement learning controller [5]
and compared it to a hand-coded following controller. He showed
that the hand-coded controller is more precise than its RL controller
but less adaptable in some situations. However, Forbes did not test
explicitly communication between vehicles to improve its longitu-

dinal controller to a multi-vehicle environment (which will be the
focus of our future work). Our approach will also integrate our
low-level controllers with a high-level multiagent decision making
algorithm, which was not part of Forbes’ work.

Regarding the reinforcement learning in a vehicle coordination
problem,Ünsal, Kachroo and Bay [21] have used multiple stochas-
tic learning automata to control the longitudinal and lateral path of
a vehicle. However, the authors did not extend their approach to
the multiagent problem. In his work, Pendrith [15] presented a dis-
tributed variant of Q-Learning (DQL) applied to lane changeadvi-
sory system, that is close to the problem described in this paper. His
approach uses a local perspective representation state which repre-
sents the relative velocities of the vehicles around. Consequently,
this representation state is closely related to our 1-partial state rep-
resentation. Contrary to our algorithms, DQL does not take into
account the actions of the vehicles around and updates Q-Values
by an average backup value over all agents at each time step. The
problem of this algorithm is the lack of learning stability.

On the other hand, our high level controller model is similarto
Partially Observable Stochastic Games (POSG). This model for-
malizes theoretically the observations for each agent. Theresolu-
tion of this kind of games has been studied by Emery-Montermerlo
[4]. This resolution is an approximation using Bayesian games.
However, this solution is still based on the model of the environ-
ment, unlike our approach which does not take into account this
information explicitly since we assume that the environment is un-
known. Concerning the space search reduction, Sparse Cooperative
Q-Learning [10] allows agents to coordinate their actions only on
predefined set of states. In the other states, agents learn without
knowing the existence of the other agents. However, unlike in our
approach, the states where the agents have to coordinate themselves
are selected statically before the learning process. The joint actions
set reduction has been studied by Fulda and Ventura who proposed
the Dynamic Joint Action Perception (DJAP) algorithm [6]. DJAP
allows a multiagent Q-learning algorithm to select dynamically the
useful joint actions for each agent during the learning. However,
they concentrated only on joint actions and they tested onlytheir
approach on problems with few states.

Introducing communication into decision has been studied by
Xuan, Lesser, and Zilberstein [20] who proposed a formal exten-
sion to Markov Decision Process with communication where each
agent observes a part of the environment but all agents observe
the entire state. Their approach proposes to alternate communi-
cation and action in the decentralized decision process. Asthe op-
timal policy computation is intractable, the authors proposed some
heuristics to compute approximation solutions. The main differ-
ences with our approach is the implicit communication and the
model-free learning. More generally, Pynadath and Tambe [16]
have proposed an extension to distributed POMDP with commu-
nication called COM-MTDP, which take into account the cost of
communication during the decision process. They presentedcom-
plexity results for some classes of team problems. As Xuan, Lesser,
and Zilberstein [20], this approach is mainly theoretical and does
not present model-free learning. The locality of interactions in a
MDP has been theoretically developed by Dolgov and Durfee [3].
They presented a graphical approach to represent the compact rep-
resentation of a MDP. However, their approach has been developed
to solve a MDP and not to solve directly a multiagent reinforcement
learning problem where the transition function is unknown.

9. CONCLUSION
In this article, we presented a preliminary CACC approach which

combines a low-level controller to carry out low-level actions such



as following vehicles and a high-level controller which coordinates
vehicles and chooses the right low-level controller according to the
state of other vehicles. These controllers have been designed us-
ing reinforcement learning techniques and game theory for multia-
gent coordination. We showed that reinforcement learning can pro-
vide very interesting results for the efficiency of the low-level ACC
controller as well as for coordination control. This article showed
promising results for complete CACC design using reinforcement
learning.

However, much work has to be done to implement every CACC
functionalities with reinforcement learning techniques.Even though
we described vehicle-following control and lane-changingcoordi-
nation, many other control policies could be added. We plan to
improve efficiency of our approaches and integrate them intoour
general architecture to test it in a realistic vehicle simulator.
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