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1. Introduction 
Computer-controlled opponents decide much of how a racing game feels: they must follow the track, 

avoid walls, and react to what lies ahead. Neuroevolution, the evolution of neural-network controllers by 

an evolutionary algorithm, is a long-standing way to obtain such behavior without hand-written rules and 

without a training set, and it has been applied across games [1]. A feed-forward network maps sensor 

readings to actions [2]; instead of backpropagation, the genetic algorithm (GA) searches the space of 

weights using a score earned by playing. This differs from learning a value function from pixels by 

reinforcement learning, which has reached human-level play on many video games [3]. 

Combining GAs with neural networks has been studied for decades, from optimizing the connections 

of a network [4] to evolving weights, topology, and learning rules [5], [6]. Closer to this study, related 

reports cover the combination of neural networks and genetic algorithms in general [7], a neural-network 

lane recognizer for a self-driving car prototype [8], a GA for a Ms. Pacman agent [9], and the NEAT 

algorithm applied to a board game [10]. For a student or small team building a game, however, the practical 

questions are different: does the pipeline run, does it improve with generations, and what does it cost on 

ordinary hardware? A published evaluation of such a system is only useful if its numbers can be traced to 

runs, and that is often not shown. 

Abstract: Cars in a racing game can be driven by a small neural network whose weights are evolved by a genetic 

algorithm instead of being programmed or trained on labeled data. This study documents such a system built in Unity: 

each car reads five distance sensors, passes them through a 5–4–3–2 network (47 evolved values), and is evolved with 

a genetic algorithm that keeps the two best of 20 cars as parents. We re-examine the evaluation reported for it. Ten of 

eleven functional tests passed; the network and sensor display failed. On three tracks the share of cars finishing rose 

from 30%, 20%, and 10% in generations 1–10 to 70%, 50%, and 30% in generations 41–50, a growth of 1.00, 0.75, 

and 0.50 percentage points per generation that is almost perfectly linear (R² ≥ 0.98), and the open-ended window 

“51+” reaches 100%, 60%, and 40%. A generation took about 15 s and showed no trend over five generations. Mean 

FPS fell by 0.20 (high-end PC) and 0.32 (low-end PC) per added car, and only the low-end PC at 100 cars reached the 

30 FPS limit. Several reported values are mutually inconsistent, including identical memory columns for the two PCs 

that the accompanying chart contradicts. The system shows that the pipeline works on the tracks used for training; 

evidence of learning that generalizes, and of its cost, needs repeated runs, raw logs, and a held-out track. 
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This article documents a 2D car-navigation simulation in Unity that uses a neural network and a GA, 

and re-examines the evaluation reported for it. We ask three questions. (RQ1) Do the functional components 

of the simulation work as specified? (RQ2) How does the share of cars that finish a track change with 

generations on tracks of different difficulty, and how strongly do the reported numbers support a claim of 

learning? (RQ3) How does the computational cost scale with the number of cars on two machines, and 

which reported values are consistent? The contributions are a complete description of the controller and 

GA with the number of evolved values, a quantified reading of the accuracy and scalability results with 

linear trends and sampling uncertainty, and a list of internal inconsistencies in the source evaluation together 

with the data needed to resolve them. Section 2 describes the system and the evaluation, Section 3 reports 

and discusses the results, and Section 4 concludes. 

2. Method 
2.1.  Platform and materials 

The simulation is written in C# in the Unity game engine with Visual Studio; the neural network and 

the GA are implemented by hand, without a machine-learning library. Development and tests used a laptop 

with an Intel Core i5-11400H (2.70 GHz, 12 logical CPUs), 16 GB of RAM, and an NVIDIA GeForce 

RTX 3050 laptop GPU. Most of the project material, including the track pieces, car sprites, and the structure 

of the evolution scripts, was taken from a public Unity project by Samuel Arzt. The source does not give 

the project's licence, the parts taken beyond those listed, or the Unity version. 

2.2.  Development process 

The work followed an iterative cycle of requirements analysis, design, prototype, and testing, in the 

manner of rapid game prototyping [11]: if the prototype did not work, the cycle returned to requirements. 

Fig. 1 shows the controller and the evolutionary loop that came out of it. 

 
Figure 1. Controller (left) and evolutionary loop (right) of the simulation. 

