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Abstract
This paper investigates learning control policies for traffic lights. We introduce a
new reward function for the traffic light control problem, and propose the combination of the popular Deep Q-learning algorithm with a coordination algorithm for a
scalable approach to controlling coordinating traffic lights, without requiring the
simplifying assumptions made in earlier work. We show that this approach reduces
travel times compared to earlier work on reinforcement learning methods for traffic
light control and investigate possible causes of instability in the single-agent case.
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Introduction

The world-wide cost of traffic congestion is huge. For instance, in the EU this cost is estimated to be
1% of its GDP [2]. In this paper we focus on techniques to improve the control of traffic lights, which
may reduce traffic congestion, thus saving time and money and reducing environmental pollution
[19]. In particular, we build on approaches that phrase the problem of selecting the configurations
of traffic lights at an intersection (i.e., which directions get green) as a reinforcement learning (RL)
problem [23, 8]. To evaluate the effectiveness of the approach, we use SUMO [7], an open source
traffic simulator.
A difficult aspect in applying RL to traffic light control is the selection of features: the number of
states, each of which describing the exact situation around an intersection, is huge. This implies
that a form of featurization and subsequent function approximation is needed to even represent the
value function for these settings. However, it is not a priori clear what the right features are in these
setting. Recent years, however, have seen the development of RL methods, such as Deep Q-learning
(DQN), that use deep learning techniques [12, 18], such as convolutional networks [9] to side-step
the need for manual feature extraction. Such a DQN approach to traffic control was also shown to be
potentially promising [15]. This paper extends this line of work, making the following contributions.
We make minor modifications to the the single-intersection DQN approach of [15] and investigate
effective formulations of the reward function. In order to improve the stability of the training process,
we test the effect of a number of recent techniques developed in the deep learning community in
context of traffic control [22, 5, 17]. Moreover, we propose an approach to coordinate multiple
intersections trained with these techniques. We base ourselves on the idea of ‘transfer planning’ [13],
which tries and find a solution (a Q-function) for smaller source problems involving few agents (in
this paper we use DQN on a 2-agent source problem) and uses this solution to select actions in a
coordinated fashion in the larger target problem (using max-plus coordination [6, 8]).
This paper presents a reward function for the traffic light control problem, and empirically shows
that DQN encounters good policies, but suffers from oscillations in the training process. Finally,
we show that using DQN in a coordination algorithm is a promising approach to multi-agent deep
reinforcement learning.
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Background

In a reinforcement learning setting, an agent learns to map an environmental state s to an optimal
action a, such that long-term reward is maximized. On each time step t, the agent receives information
about the current state st , takes an action a, ends up in state st+1 and receives a reward
rt . The learning
P∞
agent needs to find a policy π such that the discounted cumulative reward Rt = k=0 γ k rt+k+1 is
maximized, where 0 < γ ≤ 1 is a discount factor. The value of a current state, action-pair is the
Q-value, which is estimated in the Q-learning algorithm by iterative Bellman updates Qt+1 (s, a) =
Qt (s, a) + α[yt − Qt (s, a)] where the target yt = r + γ max
Qt (s,0 a0 )
0
a

In Deep Q-learning (DQN), deep neural networks are used as function approximators that map from
states to Q-values, instead of estimating the Q-value of each state, action-pair separately. Using these
function approximators allows the use of a larger and/or continuous space of states, and the use of
images as state representations [12]. However, while the regular, tabular Q-learning algorithm is
guaranteed to converge in the limit (infinity), there are no similar guarantees for Q-learning with
function approximation. This is caused by at least two reinforcement learning-specific issues that
the machine learning algorithms used in function approximation are not well-equipped to deal with:
1) the data set is not i.i.d.: sequential samples are heavily correlated and the data distribution is
non-stationary, and 2) as the agent learns, the targets move. While reinforcement learning algorithms
are designed to deal with these problems, regular machine learning algorithms tend to assume i.i.d.
data distributions and stationary targets.
Two approaches have been used to stabilize the DQN algorithm: The first is experience replay
[10, 14], where the sampled data points - transitions < s, a, r, s0 > - are stored in memory, and at
training time, a batch of these data points is sampled uniformly (or according to TD-error, as in
prioritized experience replay[17]) and used in backpropagation. The second solution is target network
freezing [12], where the Q-value estimation is split into two different networks, a value network to
estimate the Q-value of the current state, action-pair, Q(s, a), and a target to compute the targets yt .
That is, the target network is used to estimate max
Q(s0 , a0 ). By freezing the target network for a
0
a

period of time, the targets are partially stabilized.
Earlier work on applying Deep Reinforcement Learning to the multi-agent case has focused on
developing communication protocols [3] or the difference in learned behavior between cooperative
and competitive agents in two-player games [20].
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Deep Reinforcement Learning for Traffic Light Control

