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Introduction
Due to its significant impact on urban mobility and the environment, Traffic

Signal Control (TSC) is a widely studied problem [1]. As the number of vehicles on
the road continues to increase [2], its importance is growing even further. Traffic
signal optimization is known to be a cost-effective method for reducing congestion
without physically changing the road infrastructure [3]. Optimized traffic lights
reduce delays at intersections [4], which directly translates into time savings
for commuters and improves the overall efficiency of transportation networks.
Additionally, TSC plays a critical role in reducing vehicle emissions [5], helping to
reduce pollution and promote environmental sustainability.

There are many approaches to solving TSC [6]. Early static, fixed-time designs
have evolved into real-time adaptive systems and data-driven algorithms, utilizing
data from various detectors and sensors. In practice, commonly used are adaptive
traffic control systems (ATCS) such as SCOOT, SCATS, and SURTRAC [7],
which continuously adjust splits, offsets, and cycle lengths network-wide. In
addition, optimization-based methods—such as Genetic Algorithm [8], Simulated
Annealing [6], and Model Predictive Control [9]—have also been employed for
traffic signal planning and coordination. More recently, learning-based methods,
particularly those based on Reinforcement Learning and Deep Reinforcement
Learning, are increasingly being explored as alternatives to traditionally used
methods [10, 11].

In this thesis, we focus on the Traffic signaling problem from the Google Hash
Code competition [12]. It serves as a simplified version of the real-world problem
of traffic signal optimization in a city. First, we implement a fast and efficient
C++ simulator for the problem and wrap it as a Python package to enable easy
use and integration with the broader Python ecosystem, without compromising
on performance. We then utilize the simulator as a black-box fitness function for
three heuristic algorithms to optimize the traffic light schedules.

Hill Climbing (HC) is the simplest of the methods and it has been used by
some participants both during and after the competition. Genetic Algorithm
(GA) is a more complex method that, to the best of our knowledge, has not been
applied to this particular competition problem before. As a third method, we
choose Simulated Annealing (SA), a metaheuristic that can be viewed as a simple
extension of HC. However, it appeared to be a suitable choice after initial tests
suggested that GA’s broader search capabilities may not be so beneficial for this
problem. We then experimentally compare the performance of these algorithms
on the provided competition datasets, which vary in size and structure.

The thesis is structured as follows: Chapter 1 presents the Traffic signaling
problem in detail, along with preprocessing steps, datasets, and the simulator.
Chapter 2 covers the theory of the optimization methods used in the thesis. Chap-
ter 3 describes the application of the optimization methods to our specific problem,
including initialization, algorithm operators, and hyperparameters. Chapter 4
presents the experimental results comparing the performance of the algorithms on
the provided datasets. Appendix A provides a user guide detailing how to use the
simulator, run optimization, and execute the scripts replicating our experiments.
Appendix B contains developer documentation briefly describing implementation
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details of the simulator and optimization.
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1 Problem description
This chapter introduces the optimization problem addressed in this thesis.

Section 1.1 provides a brief overview of the competition setting where the problem
was initially assigned. In Section 1.2, the original problem statement is presented
and explained in detail. Section 1.3 explains preprocessing steps that we apply to
simplify the problem for optimization. Section 1.4 describes the datasets provided
with the problem. Finally, Section 1.5 presents the custom simulator tool that we
developed to evaluate solutions to the problem.

1.1 Competition overview
The problem we address in this thesis was originally assigned in the qualifying

round of Google Hash Code 2021. Google Hash Code was a global team program-
ming competition, running between 2014–2022, where teams of 2–4 competitors
solved an optimization problem with the goal of achieving the best score in a
limited time of 4 hours. Despite its discontinuation, the competition remains a
valuable resource for a wide range of optimization problems and has been the
subject of various follow-up studies and articles [13, 14].

The usual solution procedure for our problem was as follows: Read the input
data, create a trivial solution and write it to the output file in the specified format,
and upload the solution to the evaluation system. The evaluation system not only
displayed the score, but also some informative statistics, such as the number of
cars that reached the finish before the deadline, the cars that arrived earliest and
latest, the average cycle length of traffic lights at intersections, etc. For some
datasets, an interactive visualization of the evaluation process was also available,
allowing to see the structure of a particular dataset. Although a local simulator
was not needed to solve the problem, the manual upload of the solution to the
evaluation system was slow and cumbersome and therefore not suitable for the
use of efficient optimization algorithms.

Most teams were able to construct trivial solutions, which they then tried to
improve by randomly changing the values. However, the best teams were able to
write their own local simulator and use it to run multiple heuristics to get a better
total score. Still, there was no time for anything more complex than a simple
random search.

The total score was the sum of the scores of all 6 datasets (A–F). The first
dataset (A) served as a “toy problem” mainly for debugging purposes, but the
rest of the datasets were large enough for optimization. It should be noted that
the distribution of points among the datasets is uneven, so the contestants mostly
focused on the datasets with the highest possible score (D, F) and pragmatically
skipped optimizing the rest (B, C, E).
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Figure 1.1 Example of a city plan [12].

1.2 Original problem statement
The full problem statement1 is available in the Google Coding Competitions

archive [12]. Here we describe only the parts that are important for understanding
this work. In short, the task is as follows:

Given a city plan describing intersections and streets and cars with
planned paths through the city, optimize the schedule of traffic lights to
minimize the total amount of time spent in traffic, and help as many
cars as possible reach their destination before a specified deadline.

In terms of graph theory, the city plan is a directed graph. The intersections are
vertices and the streets are directed edges (see Figure 1.1). The planned path for
each car is indeed a path in this graph because it has a different start and end,
and no intersection is repeated.

1.2.1 Streets and intersections
In the city, we have a set of intersections I, where |I| ∈ [2, 105], and a set of

streets S ⊆ {(u, v)|u, v ∈ I ∧ u ̸= v}, where |S| ∈ [2, 105]. Each street s ∈ S is a
unique one-way connection between two different intersections u, v; two distinct
streets (u, v) and (v, u) in opposite directions between the same two intersections
are allowed. Each street s ∈ S has a fixed time l(s) ∈ N+ that it takes a car
to get from the beginning to the end of the street, independently of the other
cars on the street. Each intersection i ∈ I has a set of incoming streets S+

i ⊂ S,
where

⃓⃓⃓
S+

i

⃓⃓⃓
≥ 1, and a set of outgoing streets S−

i ⊂ S, where
⃓⃓⃓
S−

i

⃓⃓⃓
≥ 1; thus each

intersection has at least one incoming street and at least one outgoing street.
1https://github.com/google/coding-competitions-archive/blob/main/hashcode/

hashcode_2021_qualification_round.pdf
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1.2.2 Traffic lights and schedules
In each intersection i ∈ I, there is a traffic light at the end of each incoming

street s+ ∈ S+
i . The traffic light has two states—green and red. Green means

the cars from this street can pass through the intersection and continue to any
outgoing street s− ∈ S−

i in their path. Red means the cars must stop until the
light turns green again. At most one traffic light can be green at each intersection
at any time.