2.3.  Controller 

Each car carries five forward-facing virtual sensors, implemented by ray casting, whose distance 

readings x ∈ R5 are normalized and fed to a network with two hidden layers of four and three neurons and 

two outputs, the steering (turn) and the engine command: 

 ℎ(1) = 𝜑(𝑊(1)𝑥 + 𝑏(1)), ℎ(2) = 𝜑(𝑊(2)ℎ(1) + 𝑏(2)), 𝑦 = 𝜑(𝑊(3)ℎ(2) + 𝑏(3)) (1) 

where W(l) and b(l) are the weights and biases of layer l and φ is the activation function. The source 

names only an “activation function” and gives neither its form nor the scaling of the outputs. A hyperbolic 

tangent in the output layer is the usual choice for steering and engine commands, since it keeps both outputs 
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in [−1, 1], from full left to full right and from full reverse to full throttle. With layer sizes n = (5, 4, 3, 2) 

the number of evolved values is 

 𝑃 = ∑ (𝑛𝑙−1 + 1)3
𝑙=1 𝑛𝑙 = (5 + 1) ⋅ 4 + (4 + 1) ⋅ 3 + (3 + 1) ⋅ 2 = 47 (2) 

that is 38 weights and 9 biases. A search space of 47 real values is small, which matters for the 

discussion of selection pressure in Section 3.3. 

2.4.  Genetic algorithm 

A generation starts with 20 cars with random weights [12]. All cars run until they hit a wall; the fitness 

of a car is the distance it covered along the track, measured through checkpoints. The two cars with the 

highest fitness become the parents. Their values are combined by crossover into 20 children, small random 

perturbations are added as mutation, and the children replace the population. The loop repeats for the chosen 

number of generations. Taking only the two best individuals is a form of truncation selection with the 

strongest possible pressure, unlike fitness-proportionate selection, which keeps weaker individuals in play 

[13], [14]. The source gives single-point crossover and “small noise” only as examples (“e.g.”). It does not 

state the crossover operator actually used, the mutation probability and magnitude, whether the parents 

survive into the next generation, the stopping rule, or the random seeds. 

2.5.  Evaluation design 

Functional test. Eleven cases were run once each, from the setup of tracks and cars to evolution and 

display [15]. Performance. Time per generation and CPU use were recorded over five generations. 

Accuracy. The accuracy of a generation window is the share of cars that reach the end of the track without 

hitting a wall; it was reported for ten-generation windows and an open-ended window “51+” on three tracks 

of increasing difficulty, starting from 50 random cars. Scalability. The number of cars was raised from 10 

to 100 on a “high-end” and a “low-end” PC, recording mean and minimum FPS, CPU, GPU, and memory; 

30 FPS was the lowest acceptable mean. 

We reanalyzed the reported tables as follows. Accuracy trends were summarized by least-squares slope 

in percentage points per generation against the window midpoints (5.5 to 45.5) and the coefficient of 

determination R², excluding the open-ended window. Scalability was summarized by the slope per added 

car. Because the number of cars behind each accuracy value is not stated, we illustrate the sampling 

uncertainty with the Wilson interval for a proportion [16] for an assumed single generation of n = 50 cars: 

 
𝑝+

𝑧2

2𝑛
 ± 𝑧√

𝑝̂(1−𝑝̂)

𝑛
+

𝑧2

4𝑛2

1+
𝑧2

𝑛

,  𝑧 = 1.96 (3) 

where p̂ is the observed share. Values in Tables 3 and 4 are those printed in the source; the generation 

timing and CPU values are read from the source charts (± one unit) because no table is given. The source 

provides no raw logs (per generation: fitness of each car, number of finishers, time, CPU) and does not say 

how many independent runs lie behind each reported value. 

3. Results and Discussion 
3.1.  Implemented simulation 

Fig. 2 shows the simulation. The track is a winding corridor with checkpoints (red dots); four tracks 

of different difficulty were prepared. Cars are drawn in red, the best car of the generation in green, and the 

second best in beige; the sensors appear as crosses ahead of the car, and the network of the best car is drawn 

in the corner with line thickness and color showing the size and sign of each weight. The interface also 

shows the turn and engine outputs, the evaluation value, and the generation counter. 
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Figure 2. The simulation: (a) one of the tracks with checkpoints; (b) generation 1 with the network panel; (c) the five 

front sensors of a car. 

 

3.2.  Functional test (RQ1) 

Ten of the eleven cases passed (Table 1). The failed case is the display of the network and sensors in 

the interface; the source does not describe the failure, although Fig. 2 shows both. Together with the 

conclusion of the source that the system “works well”, this means the failure is open and should be described 

and retested. The cases are single runs with valid input and check that components exist and respond, not 

that the evolved behavior is good, so a pass of the evolution cases means that selection, crossover, and 

mutation ran, not that they improved the cars. 