We apply the DQN framework to the problem of selecting optimal light configurations for traffic
intersections. The SUMO traffic simulator [7] is used to run experiments. For details on the
experimental setup, see [21].
3.1

Model

We describe the traffic light control problem using the components of a Markov Decision Process,
where an agent responds to an environmental state s ∈ S, takes one of the possible actions a ∈ A,
with some transition probability p(s0 |s, a) ends up in state s0 and receives reward signal r(s, a, s0 ).
States We represent the state around an intersection using an image-like representation as in Figure
1b. Following earlier work [15], the state is a binary matrix of the positions of vehicles on the lanes
controlled by a traffic light - see Figure 1c - with the addition of information about the current light
configuration. As such, a convolutional neural network should be able to recognize traffic jams. In
the current model, the representation of traffic lights is an arbitrary mapping to numbers representing
light colors. Ideally, the traffic light information would be an extra layer to the state space, with binary
features for each traffic light color. However, this increases the size of the state space significantly,
and leads to memory problems for large replay memory sizes, as well as slower computation.
Actions On each time step, the action an agent takes is a choice between two different configurations
of traffic light settings. Essentially, the agent selects which lanes get a green light.
Transitions The transitions from st to st+1 are implicitly defined by SUMO and depend on at (the
configuration of traffic lights on step t), and the cars in the simulation.
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Parameter
Optimizer
Replay memory size
Experience sampling
Learning rate (α)
Batch size
Exploration rate ()
Discount factor (γ)
Freeze interval
State matrix size
State matrix frames

Untuned
ADAM
50,000
τ = 0.0
0.001
32
0.1
0.99
30,000
84 × 84
1

Fine-tuned
ADAM
50,000
τ = 0.5
0.00025
32
0.1
0.99
30,000
168 × 168
2
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DQN agent
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(c) Simplified example of state
representation in 8 × 8 matrix.

(b) Traffic situation

Figure 1:
3.2

Reward specification

Defining a feedback signal for the traffic light control problem is not clear-cut. A good metric would
be to aim to reduce travel times. However, the average travel time of a vehicle cannot be computed
until it has completed its route, which leads to the problem of extremely delayed rewards. We have
investigated two other measures that could be used as a proxy for the average travel time, such as
vehicle speed
vehicle delay or waiting time. However, using the delay d of a vehicle, defined as 1 − allowed
speed , as
a reward signal does not properly penalize traffic jams, since one jammed lane and one maximum
speed lane result in similar reward as two half-speed lanes. On the other hand, using the vehicle’s
waiting time w, assigning a penalty of -0.5 for a single time step of waiting and -1.0 for two or more,
as a feedback signal causes an agent to favour flickering, constantly toggling between green and red
lights, so that vehicles are never halted. So, we investigate combinations of these measures, and
include penalties for teleports j (which indicate crashes and/or jams in SUMO), emergency stops
e (decelerations of more than 4.5m/s2 ) and add a boolean measure c, indicating whether the light
configuration has changed (to prevent flickering). We then perform a rough grid search on a test
problem, and select the best combination of weights, which for the test case resulted in an average
travel time of 262.32 with a standard deviation of around 75 after 60, 000 training steps (worst:
average travel time of 413.5).
The final reward signal rt at each time step is given by iterating over all vehicles around the traffic
light intersection and computing the penalties, where i is the vehicle index:
rt = −0.1c − 0.1

N
X
i=1

ji − 0.2

N
X
i=1

ei − 0.3

N
X

di − 0.3

i=1

N
X

wi

(1)