When the light is red, cars arriving at the end of a street queue up and wait
for the light to turn green. The queue does not take up any space and does not
change the distance cars have to travel. When the light is green, one car can
pass through an intersection every second. Passing through an intersection, i.e.,
moving from the end of an incoming street to the beginning of an outgoing street,
takes no additional time.

For each intersection i ∈ I, we can set a traffic light schedule. This schedule
determines the order and duration of green light for the incoming streets of the
intersection. The schedule repeats in a cycle until the end of the simulation (see
Figure 1.2). Each street can appear at most once in the schedule. If a street is
not included in the schedule, it is red the whole time, and any waiting cars are
blocked. By default, intersections have no schedule and all streets are red.

Figure 1.2 This figure shows how the traffic light schedule works for an intersection
with two incoming streets [12]. The schedule is as follows: First a-street for 2 seconds,
then b-street for 3 seconds. We can see the first two cars from a-street pass in the first
two seconds, then the green light switches to b-street for three seconds, allowing the
two cars from b-street pass. The last car from a-street waits till the beginning of the
next cycle and then passes.
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1.2.3 Cars
Furthermore, we have a set of cars C, where |C| ∈ [1, 103]. Each car c ∈ C has

a given path pc through the city. The path is a sequence of streets the car has to
drive through. The number of streets in each path pc is in the range [2, 103]. No
intersection or street can be repeated in a path.

At the beginning of the simulation, all cars are at the end of the first street in
their path. They either wait if the light is red or are ready to move if the light is
green. If more cars start at the end of the same street, they queue up according
to their IDs in the input file (see Figure 1.3). When a car reaches the end of the
last street in its path, it is immediately removed from the street.

Figure 1.3 This figure shows the first five seconds of a simulation [12]. For simplicity,
only one street is shown in the figure; when the light is red for this street, it is green for
another street in the same intersection. When the light turns green at T = 1s, the first
(yellow) car immediately passes the intersection and moves to the next street, reaching
the end of the street at T = 4s. At T = 2s, the light is still green, so the second (red)
car passes the intersection and moves to the next street, reaching the end of the street
at T = 5s. From T = 3s to T = 5s, the light is red, so the third (purple) car cannot
pass the intersection and has to wait for the next cycle.
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1.2.4 Score
The score reflects the quality of the traffic light schedules: the more cars reach

their destination, and the sooner they arrive, the higher the score. The objective
is to maximize this value. In the context of optimization, the score serves as a
fitness function.

The score is determined as follows. Let θ denote the traffic light schedules,
and let C be the set of cars. Given a simulation duration D ∈ [1, 104] in seconds,
and a fixed bonus awarded for reaching the destination F ∈ [1, 103], let t(c; θ) ∈ N
be the time when a car c ∈ C reaches its destination. The score of a single car c
under the schedules θ is defined as

score(c; θ) =

⎧⎨⎩F + (D− t(c; θ)), if t(c; θ) ≤ D,

0, otherwise.
(1.1)

Then, the total score of the schedules θ is defined as

SCORE(θ) =
∑︂
c∈C

score(c; θ). (1.2)

1.3 Preprocessing of a problem instance
In this section, we introduce preprocessing steps that we apply to reduce the

total number of parameters we need to optimize. These are our own observations
and are not part of the original problem statement. After preprocessing, a
substantial amount of intersections and streets is removed from optimization,
which allows us to save resources and focus only on the important parameters.
We also describe the format in which we represent the schedules.

1.3.1 Preprocessing steps
Throughout this section, we introduce some additional terms to help us better

describe the steps.

Used and unused streets Unused street is a street that is the final destination
of all cars that have it in their path (i.e., a traffic light for this street is not needed).
Used street is a street that is not the final destination of at least one car that has
it in its path.

Used and unused intersections Unused intersection is an intersection where
all incoming streets are unused streets. Used intersection is an intersection with
at least one used incoming street.

Step 1: Remove unused intersections and unused streets
Remove unused intersections and unused incoming streets from used intersections.

Step 1 is an obvious one; unused intersections are never used and only add
unnecessary complexity. Unused incoming streets in used intersections prolong
the traffic light cycle for the whole intersection, which very frequently leads to
longer waiting times and thus a lower score. We now proceed to the next step.

13



Trivial and non-trivial intersections There are two types of used intersec-
tions: trivial and non-trivial. Trivial intersection is an intersection with exactly
one used incoming street. Non-trivial intersection is an intersection with two or
more used incoming streets.

Trivial and non-trivial streets For completeness, we also split the used streets
into trivial and non-trivial ones. Trivial street is a used incoming street in a
trivial intersection. Non-trivial street is a used incoming street in a non-trivial
intersection.

Step 2: Fix the schedule for trivial intersections; optimize only sched-
ules of non-trivial intersections For each trivial intersection, the schedule
can be fixed by assigning a green light to its only used incoming street for the
entire duration. Trivial intersections can then be removed from optimization, and
only schedules of non-trivial intersections are optimized.

Let us think about Step 2 in more detail. For trivial intersections, we have
two meaningful schedule options:

1. Keep the light green the whole time.

2. Keep the light red the whole time, effectively blocking all cars there.

Empirically speaking, the vast majority of trivial intersections should be kept
green, otherwise many cars would not be able to reach their destination at all.

However, suppose that keeping the light red for some trivial intersection
improves the score. This means that there must be a problematic car passing
through this intersection. Such a car must eventually reach some non-trivial
intersection via a street, and this street can still be set to have a red light the
whole time during optimization. We therefore leave this up to the optimization
algorithm, hoping that it explores this option if it is indeed beneficial.

To demonstrate the usefulness of preprocessing, Tables 1.1 and 1.2 show
statistics of intersections and streets for each dataset. After applying both
steps, we are only left with non-trivial intersections and non-trivial streets for
optimization. This enables us to skip optimizing thousands of parameters.

Intersections

Dataset Unused Trivial Non-trivial

A 1 (25%) 2 (50%) 1 (25%)
B 777 (11%) 4,977 (70%) 1,319 (19%)
C 2,340 (23%) 4,468 (45%) 3,192 (32%)
D 0 (0%) 0 (0%) 8,000 (100%)
E 0 (0%) 263 (53%) 237 (47%)
F 30 (2%) 332 (20%) 1,300 (78%)

Table 1.1 Intersection statistics across all datasets.

From now on, whenever we refer to schedules, we mean the schedules of non-
trivial intersections with non-trivial streets, as these intersections and streets are
the only ones that are left after preprocessing.

14



Streets

Dataset Unused Trivial Non-trivial

A 1 (20%) 2 (40%) 2 (40%)
B 1,138 (12%) 4,977 (55%) 2,987 (33%)
C 23,558 (67%) 4,468 (13%) 7,004 (20%)
D 12,054 (13%) 0 (0%) 83,874 (87%)
E 42 (4%) 263 (26%) 693 (70%)
F 4,667 (47%) 332 (3%) 5,001 (50%)

Table 1.2 Street statistics across all datasets.