Table 1. Functional test of the simulation (one run per case). 

No Case Input or parameter Observed Result 

1 Track and car setup 4 tracks, 20 cars Initialized correctly Pass 

2 Initial generation Network and sensors on every car All cars initialized Pass 

3 Sensor operation Distance to obstacles Measured with high accuracy Pass 

4 Network decision Decision from sensor input Relevant decisions Pass 

5 Car movement Movement follows the network As expected Pass 

6 Collision detection Car and wall All collisions detected; car stopped Pass 

7 Fitness evaluation Progress along the track Computed from distance Pass 

8 Selection and crossover Two best cars chosen Best cars selected Pass 

9 Mutation Applied to the new generation Applied Pass 

10 New generation Cars placed on the track Initialized Pass 

11 Network and sensor display Shown correctly in the interface Not shown correctly Fail 
 

3.3.  Learning across generations (RQ2) 

Table 2 and Fig. 3 give the share of finishing cars. It rises monotonically on all three tracks, and the 

ordering follows difficulty: in generations 41–50 it is 70% on the easy track, 50% on the medium one, and 

30% on the hard one, against 30%, 20%, and 10% in generations 1–10. The first five windows grow by 

1.00, 0.75, and 0.50 percentage points per generation on tracks 1, 2, and 3 (R² = 0.98, 0.99, 1.00). 

Table 2. Share of cars finishing the track (%) by generation window, as reported, and the least-squares slope of the 

first five windows. 

Generations Track 1 (easy) Track 2 (medium) Track 3 (hard) 
1–10 30 20 10 
11–20 40 25 15 
21–30 55 35 20 
31–40 60 40 25 
41–50 70 50 30 
51+ 100 60 40 
Slope, windows 1–5 (points per generation) 1.00 0.75 0.50 
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Figure 3. Share of cars finishing the track by generation window. Thin lines: least-squares trend of the first five 

windows. 

Five points limit what these numbers can show. First, the growth is too regular: the slopes stand in the 

exact ratio 4 : 3 : 2 and the fits are almost perfect, whereas learning curves of a stochastic search are 

normally noisy and concave. This does not show that the values are wrong, since they may be averages 

over many runs, but it is what rounded or smoothed values would also look like, and without the raw logs 

it cannot be told apart. Second, the window “51+” has no upper limit and cannot be compared with ten-

generation windows; track 1 reaches 100% there, a jump of 30 points against steps of 5 to 15 before, which 

suggests a different aggregation or a different regime. Third, the number of cars behind each value is 

unknown. If one value stood for one generation of 50 cars, a single car would be 2 points and the 95% 

Wilson intervals would be wide: 30% (15 cars) has an interval of 19–44%, 20% of 11–33%, and 10% of 

4–21%, so the intervals of the three tracks in the first window would largely overlap. Fourth, window 

averages hide generation 1, the one point where the cars still have random weights, and a mean finishing 

share of 30% in the first ten generations means that evolution already acts strongly inside the first window. 

Fifth and most important, the cars are scored on the track they are evolved on. A rising share of 

finishers then shows that the population converges on a solution for that track, not that the system “adapts 

to different tracks and obstacles”, as the source concludes; no test puts an evolved population on an unseen 

track. Convergence is also what this algorithm is built for. With 47 evolved values, only two parents, and 

20 near-copies as children, diversity falls quickly, which fits a quick rise on the easy track and a plateau on 

the hard one, but this is a hypothesis: it would be tested by comparing with a larger parent pool or fitness-

proportionate selection [13], [14] and by logging population diversity. This answers RQ2: the pipeline 

improves the finishing share on the training tracks, but the reported figures do not allow an estimate of how 

fast, how reliably, or how well it transfers. 

3.4.  Computational cost (RQ3) 

Over five generations a generation took about 15 s (14–16 s) with no trend (slope −0.2 s per generation, 

p = 0.45), and mean CPU use was about 33% with peaks of 65–75% (Table 3). The old version of this 

article showed a different timing chart, with times of 0.4–1.0 s that grew linearly over 50 generations; it is 

not in the source and is not used here. Table 3 uses only the series printed in the source. A flat time per 

generation is plausible when a generation ends as soon as all cars have crashed, but then time depends on 

how long the best car survives and should rise as cars improve, so the flat series needs an explanation. 
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Table 3. Execution time and CPU use for five generations (values read from the source charts, ±1). 