i=1

where N is the number of vehicles on the lanes the agent controls.
3.3

Learning stability

Using the above state description and reward function we investigated the performance of an ‘untuned’
DQN algorithm, which uses parameters typically found in the literature. The results are shown in
Figure 2, which displays the reward and average travel time found during policy evaluation for
the DQN agent, after every 10,000 time steps of training. This clearly shows that while the DQN
algorithm encounters good policies quickly, the training curve oscillates heavily. This is a problem
because it may prevent the algorithm from learning even better policies. As a baseline, we use a
linear regressor with manually defined features (for details, see [21]). While DQN finds policies with
higher average rewards than the linear agent with manual features, the reward drops off every now
and then into a performance dip. The system corrects, though, and no serious divergence happens.
This instability may be caused by catastrophic forgetting [11], a phenomenon in neural networks
where learning to solve a new task causes the system to forget earlier learned structure. On the other
hand, convergence is not guaranteed for function approximation in Q-learning, and oscillation is a
known problem. Finally, the lack of stability may be related to the specific problem of traffic, which
is a decidedly different problem from Atari games such as Pong. While earlier work shows great
results on some Atari games, other work [17] (Appendix B, Figure 7) shows similar stability issues
with the DQN algorithm for specific games.
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We test a number of different parameter settings, such as replay memory size, optimization algorithm
and temperature in prioritized experience replay, and compare these to the untuned agent, whose
parameter settings can be found in Figure 1a. The results are shown in Table 1. Generally, adding more
information to the state representation (more position frames, larger matrices) helps the agent find
better policies. Moreover, using prioritized experience replay with a balanced τ increases the average
reward, indicating less negative outliers. This balanced sampling ensures the use of informative
samples, while at the same time preventing the loss of earlier learned structure by repeating ‘regular’
experience. Finally, we use the best combination of parameter settings to train a fine-tuned DQN
agent (see Figure 1a for parameter settings), whose performance is also displayed in Figure 2.
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Figure 2: Behavior of the greedy policy for the untuned and fine-tuned DQN agents. Compared to
best-performing linear agent at training time.
Parameter
Untuned Settings
Frames
Frames
Frames
Matrix size
Matrix size
Memory size
Memory size
Freeze interval
Freeze interval
Experience replay τ
Experience replay τ
Learning rate
Optimizer
Optimizer
Double DQN
Batch normalization

New value
2
3
4
42 × 42
168 × 168
10, 000
100, 000
10, 000
50, 000
0.5
1.0
0.00025
SGD
RMSProp
On
On

Best reward
-5.73
-5.23
-5.60
-5.18
-5.73
-4.93
-5.00
-5.81
-5.68
-5.88
-5.48
-5.20
-5.18
-73.76
-11.33
-73.73
-5.59

Average (last 100k)
-18.22
-18.44
-6.88
-7.16
-46.65
-10.46
-15.05
-8.56
-10.28
-11.25
-6.85
-19.51
-13.10
-73.88
-18.89
-73.89
-66.98

Median (last 100k)
-11.45
-8.19
-7.47
-7.25
-10.22
-7.44
-8.34
-15.27
-9.13
-10.22
-7.73
-8.12
-10.56
-73.90
-32.29
-73.89
-51.42

Table 1: Parameter changes relative to untuned settings (first row), and the maximum reward found,
the average reward and the median reward during the last 100k training steps (with steps of 10k).
Since the Double DQN (DDQN) algorithm performed very well on the Atari benchmark [22], we also
test its performance on the traffic problem. However, DDQN appears to get stuck in a local minimum,
where the agent maps every state to the same Q-values. At training time, this results in rapid action
switching, as on every update the ‘best’ action changes. However, during policy evaluation, every
state maps to the same action, and as a result, some lanes face a red light indefinitely. We also
experimented with the use of Batch Normalization[5], since this increases stability and allows the
use of higher learning rates in regular deep learning approaches. However, similarly to earlier work
[16] we find that Batch Normalization causes divergence, possibly due to the non-stationarity of the
underlying data distribution. More research is needed to address the issues we encountered with these
algorithms.

4

Coordinated Deep Reinforcement Learners

We extend the single-agent DQN solution to the multi-agent case by making use of transfer planning
[13] and the max-plus coordination algorithm [6], and evaluate the resulting approach on different
traffic scenarios.
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4.1