1.3.2 Schedules format
Each schedule of an intersection consists of two parts: order and times. Order

is an array of street indices that defines the order in which the streets have the
green light. Times is an array of integers that defines the duration of the green
light with respect to the street order. For illustration, recall the schedule from
Figure 1.2; street-a (ID 0) has a green light for 2 seconds, and then street-b (ID 1)
has a green light for 3 seconds. This schedule is represented in our format as
follows:

Order Times(︃
[0, 1], [2, 3]

)︃
.

Then, the schedules are collectively represented as

a list of pairs, where each pair consists of order and times arrays.

1.4 Datasets
This section briefly describes all datasets provided with the problem. The

datasets vary in the size and structure of their city plans. In the previous section,
we already showed statistics of intersections and streets (see Tables 1.1 and 1.2).
Here we compare the datasets by the number of parameters we need to optimize.
That is, twice the number of non-trivial streets—one parameter for the order and
one for the time. Note that this is only one way to compare the datasets, and
it does not account for the actual paths cars must take or how convoluted those
paths may be.

A - An example: 4 parameters Simple toy problem dataset used for debug-
ging (see Figure 1.4).

B - By the ocean: 5,974 parameters Dataset based on a real city plan of
Lisbon, Portugal (see Figure 1.5).

C - Checkmate: 14,008 parameters Dataset with a chessboard-like pattern
and regular structure of intersections and streets (see Figure 1.6).
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Figure 1.4 Visualization of dataset A [12].

Figure 1.5 Dataset B based on the real data of Lisbon on the right. Screenshot from
Hash Code 2021: Online Qualification Round Livestream.

D - Daily commute: 167,748 parameters By far the largest dataset with a
challenging-to-navigate network from the Barabási-Albert distribution [15].

E - Etoile: 1,386 parameters Nicknamed Etoile2, this dataset is a one big
star, meaning there is one very important intersection in the middle with hundreds
of incoming streets (see Figure 1.6).

F - Forever jammed: 10,002 parameters Medium sized dataset but again
with a complex network difficult to optimize.

1.4.1 Score normalization
As mentioned in Section 1.1, each dataset yields an absolute score within a

different range. To compare the performance across all datasets, we normalize the
2Étoile means star in French.
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Figure 1.6 Visualization of datasets C and E. Screenshot from Hash Code 2021:
Online Qualification Round Livestream.

scores to a 0–1 scale, where 0 represents our baseline solution (see Section 3.1 for
details), and 1 corresponds to the maximum known score3 for the dataset. Note
that the baseline is already a good solution, so there may be limited room for
improvement—for example, in dataset B.

1.5 Simulator
This section provides a brief overview of the custom simulator that we developed

to serve as a black-box fitness function for the optimization algorithms. We discuss
the motivation behind its design and describe the functionality relevant to the
optimization process. For further information on using the simulator or regarding
its implementation, please refer to the user guide in Appendix A and the developer
documentation in Appendix B.

Our simulator replaces the original competition evaluation system, which was
accessible only through the competition website via a user interface and is no
longer available. It also adds several features on top of the original system. The
simulator is written in C++ to be as fast and efficient as possible, and is wrapped
as a Python package using the powerful pybind11 library [16], making it very
convenient to use. Inspired by libraries such as NumPy4 and PyTorch5, our goal is
to provide an easy-to-use interface and seamless integration with the vital Python
ecosystem, without compromising on top-tier performance.

Following are the features of the simulator package that are important for
optimization. These features are implemented in C++ and exposed through a
lightweight Python API:

• Reading and storing the input data.
3See the maximum known scores at

https://github.com/sagishporer/hashcode-2021-qualification#score.
4https://numpy.org/
5https://pytorch.org/
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• Creating initial schedules using several different options listed in Section 3.1.

• Running the simulation to evaluate given schedules.

• Retrieving and updating schedules in a format described in Section 1.3.2.

The only case where larger data are passed between C++ and Python is when
retrieving and updating the schedules. Since the optimization loop is implemented
in Python using parts of the DEAP library [17], it must retrieve the schedules
from the simulator, modify them externally, and then send them back into the
simulator to evaluate their score.
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2 Theory of optimization
methods

In this chapter, we cover the theory of the methods we use to optimize the
Traffic signaling problem. Specifically, we describe hill climbing (Section 2.1),
simulated annealing (Section 2.2) and genetic algorithm (Section 2.3). In Section 2.4
and Section 2.5 we discuss common methods for initializing and parallelizing the
algorithms.

In optimization, the goal is to find the best state according to an objective
function, also known as a fitness function. In other words, the fitness function is
a problem-specific function that defines how well a solution solves a particular
problem. Because the state space of optimized problems can be very large or
even infinite, systematic search methods are often unsuitable. Instead, we can
use the so-called heuristic algorithms. These algorithms do not guarantee to
find the best solution but are frequently used in practice because they can find
good solutions in reasonable time. Our three chosen methods are all examples of
heuristic algorithms.

2.1 Hill climbing
Hill climbing [18, 19] is one of the simplest local search algorithms. It keeps

track of the current state and on each iteration moves to the neighboring state
with the highest value, i.e., it moves in the direction that provides the biggest
improvement. If there are no neighboring states with a higher value, the algorithm
terminates. The greedy nature of hill climbing is both its strength and its weakness.
It can make rapid progress towards a good solution but once it gets stuck in a
local optimum it cannot escape it.

A lot of variants of this algorithm exist. In our experiments, we use a version
called first-choice hill climbing (see Algorithm 1). This version randomly generates
next states until it finds one with a higher value than the current state and then
moves to this state. This strategy works well when there are many neighboring
states or when no defined neighborhood structure exists, which is exactly our case.

function First-Choice-Hill-Climbing(problem)
current← problem.Initial
for t = 1 to Max_iterations do

next← a randomly generated next state
if Value(next) > Value(current) then

current← next
return current

Algorithm 1 First-choice hill climbing
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2.2 Simulated annealing
Simulated annealing [18, 19] builds up on the idea of hill climbing and solves

the problem of getting stuck in local optima (see Algorithm 2). In each iteration,
it randomly generates a next state. If the state is better, it is always accepted.
Otherwise, the worse state is accepted with some probability. The probability
decreases exponentially with how much worse the state is and with the current
value of the “cooling” schedule. By allowing moves to worse states, the algorithm
can escape local optima and therefore find better solutions.