Generation Time per generation (s) Mean CPU (%) Peak CPU (%) 
1 16 30 65 
2 15 32 70 
3 14 34 75 
4 15 35 70 
5 15 33 72 

 
Table 4 gives the scalability results for the two machines. Mean FPS falls linearly with the number of 

cars, by 0.20 FPS per car on the high-end PC and 0.32 on the low-end PC; CPU use grows by 0.26 

percentage points per car on both, and memory by about 3.9 MB per car. The high-end PC stays at 95 FPS 

or more up to 100 cars. The low-end PC reaches exactly 30 FPS in the mean and 25 FPS at the minimum 

at 100 cars, which is not above the stated limit; the source marks 100 cars as not scalable in its yes/no table, 

which agrees with the limit if that table refers to the low-end PC (the source does not say). The source lists 

the time of one network decision and of the GA step per generation as measured quantities but reports no 

values. 

Table 4. Scalability as reported: mean / minimum FPS, CPU (%), GPU (%), and memory (MB) for the high-end and 

the low-end PC. 

Cars FPS HE CPU HE GPU HE Mem HE FPS LE CPU LE GPU LE Mem LE 
10 115 / 105 5 5 150 60 / 55 20 25 150 
20 110 / 100 10 10 180 55 / 50 25 30 180 
30 105 / 95 15 20 250 50 / 45 30 35 250 
40 100 / 90 20 25 350 45 / 40 35 40 350 
100 95 / 85 30 35 500 30 / 25 45 50 500 

HE = high-end PC, LE = low-end PC. The hardware of the two PCs is not specified in the source. 

 
Figure 4. Scalability by number of cars on both PCs. In the memory panel the low-end series is plotted twice: from 

Table 4 (identical to the high-end series) and read from the source chart. 

Several of these values are inconsistent. (i) The memory column of the low-end PC is identical to that 

of the high-end PC (150–500 MB), whereas the source chart shows about 200, 250, 300, 400, and 600 MB 

for the low-end PC (Fig. 4). (ii) The table lists 10, 20, 30, 40, and 100 cars, but the chart plots 10, 20, 30, 

50, and 100; the text mentions 20, 50, 100, and 200 cars, and the yes/no table 10, 20, 30, 50, and 100. (iii) 

The minimum FPS is exactly the mean minus 10 at every car count on the high-end PC and minus 5 on the 

low-end PC, and the low-end CPU use equals the high-end value plus exactly 15 points at every count. 

Regularities of this kind arise when values are rounded, smoothed, or filled in by hand, and a profiler seldom 

produces them. (iv) The configurations of the “high-end” and “low-end” PCs are not given. We therefore 

treat the scalability results as indicative only. Table 4 and Fig. 4 reproduce the values as printed in the 

source; profiler logs, the hardware of both PCs, and one common set of car counts would be needed to 

replace them. 
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3.5.  Limitations 

We did not run the simulation, and the code was not available to us, so everything rests on the source 

tables, charts, and screenshots. The evaluation has no repeated runs or random seeds, no variance, no 

comparison with a baseline, such as random search, a hand-written steering rule, or a different GA setting, 

and no held-out track. Fitness, accuracy, and the finishing criterion are described in words only. The study 

does not compare against neuroevolution of topologies [10] or reinforcement learning [3], and the tracks 

are few. These limits restrict the claims to what the pipeline demonstrably does: a GA with two-parent 

truncation selection evolves a 47-value controller that completes the training tracks to a growing degree. 

4. Conclusion 
The simulation shows that a 5–4–3–2 neural network evolved by a genetic algorithm can drive cars 

around 2D tracks in Unity, and ten of eleven functional tests passed. The reported finishing shares rise with 

generations on three tracks of increasing difficulty, but they grow almost exactly linearly, the number of 

cars and runs behind them is unknown, the cars are scored on the tracks they evolve on, and the scalability 

tables contain regularities and contradictions that raw logs would have to resolve. The claims of adaptation 

to different conditions and of efficient scaling are therefore not yet supported. 

The next study should publish the code and the logs, report mean and variance over repeated runs with 

fixed seeds, add a held-out track, compare two-parent truncation with a larger parent pool and with fitness-

proportionate selection, and measure time per generation and per network decision with a profiler on 

documented hardware. 
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