Approach

To coordinate between multiple agents, we follow earlier work [4, 6] and factorize the global QP
function as a linear combination of local suproblems: Q̂(s, a) = e Qe (se , ae ), where e corresponds
to a subset of neighbouring agents.
We then use the max-plus [6] coordination algorithm to optimize the joint global action over the
entire coordination graph. Note that while max-plus is guaranteed to find the optimal solution in
acyclical graphs in a finite number of iterations, it has no similar guarantees for cyclical graphs [1].
In contrast to the aforementioned earlier approaches [4, 6], the functions Qe are found using a variant
of transfer planning [13]. In transfer planning, we learn a Q-function for a subproblem of a larger
multi-agent problem. Training on the source problem results in an approximation of its Q-function.
Provided that the source problem and other subproblems are similar, we can then re-use the source
problem’s Q-function for each subproblem in the larger multi-agent problem, rather than training a
Q-function for each separate subproblem. In other words, unlike earlier work [4, 6], transfer planning
does not attempt to minimize the global approximation error of Q̂. This transfer planning approach
circumvents two problems present in multi-agent reinforcement learning. The first is the nonstationarity in the environment introduced by multiple agents learning and acting simultaneously. By
training on a source problem, the environmental dynamics do not change during learning. The second
is the cost of training many agents simultaneously. Because the source problems are independent,
they can be solved independently (e.g. sequentially). Moreover, we exploit symmetries of our source
problems, further reducing the computational cost.
In particular, we train a DQN agent on the two agent source problem in Figure 3a to get Qsp0 , and a
rotated version to get Qsp1 , then use transfer planning to solve the multi-agent problems in Figure 3b
and 3c.
4.2

Evaluation

As a baseline, we use an earlier algorithm by Wiering [23] and its multi-agent extension by Kuyer et
al [8]. Wiering decomposes the state into a linear combination of vehicle states. The reward function
assigns a penalty for each stationary car in the current time step. In particular, we use Wiering’s
algorithm to learn policies for the two-agent scenario, then use transfer planning to combine these
with max-plus to get an algorithm similar to Kuyer’s. To get the baseline, we use the best performing
version of the Wiering/Kuyer algorithm at training time and evaluate it. Since the Wiering algorithm
uses a different reward function, we can only compare on the basis of average travel time at the end
of the episode.
Qsp0

Qsp0
Qsp0

Qsp0

Qsp1

Qsp1

Qsp0

(a) Two agents

(b) Three agents

(c) Four agents

Figure 3: Three traffic scenarios. The numbers index the Q-function’s source problem.
Figure 4a shows the training curve of the two-agent source problem. Figures 4b and 4c show the
results of evaluating the two-agent source Qe after each 10,000 training steps in the three-agent
and four-agent scenario, respectively. These graphs show that the DQN approach outperforms
the Wiering/Kuyer approach most of the time, but due to instability, it sometimes underperforms,
especially in the four-agent case. The latter is not unexpected: since the DQN algorithm results in an
approximation of the Q-value function, and max-plus has no guarantees for cyclical graphs, there are
two sources of error that may stack.
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Figure 4: Transfer planning with fine-tuned settings. Compared to best-performing Wiering/Kuyer
agent at training time.
Manual inspection of the policies found by using the DQN approach shows some interesting behavior1 .
For one, the policies found for the three-agent chain are smooth, with clear traffic waves, whereas the
Kuyer baseline resorts to rapid switching of traffic lights, resulting in a lot of starting and stopping
for vehicles. However, there is a point where the convolutional filters no longer properly activate: the
filters show no sign of vehicles, even though they are still present on the state matrix. As a result, the
agent behaves as though there are no vehicles, and no longer switches lights, resulting in a traffic jam.
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Discussion

Traffic is unlike Atari games for multiple reasons: for one, the consequences of taking suboptimal
actions can be felt for much longer in very busy traffic scenarios, and especially so in multi-agent
scenarios. In busy scenarios, it is very hard to return to a more desirable state from congestion, and a
few suboptimal actions can already lead to a jam. Compare this to, for example, the Atari game Pong,
where a suboptimal action results in a small penalty and a fresh start.
Moreover, traffic light agents suffer significantly from missing information: a low matrix resolution
may result in some vehicles being obscured behind the traffic lights. If a vehicle is missed, or if
the convolutional filters fail to activate, the agent will keep the vehicle stuck forever. Thus, in the
scenario of learning for traffic light agents, a good state representation is important.
Overall, combining DQN with transfer planning is promising, but more work is needed to ensure the
reliability of the approach.
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Conclusion

This paper presented the use of the DQN algorithm with transfer planning as a promising and scalable
multi-agent approach to deep reinforcement learning. By using transfer planning, it avoids problems
present in multi-agent reinforcement learning, and allows for faster and more scalable learning. It
outperforms earlier work on multi-agent traffic light control, but the DQN algorithm may oscillate, a
problem also found in earlier work on deep reinforcement learning. More research is needed to fence
off circumstances where DQN is not stable, and to find approaches that make it more reliable.
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