The idea of the cooling schedule is inspired by the process of annealing in
metallurgy, where metals are heated to a high temperature and then slowly cooled
down to reach a strong, crystalline structure. Analogously, we want to allow worse
moves more often at the beginning during the exploration phase and then gradually
decrease that chance to hopefully converge to the best solution. Obviously, the
choice of the schedule is absolutely crucial for the performance of the algorithm
and has to be tuned specifically for each problem.

function Simulated-Annealing(problem, schedule)
current← problem.Initial
for t = 1 to Max_iterations do

T ← schedule(t)
next← a randomly generated next state
∆E ← Value(next)−Value(current)
if ∆E > 0 then

current← next
else

current← next with probability e∆E/T

return current

Algorithm 2 Simulated annealing

2.3 Genetic algorithm
Initially proposed by Holland [20] and Goldberg [21], genetic algorithm [18,

22] belongs to the group of evolutionary algorithms. Those algorithms are inpired
by the seminal Darwin’s theory of evolution, particularly by the idea of natural
selection [23]. It states that the individuals with better traits suited to their
environment are more likely to adapt, survive and reproduce. Over successive
generations, these advantageous traits become more common in the population,
leading to the emergence of new species.

This biological motivation is translated into the context of evolutionary algo-
rithms in the following way. We work with a set of individuals called a population.
Each individual in this population represents a solution to a given problem. The
algorithm runs in iterations called generations. In each generation, it selects
some individuals, modifies them using the so-called genetic operators and then
selects which individuals survive to the next generation. The selection process
prefers individuals that are better at solving the problem, i.e., individuals with
higher fitness. There are many different evolutionary algorithms with even more
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variations that follow the previous description. Let us now focus specifically on
the genetic algorithm (see Algorithm 3).

function Genetic-Algorithm(population)
population← Initialize(population)
for t = 1 to Max_iterations do

population← Evaluate(population)
selected← Select(population)
offspring ← Reproduce(selected)
population← offspring

return population

function Reproduce(selected)
offspring ← empty list
for parent1, parent2 in selected do

child1, child2← Crossover(parent1, parent2)
if small random probability then

child1←Mutation(child1)
if small random probability then

child2←Mutation(child2)
add child1, child2 to offspring

return offspring

Algorithm 3 Genetic algorithm

2.3.1 Selection
For the selection of parents for the next generation, common methods include

the roulette wheel selection and the tournament selection [22]. Roulette wheel
selection selects individuals with a probability directly proportional to their fitness.
Its downside is that it does not work for negative fitness and can be sensitive to
changes in fitness values. Tournament selection works by repeatedly sampling a
few individuals and selecting the best one among them. Thus, it is not dependent
on specific values and can be used with any fitness function.

2.3.2 Crossover and mutation
The offspring is created from the selected parents using genetic operators

crossover and mutation. Crossover combines two parents to produce two new
children. There are many different ways to perform crossover, the most common
being the one-point crossover. Since individuals are usually represented as strings
or arrays of numbers, one-point crossover simply picks a point in the individual
and creates two new individuals by copying the first part from one parent and
the second part from the other parent and vice versa. This can be extended to
the two-point crossover or the k-point crossover in general. Other examples of
crossover, e.g., if an individual represents a permutation and simple swapping of
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parts cannot be used, include the order crossover (OX) or the partially mapped
crossover (PMX) [22], also known as the partially matched crossover (PMX).

Mutation is a small random change in an individual. It is used to introduce
variability into the population and to prevent the algorithm from getting stuck
in local optima. Mutation is usually more problem-specific than crossover and
is often customized to the problem at hand. Some common examples are the
bit-flip mutation for binary strings, the uniform and the gaussian mutations, i.e.,
a mutation replacing a value with a number drawn from one of these distributions,
or the index shuffle mutation for permutations.

The created offspring directly replaces the old population and the process
repeats. Unfortunately, this mechanism does not guarantee that the best individual
will be preserved in the next generation. To prevent this, a technique called elitism
can be used. Elitism always transfers a few of the best parents to the next
generation, ensuring that the best solution found so far is not lost. The rest of
the population is then filled with the offspring as previously mentioned.

2.4 Initialization
In all of the previously mentioned algorithms, we start with some initial state

or population of initial states. The simplest and most straightforward way is to
generate the initial state randomly. This is often good enough, but if the state
space is large or the problem is complex, the algorithm can be very inefficient.
Instead, we can try to come up with some smarter heuristic method to start in
a more promising region of the search space. This is especially beneficial if we
have some prior knowledge about the problem because we can help the algorithm
skip exploring irrelevant parts of the search space, effectively reducing the number
of iterations needed to find a good solution. An example of such a heuristic
initialization is the nearest neighbors initialization for the Traveling Salesman
Problem (TSP), where the next node in the sequence is chosen as the closest
unvisited node instead of generating the sequence randomly.

However, using heuristics for initialization can be a double-edged sword as
it can lead to premature convergence [22]. This means losing the diversity of
solutions too early and getting stuck in a local optimum. When using optimization
algorithms, it is always important to balance the trade-off between exploration
and exploitation [19]. Exploration is a process of searching the search space for
new solutions, while exploitation is a process of refining the current solutions.

2.5 Parallelization
As hinted in the previous sections, heuristic algorithms can run for a long time.

It is not uncommon to compute hundreds of thousands of fitness evaluations—
imagine a genetic algorithm with a population size of 200, run for 1000 generations.
These evaluations can take a while, especially if they are simulations, games, neural
network training, or similar. As a result, we may want to use parallelization to
speed up this process and fully utilize our computational resources.

Single-state methods like hill climbing and simulated annealing are inherently
sequential and thus difficult to parallelize. But we can at least run multiple
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independent instances of the algorithm in parallel. Note that this is different
from methods like beam search, where useful information is shared between the
instances.

For population methods like genetic algorithm, parallelization makes much
more sense. The most common way is to run the fitness evaluations of individuals
in parallel. This is great because the evaluations are completely independent of
each other and the fitness computation is often the biggest bottleneck of the whole
algorithm. Other parts, such as mutation and crossover, can also be parallelized
across individuals, but these are usually much faster than the evaluation and may
not provide much speedup, if any.
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3 Application of optimization
algorithms

In this chapter, we describe the problem-specific details of our chosen opti-
mization algorithms. Section 3.1 presents different options for creating initial
schedules and explains which ones were chosen for optimization. Section 3.2
gives a high-level overview of how the schedules are modified by the algorithms.
Sections 3.3, 3.4, and 3.5 cover the exact configuration of genetic algorithm, hill
climbing, and simulated annealing, respectively, including their hyperparameters.
Section 3.6 explains how we searched for the best hyperparameters and summarizes
the final settings for each algorithm and dataset.

3.1 Initial schedules
As mentioned in Section 1.5, the simulator offers several options for generating

initial schedules. Here we describe the different options for initializing both order
and times (see Section 1.3.2). The order initialization options include:

• default - simply uses the order given by street IDs in the input file

• random - takes a random permutation of the streets

• adaptive - determines the order during a simulation run—each street is
assigned to the earliest free position in the order array when used for the
first time (only compatible with the default times initialization; with other
options, it may result in an inconsistent format and fail to generate schedules)

The times initialization options include:

• default - all times are set to 1 second

• scaled - time for each street is a total number of cars using this street divided
by a single given constant (the divisor)

Both order initialization and times initialization are hyperparameters. To
determine the best settings for optimization, we experimentally compared the
performance of different initialization options for each dataset. Specifically, we
compared the following options:

• default (baseline) - default order and default times

• adaptive - adaptive order and default times

• random - random order and default times

• scaled - default order and scaled times
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Figure 3.1 Comparison of different initialization options for each dataset. Y-axis
shows the normalized score (see Section 1.4.1). The black error bars indicate the 95%
confidence intervals.

Scaled option uses the best divisor between 1–100 for each dataset. Random
option is stochastic and is therefore averaged over 100 trials.

The results are shown in Figure 3.1. The random option performs similarly to
the default option—since the default order is neither optimized nor intentionally
poor, it is reasonable that the random order has comparable performance on
average. The adaptive option achieves strong results, especially on datasets B, C,
and D. This is likely because streets in these datasets are mostly used by one or a
few cars, making the specific order very important and the default times a suitable
choice. The scaled option performs best on datasets E and F. Unsure about the
reason for dataset E, but dataset F contains many streets used by hundreds of
cars, so it makes sense to increase the green light time for these streets.

We see that using other “smarter” initialization methods can significantly
improve the baseline solution, enabling the optimization process to begin from a
much better starting point. We decided to use adaptive order and default times
for datasets B, C, and D, and random order and scaled times for datasets E and
F (see Table 3.3).

3.2 Modifying the schedules
Once the initial schedules are created, we can start modifying them using the

proposed optimization algorithms. Since the schedules format (see Section 1.3.2)
is quite complex and each intersection’s schedule may have a different number of
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streets, operations such as crossover or mutation are applied separately for each
intersection. Moreover, because the times array depends on the order array, any
modifications to the order array must also be applied to the corresponding times
array.

3.3 Genetic algorithm
In this section, we apply the theory introduced in Section 2.3 and describe our

design of the genetic algorithm, including the selection, crossover, and mutation
operators, as well as the corresponding hyperparameters. We begin with this
method, as the other algorithms reuse its mutation operator to generate new
states.

3.3.1 Selection
For selecting individuals for reproduction, we use tournament selection com-

bined with elitism. The corresponding hyperparameters are tournament size and
elitism, which defines the percentage of top-performing individuals that are directly
selected for reproduction.

3.3.2 Crossover
For each intersection, we randomly decide whether to crossover only the order,

only the times, or both. We use order crossover (OX) for modifying the order,
and two-point crossover for modifying the times. Crossover is performed with a
probability defined by the hyperparameter crossover probability.

3.3.3 Mutation
For each intersection, we randomly decide whether to mutate only the order,

only the times, or both. We use index shuffle for modifying the order, and for the
times, we add or subtract one to some values at random. Mutation is performed
with a probability defined by the hyperparameter mutation probability. When
mutation is applied, the hyperparameter mutation bit rate controls how likely
each individual value is to be modified. It can be given either as a probability or
as an integer specifying the expected number of modified values in the state.

The remaining hyperparameters of the genetic algorithm are population size
and generations—their names are quite self-explanatory. Together with the
crossover and mutation probabilities, these hyperparameters control the total
number of fitness evaluations (i.e., simulation runs) performed by the algorithm.
Additionally, utilizing the approach from Section 2.5, we run fitness evaluations
within each population in parallel.

3.4 Hill climbing
As explained in Section 2.1, we use a variant of the algorithm that generates

next states randomly because there is no explicit neighborhood structure. We

26



simply apply the mutation operator from the genetic algorithm (see Section 3.3.3)
to generate the next state. Note that we again use the hyperparameter mutation
bit rate but not the mutation probability because the mutation is always applied.
The only other hyperparameter is iterations, which sets the number of iterations
the algorithm runs for.

3.5 Simulated annealing
Introduced in Section 2.2, this algorithm uses the same strategy to generate next

states as presented in Section 3.4. That means it has the same hyperparameters
mutation bit rate and iterations. The only additional hyperparameter is initial
temperature, which sets the initial temperature of the cooling schedule. For the
cooling schedule, we use a linear decay. It is defined as

schedule(t) = τinit ·
(︃

1− t

T

)︃
+ ε, (3.1)

where τinit is the initial temperature, t is the current iteration, and T is the total
number of iterations.

3.6 Hyperparameter search
Performance of all three aforementioned algorithms largely depends on the

setting of their hyperparameters. To find the best hyperparameters for the
experiments, we use a form of greedy search. That is, we only focus on optimizing
one hyperparameter at a time and try to find the best value for it. Other
hyperparameters are currently fixed—either heuristically or set to their already
optimized values. We test a number of reasonable values for each hyperparameter
and perform runs with additional values if the results are not satisfactory. Each
setting is tested on 10 different fixed seeds and the results are averaged.

To maintain comparability, we allocate an equal budget of fitness evaluations
to all three algorithms. For hill climbing and simulated annealing, this budget
is easily enforced via the iterations hyperparameter. For genetic algorithm, the
number of evaluations is stochastic and cannot be precisely set; however, we
always set the generations hyperparameter so that the expected total number of
fitness evaluations matches the predefined budget.

For each dataset, we use the best initialization options that we selected in
Section 3.1.

Crossover probability {0.2, 0.3, . . . , 0.8}
Mutation probability {0.1, 0.2, . . . , 1.0}
Tournament size {2, 3, . . . , 10}
Elitism {0, 0.05, 0.1, . . . , 0.3}
Population size {10, 20, . . . , 100}
Mutation bit rate {1, 2, . . . , 20}
Initial temperature many values between 0.1 and 500

Table 3.1 Ranges of tested hyperparameter values.
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To give a clearer picture of the values explored, Table 3.1 summarizes the
ranges used in the hyperparameter search. The genetic algorithm parameters—
crossover probability, mutation probability, tournament size, and elitism—were
tested only on smaller datasets E and B to reduce search complexity, because they
seemed generalizable across datasets. Other parameters, especially the mutation
bit rate and initial temperature, are highly dataset-dependent and were tuned
separately for each algorithm and dataset.

Finally, Tables 3.2 and 3.3 provide a detailed overview of the selected hyperpa-
rameters for the experiments. For clarity, the first table lists the hyperparameters
that are shared across all datasets, while the second table shows dataset-specific
hyperparameters.

Genetic Algorithm
Crossover probability 0.6
Mutation probability 0.4
Tournament size 3
Elitism 0.05

Hill Climbing
Iterations 450,000

Simulated Annealing
Iterations 450,000

Table 3.2 Shared hyperparameters for all datasets.
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Dataset E

Order initialization random
Times initialization scaled

Genetic Algorithm
Population size 90
Generations 6,667
Mutation bit rate 9

Hill Climbing
Mutation bit rate 15

Simulated Annealing
Mutation bit rate 5
Initial temperature 275

Dataset B

Order initialization adaptive
Times initialization default

Genetic Algorithm
Population size 10
Generations 60,000
Mutation bit rate 2

Hill Climbing
Mutation bit rate 4

Simulated Annealing
Mutation bit rate 1
Initial temperature 0.25

Dataset F

Order initialization random
Times initialization scaled

Genetic Algorithm
Population size 50
Generations 12,000
Mutation bit rate 2

Hill Climbing
Mutation bit rate 5

Simulated Annealing
Mutation bit rate 3
Initial temperature 15

Dataset C

Order initialization adaptive
Times initialization default

Genetic Algorithm
Population size 20
Generations 30,000
Mutation bit rate 2

Hill Climbing
Mutation bit rate 4

Simulated Annealing
Mutation bit rate 2
Initial temperature 0.1

Dataset D

Order initialization adaptive
Times initialization default

Genetic Algorithm
Population size 40
Generations 15,000
Mutation bit rate 2

Hill Climbing
Mutation bit rate 2

Simulated Annealing
Mutation bit rate 2
Initial temperature 0.1

Table 3.3 Dataset-specific hyperparameters. The order and times initializations are
the same for all three methods for each dataset.
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4 Experimental results
This chapter presents the results of our experiments. Specifically, we compare

the performance of three optimization algorithms:

• genetic algorithm (GA),

• hill climbing (HC),

• simulated annealing (SA),

on datasets B, C, D, E, and F. Section 4.1 explains the setup of the experiments
and format of the results shown in the figures and tables. The following sections
present the results for each dataset, including plots and tables summarizing the
performance of each algorithm. The datasets are presented in ascending order of
their size (see Section 1.4 for more details).

4.1 Experimental setup
As previously mentioned, Tables 3.2 and 3.3 summarize the hyperparameters

used for each algorithm and dataset. The experiments were performed on either
AMD EPYC 9454 or AMD EPYC 9474F CPUs. Each setting was run with
10 different fixed seeds, and the results were averaged to ensure reliability. As
explained in Section 3.6, all three algorithms were run for the same fixed budget
of fitness evaluations.

Note that comparing by number of evaluations is somewhat disadvantageous
for the genetic algorithm, which inherently performs a broader search of the state
space. Additionally, fitness evaluations within each population are computed
in parallel, which can result in significantly faster runtimes compared to single-
state methods. Nevertheless, we chose the number of fitness evaluations as the
comparison metric instead of runtime, as it better reflects algorithmic efficiency
and is independent of implementation details and the specific hardware used.

For each dataset, we provide a plot illustrating the performance of all three
methods throughout the optimization process. The x-axis indicates the number
of fitness evaluations, while the primary y-axis shows the normalized score (see
Section 1.4.1). For completeness, the secondary y-axis displays the absolute score.
For genetic algorithm, the plotted curve represents the best score within the
current population. For hill climbing and simulated annealing, the curve shows
the current score at each step. All curves are averaged over 10 runs, with the
shaded areas indicating the standard deviation.

For each dataset, we also include a table reporting the overall best score
achieved by each algorithm, averaged over 10 runs, along with the total runtime.
The runtime is included to give a general idea of how long each method took to
run, but it should not be interpreted as an exact metric.

Finally, we summarize in Table 4.6 the best scores achieved by each algorithm
in a single run (out of 10 seeds), and compare them to the maximum known score
for each dataset. The schedules corresponding to the best scores achieved for each
dataset during optimization are included in the thesis attachment.
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4.2 Dataset E
For dataset E, the smallest optimized dataset, SA not only outperformed

GA and HC, but even exceeded the best known score, which explains why its
normalized score in Table 4.1 is greater than 1. While GA and HC quickly
reached good scores above 80% of the best known score, they converged early and
improved only slightly afterwards. In contrast, SA started off slower and volatile,
but continued to steadily improve its score throughout the optimization process
(see Figure 4.1).

Figure 4.1 Performance of the algorithms on dataset E.

Normalized Score Score Runtime (mm:ss)

Genetic Algorithm 0.88 767,768 06:58
Hill Climbing 0.87 766,798 07:03
Simulated Annealing 1.01 780,299 07:10

Table 4.1 Final statistics for dataset E.
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4.3 Dataset B
For dataset B, SA again achieved the best score among the three algorithms.

This time, it performed the best since the very beginning of the optimization
process (see Figure 4.2). Although close, it fell short of the best known score,
reaching 97% of it (see Table 4.2). HC started off similarly to SA, but again
converged early and ultimately performed the worst—though it still achieved
a good score. GA performed noticeably better than HC but did not reach the
performance of SA. Note that the parallel fitness evaluation in GA starts to show
its advantage, with the GA runtime being approximately one-third shorter than
the other two algorithms (see Table 4.2).

Figure 4.2 Performance of the algorithms on dataset B.

Normalized Score Score Runtime (h:mm:ss)

Genetic Algorithm 0.91 4,570,095 0:42:29
Hill Climbing 0.87 4,569,945 1:00:08
Simulated Annealing 0.97 4,570,309 0:59:07

Table 4.2 Final statistics for dataset B.

32



4.4 Dataset F
For dataset F, the performance of all three algorithms is much closer than in

previous datasets, due to starting from a really good initial solution. Nonetheless,
SA achieved the highest score, HC performed the worst, and GA was in between
(see Table 4.3). As shown in Figure 4.3, the shaded areas representing standard
deviation overlap quite a lot, indicating that there is not a big difference between
the algorithms. GA again demonstrated a significantly shorter runtime.

Figure 4.3 Performance of the algorithms on dataset F.

Normalized Score Score Runtime (h:mm:ss)

Genetic Algorithm 0.93 1,437,086 1:48:33
Hill Climbing 0.93 1,434,129 2:41:04
Simulated Annealing 0.94 1,440,097 2:28:03

Table 4.3 Final statistics for dataset F.
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4.5 Dataset C
For dataset C, the curves shown in Figure 4.4 resemble those observed for

dataset B (see Figure 4.2). SA consistently outperformed the other algorithms
from the start and again exceeded the best known score, with the normalized
score above 1 (see Table 4.4). GA and HC performed similarly, with GA narrowly
outperforming HC. As in previous datasets, GA finished in a significantly shorter
time (see Table 4.4).

Figure 4.4 Performance of the algorithms on dataset C.

Normalized Score Score Runtime (h:mm:ss)

Genetic Algorithm 0.94 1,314,347 2:02:52
Hill Climbing 0.93 1,314,200 3:33:10
Simulated Annealing 1.01 1,315,476 3:26:31

Table 4.4 Final statistics for dataset C.
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4.6 Dataset D
For dataset D, the largest dataset by far, the results are different from all

previous datasets. HC, the weakest algorithm in the previous cases, performed
the best here, although only slightly ahead of SA (see Figure 4.5). It is likely that
the algorithms would have benefited from running for more evaluations, as their
performance curves had not yet fully converged. GA, in particular, performed the
worst here, but completed in less than half the time of the other two algorithms
(see Table 4.5), fully utilizing its parallel evaluation. However, the runtimes for
this dataset were already much longer than for the rest of the datasets combined,
showing how large and demanding dataset D really was.

Figure 4.5 Performance of the algorithms on dataset D.

Normalized Score Score Runtime (hh:mm:ss)

Genetic Algorithm 0.90 2,508,730 09:41:52
Hill Climbing 0.92 2,525,531 20:59:59
Simulated Annealing 0.92 2,522,204 22:39:17

Table 4.5 Final statistics for dataset D.
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Dataset GA HC SA Max known score

B 4,570,168 4,569,994 4,570,346 4,570,431
C 1,314,597 1,314,584 1,315,702 1,315,372
D 2,512,355 2,528,954 2,525,797 2,610,027
E 771,025 768,443 782,044 779,279
F 1,440,172 1,439,639 1,443,333 1,480,489

Table 4.6 Best scores achieved in a single run (out of 10 seeds) by each algorithm,
compared to the max known score. Bold values indicate newly achieved best scores
that outperform the max known score. The schedules corresponding to the best scores
achieved for each dataset during optimization are included in the thesis attachment.
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Conclusion
In this thesis, we addressed the Traffic signaling problem from the Google Hash

Code competition, which serves as a simplified version of the real-world problem of
traffic signal optimization. We began by implementing a fast and efficient simulator
in C++, which we wrapped as a Python package. We then integrated the simulator
into a Python optimization pipeline as a black-box fitness function. This setup
enabled quick evaluation of solutions and allowed us to perform many iterations of
our three chosen optimization algorithms: Genetic Algorithm (GA), Hill Climbing
(HC), and Simulated Annealing (SA). We then compared the performance of these
algorithms on the provided competition datasets of different sizes and structures.

Our experiments showed that all three algorithms achieved good results across
all datasets. However, SA consistently outperformed the others on every dataset
except the largest one, dataset D, where the otherwise weakest HC performed
slightly better—likely because the algorithms had not yet fully converged. Fur-
thermore, SA was able to surpass the max known scores in datasets C and E,
achieving new best results. GA generally performed better than HC, but only by
a small margin. The performance of all algorithms was highly dependent on the
choice of hyperparameter values.

The superior performance of SA compared to HC is unsurprising, as SA is a
more capable algorithm in theory. Its ability to move to worse states obviously
broadens the search and helps to escape local optima. Nonetheless, based on our
experimental experience, we believe that simply always moving to a state with
the same fitness value as the current state is the key factor behind SA’s success.

On the other hand, GA’s performance was somewhat below expectations,
especially considering the additional complexity involved compared to the single-
state methods. There are several possible reasons for this. As previously hinted,
comparing the algorithms by the number of evaluations is disadvantageous for GA.
Moreover, greedily optimizing one hyperparameter at a time may be less optimal
for GA because it has more hyperparameters—some form of grid search could be
more appropriate. Additionally, the initial population might have lacked diversity
or been completely homogeneous. Unfortunately, we were unable to come up
with initializations that would increase diversity and still achieve good results.
Lastly, we think that our optimization problem does not benefit much from the
broader search capabilities of GA and is rather suited to methods that refine a
single solution.

For future work, we could try to improve the performance of GA by exploring
additional initializations, performing a wider hyperparameter grid search, or using
some form of informed crossover or mutation. It would also be interesting to run
GA for the same amount of time as SA to see if it can catch up. This approach
could maybe better reflect the real-world scenario where we are constrained by time
and aim to fully utilize GA’s parallel fitness evaluation. Additionally, we could
test other single-state optimization methods such as Iterated Local Search [24] or
Tabu Search [25].
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A User guide
This guide is intended for users interested in running the code associated with

this thesis. It is logically divided into two parts:

• Simulator - a standalone tool for evaluating the Traffic signaling problem
(described in Chapter 1) with various handy features, wrapped into the
traffic-signaling Python package

• Optimization and experiments - scripts for running the optimization
and experiments, which use the simulator

A.1 Prerequisites
When listing version requirements for the tools below, we specify the minimum

supported version. As of July 2025, the latest available versions (e.g., Python
3.13) are also compatible. However, we cannot guarantee compatibility with all
future versions.

To build and install the traffic-signaling package, you need:

• C++ compiler with C++20 code support; e.g., gcc 11, clang 16, or MSVC
19.29 (or later versions)

• Python 3.10 or later

• Python headers (most likely already installed with Python)

– You can verify that the headers are available by inspecting their ex-
pected location with e.g.

python3 -c "import sysconfig;
print(sysconfig.get_path('include'))"

– If not available, install the headers with e.g.

sudo apt install python3-dev

To easily set up the environment for optimization and run the experiments, you
further need:

• GNU Make

Optionally, if you want to run all unit tests for both C++ and Python, you
additionally need:

• Git

• CMake 3.24 or later
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A.2 Simulator
If you only want to run the optimization and do not want to use the

simulator as a standalone tool, feel free to skip this section.

After satisfying the prerequisites, you can simply build and install
the traffic-signaling Python package by running the following command in
the top-level directory:

pip install ./traffic_signaling

This will install the package into your Python environment (preferably into a
virtual environment), making it available for use in your Python scripts.

To run Python unit tests for the package using Python’s unittest built-in
framework, use the following command:

make test_package_python

To run both C++ and Python unit tests using CMake, use the following command:

make test_package_cmake

Note that running the make commands will create a virtual environment .venv
and install all required packages there using pip.

A.2.1 Code example
The following code snippet demonstrates some of the package’s functional-

ity. For the full API reference, see the traffic_signaling/traffic_signaling
subdirectory, which contains the files city_plan.pyi, simulation.pyi, and
utils.py. These files include extensive docstrings for every class and method,
effectively serving as the package documentation.
from traffic_signaling import *

# Load the city plan for a specific dataset
plan = create_city_plan(data='e')
# Create a simulation for the given city plan
sim = Simulation(plan)

# Initialize the traffic light schedules
sim.create_schedules(order='default', times='default')
# Save the schedules to a file in the competition format
sim.save_schedules('schedules.txt')
# Load the schedules from a file
sim.load_schedules('schedules.txt')

# Calculate the score
score = sim.score()
# Show a summary report of the simulation
sim.summary()
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A.3 Optimization
To quickly set up the environment for optimization, run the following

command in the top-level directory:

make setup

This will create a virtual environment .venv, build and install the simulator and
other necessary packages using pip into it, and compile operators.py file using
Cython1 for better performance during optimization. Do not forget to activate
the virtual environment before running any scripts with e.g.

source .venv/bin/activate

If you encounter any issues, try running make clean and then make setup again.
Now you can run the optimization algorithms using the optimizer.py script.

The script has two required positional arguments:

• algorithm - algorithm to use for optimization; possible values are ga, hc,
sa

• data - input dataset to use; possible values are a, b, c, d, e, f

After specifying the required arguments, you can easily run the script with e.g.:

python3 optimizer.py hc e

This will run the Hill Climbing algorithm on dataset E using default values.
However, you probably want to explicitly set some parameters, especially the
hyperparameter values. If you prefer, you can run

python3 optimizer.py --help

to see the full usage. Below is a concise list of the parameters:

• --order_init - order initialization hyperparameter; possible values are
adaptive, random, default

• --times_init - times initialization hyperparameter; possible values are
scaled, default

• --mutation_bit_rate - mutation bit rate hyperparameter

• --population - population size hyperparameter (GA only)

• --generations - generations hyperparameter (GA only)

• --crossover - crossover probability hyperparameter (GA only)

• --mutation - mutation probability hyperparameter (GA only)

• --elitism - elitism hyperparameter (GA only)

• --tournsize - tournament size hyperparameter (GA only)
1https://cython.org/
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• --iterations - iterations hyperparameter (HC and SA)

• --temperature - initial temperature hyperparameter (SA only)

• --seed - value of the random seed for reproducibility

• --threads - number of threads for parallel evaluation

• --logdir - custom name of the directory with results and logs

• --verbose - whether to print detailed output during optimization

• --no-save - skip saving results to the log directory

An example of running the script with more parameters could look like this:

python3 optimizer.py ga e \
--order_init random --times_init scaled \
--mutation_bit_rate 5 --population 100 --generations 200 \
--threads 16 --seed 21 --verbose

When the optimization finishes (and if the --no-save option was not used), the
optimizer will save the following files in the log directory:

• a CSV file containing statistics for each iteration / generation of the algorithm

• a file with the best schedules found, stored in the competition format

• a PDF file visualizing the optimization process

• an information file listing all parameters, their values, and additional details

Optionally, you can run unit tests for the optimizer with the following com-
mand:

make test_optimizer

A.3.1 Running the experiments
To replicate the experiments presented in this thesis, ensure that you have

already run the make setup command, then navigate to the experiments direc-
tory. We recommend reading the experiments/README.md file for more details,
but for convenience, we also include the list of commands below. We strongly
suggest running each algorithm and dataset separately.

• make test - run a simple sanity check experiment

• make init_experiment - run a quick experiment comparing different ini-
tialization methods

• make run_{b,c,d,e,f}_{ga,hc,sa} - run a specific algorithm on a specific
dataset (using 10 runs with different fixed seeds)

• make run_{b,c,d,e,f} - run all algorithms on a specific dataset
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• make plot_{b,c,d,e,f} - plot the results of a specific dataset

• make plots - plot all datasets

• make all - run everything and plot all results

The schedules corresponding to the best scores achieved for each dataset during
optimization are stored in the experiments/best_solutions directory.
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B Developer documentation
B.1 Simulator

The source code for the simulator is located in the traffic_signaling direc-
tory. Below is an outline of the directory structure:

• include/ - C++ header files of the simulator

– city_plan/ - headers of city plan part
– simulation/ - headers of simulation part

• src/ - C++ source files of the simulator

– city_plan/ - source files of city plan part
– simulation/ - source files of simulation part
– bindings/ - python bindings for city plan and simulation parts

• tests/ - Unit tests for both C++ and Python verifying the simulator
functionality

• traffic_signaling/ - Contents of the Python package when installed with
pip

– utils.py - provides extra utilities and helper functions for the simula-
tor

– data/ - contains the datasets provided with the competition

• pyproject.toml, setup.py - Python configuration files for building and
installing the traffic-signaling package using pip

• CMakeLists.txt - CMake configuration file for building the C++ code and
the Python package using CMake

Both the C++ and Python sources are well documented with comments and
docstrings to help you understand the code and its functionality.

The simulator is logically divided into two main parts:
• city_plan - responsible for loading and storing input data; it essentially

represents all “static” data known ahead of the simulation; its main class is
CityPlan

• simulation - responsible for running the simulation and working with the
traffic light schedules; it represents the “dynamic” data that change during
the simulation; its main class is Simulation

The motivation behind this separation is to initialize a single CityPlan object
at the beginning and reuse it across multiple simulations, possibly running in
parallel—which is especially useful for the genetic algorithm.

These two parts are compiled into two Python extension modules—city_plan
and simulation—using pybind111. They are then bundled together with the files

1https://github.com/pybind/pybind11
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in the traffic_signaling subdirectory into the traffic-signaling Python
package. For more details about the bindings, see the bindings/simulation.cpp
and bindings/city_plan.cpp files.

Note that when calling C++ code that takes a non-trivial amount of time to
run from Python, we release the Python Global Interpreter Lock (GIL)2. This
allows us to evaluate multiple simulations in parallel using regular threads without
blocking the Python interpreter. It eliminates the need for slower and cumbersome
multiprocessing, which is the typical approach to run parallel code in Python.

B.1.1 Simulation algorithm
Not only is the simulator implemented in C++ for performance reasons, but

it also uses a custom event queue algorithm to ensure the simulation is
evaluated as efficiently as possible. Rather than checking all cars every second of
the simulation, we use a priority queue of street events sorted by their time of
occurrence.

Let us briefly explain how the algorithm works. As explained in Section 1.2.3,
at the beginning of the simulation, all cars are at the end of the first street in
their path, waiting for the green light. If there are more cars at the same street,
they queue up according to their IDs.

We are at time 0. For each car, we calculate the earliest time it can get the
green light on its current street and add it to the street’s car queue. The calculated
time depends on the traffic light schedules and other cars already waiting in the
car queue. For the street, we add an event occurring at the calculated time to the
event queue. The event indicates that the front car in the queue can now move to
the next street.

Then, we iterate over the event queue until it is empty. We pop the first
event from the queue and process it—that is, move the car to the next street and
schedule another event at the time the car can get the green light on the next
street. If the next street is the car’s destination, we can immediately calculate
the arrival time and remove the car from the simulation.

Using the event queue allows us to skip all unnecessary checks and reduce the
operations to the required minimum, because we only process cars at the times
when they are actually moving. The main loop of the algorithm is implemented
in the simulation/simulation.cpp file in the Simulation::run method.

B.2 Optimization
The source code for optimization is in two files:

• optimizer.py - the main script providing the command-line interface for
running the optimization algorithms

• operators.py - contains the implementation of the optimization algorithms
and their operators

2https://docs.python.org/3/glossary.html#term-global-interpreter-lock
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To implement the optimization algorithms, we used the DEAP3 library, which
provides a modular framework for evolutionary algorithms. However, we tweaked
and rewrote some of its functions to suit our needs.

The optimizer.py file contains the Optimizer class, which is responsible for
running the optimization (run method). It processes the command-line arguments
(described in Section A.3), initializes the traffic light schedules that we optimize,
and runs the optimization algorithm. After the optimization is completed, the
results and logs are saved to the specified log directory.

The fitness evaluation for schedules is implemented in the _evaluate method.
The schedules initialization is implemented in the _create_individual method.
All statistics and logs are handled together by the _save_statistics method.

The operators.py file contains the tweaked DEAP functions together with
other custom functions such as crossover, mutation,
and tournament_selection_with_elitism.
All three algorithms—genetic_algorithm, hill_climbing,
and simulated_annealing functions—are modified versions of the original
eaSimple function from DEAP, which implements the simple genetic algorithm.

The file contains Cython type hints to enable compilation for faster performance
during the optimization.

3https://github.com/deap/deap
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