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Abstract

Keyword: Image Classification, Genetic Programming, Loss Function, Deep Learning

In the recent, with the rapid rise of deep learning, image classification models have quickly

become one of the most popular and widely known models. When training such models, the

steps are broadly divided into the following: preparing image datasets, dividing them into train-

ing, validation and testing sets as needed, training themodel, evaluating themodel, and repeating

these steps until the ideal result is met or the computational resources are exhausted.

A crucial function during the process of training a model is called the loss function, which

calculate the difference between the predicted values and the ground-truth values. The results

of the loss function can significantly influence the effectiveness of the model’s training because

it simply decides the direction of the adjustment to the model. However, designing a loss func-

tion often requires the assistance of experts in the related field, leading to a resource-intensive

design process. Recent research has proposed using Genetic Programming (GP) to generate loss

functions to avoid the necessity of hiring numerous domain experts for assistance. Nevertheless,

using this kind of algorithms typically result in decreased computational efficiency. This study

aims to improve the efficiency of this class of methods by incorporating the concept of a sample

tournament into the existing selection mechanism of GP. Additionally, we refine the crossover

method to enhance population diversity. By implementing these modifications, we ensure the

necessary randomness in the selection process, effectively reducing the likelihood of repeatedly

selecting the same top-performing individuals for genetic operations.

The experimental findings demonstrate that the implementation of the proposed algorithm

substantially decreases execution time while preserving comparable performance outcomes. In

particular, the algorithm yielded execution time reductions of 64% and 62.9% in small-scale and

large-scale experiments, respectively. Furthermore, in large-scale settings, model accuracy was

enhanced by 9% on the CIFAR-10 dataset and by 7% on the CIFAR-100 dataset.
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Chapter 1 Introduction

After several decades of development, deep learning [1] technology has achieved signif-

icant breakthroughs in the last ten years, largely due to the remarkable improvements in GPU

computational power. Consequently, the predictive and analytical capabilities of models have

achieved substantial advancements. Numerous models have been launched by major companies

and applied in practical scenarios, leading to significant changes in our daily lives.

When it comes to training deep learning model, we usually refer to the following steps: col-

lecting relevant data and organizing it into datasets, partitioning the datasets into training and

validation sets as needed, initializing model parameters, training the model, evaluating the per-

formance of themodel, adjusting themodel parameters, and repeating the training until the target

is achieved or computational resources are exhausted. During the evaluation of the model’s per-

formance, we use a function called the loss function [2]. Its purpose is to calculate the difference

between the model’s predicted results and the ground truth, which helps model adjust its param-

eter to better fit the target. Therefore, different loss functions can influence the direction of

model adjustments, significantly impacting the final outcomes of the model.

However, the design of a loss function is often closely related to the propose of the model

[3]. In other words, different models may require experts from specific fields to assist in design-

ing the loss function to enhance the speed and effectiveness of model training. Nevertheless,

recent research has shown that it’s feasible to use genetic programming (GP) [4] to automatically

generate loss functions. Due to the domain-independent nature of GP, it allows us to develop an

algorithm that can automatically create the required loss function without needing specialized

knowledge in that particular field. Although such methods are not a primary focus within the

deep learning research domain, a prior study [5] has demonstrated that designing and utilizing

novel loss functions, which departs from conventional model tuning practices, can serve as an

effective approach for improving deep learning performance. However, we observed that these

algorithms typically demand substantial time and computational resources to construct and eval-

uate the loss functions. Therefore, we aim to refine certain mechanisms introduced in earlier

work to reduce execution time while maintaining comparable performance. Before presenting
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our proposed method, we first provide a brief overview of GP.

The operation mode of GP can be simply divided into the following steps: Representing

the solution we hope to find (which may be a value or a function) in an encoded form, then

forming these solutions into a population. After evaluating the whole population, we perform

genetic operations (e.g., mutation or crossover) on the population’s solutions, reevaluate them,

and repeat the above steps until the target is achieved or computational resources are exhausted.

Although the computational power of GPUs today is far superior to that of the past, both

training models and using GP to find solutions still require substantial computational resources

and time to achieve a decent result. In this paper, an efficiency-oriented GP algorithm is pro-

posed to reduce the computational resources and the time required to search for the optimal

solution while maintaining the same level of effectiveness. We aim to improve the genetic op-

eration part of the existing GP framework by referencing the concept that offspring in a better

living environment can usually receive better care and extending the concept of randomness.

We modify the GP operations so that only a select number of high-scoring individuals

are eligible to perform genetic operations. Additionally, we refine the crossover method to

enhance population diversity. Our approach consists of the following steps: first, a certain

proportion of offspring is randomly selected from the population. From this subset, a fixed

ratio of top-performing individuals is chosen to undergo genetic operations. This randomized

selection prevents the same individuals from being repeatedly selected, allowing a broader range

of offspring the opportunity to improve.

Regarding crossover, unlike previous study [5] that involve selecting either an abandoned

individual or an existing individual to perform crossover with the chosen individuals, our ap-

proach utilizes either a newly generated individual or an existing individual as the second parent

in the crossover process. By implementing this method, we aim to further enhance population

diversity.

Experimental results demonstrate that the aforementioned improvements allow the pro-

posed method to achieve comparable performance to peer algorithms while reducing computa-

tional time by approximately 57.9% to 64%. Moreover, in large-scale experiments, our method

exhibits a 9% increase in accuracy on CIFAR-10 and a 7% increase on CIFAR-100 compared
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to peer algorithms.

The structure of this paper is as follows: Chapter 2 is related work. This chapter provides

a comprehensive overview of the development and history of GP, a detailed explanation of loss

functions and their role in deep learning models, an analysis of how loss functions are randomly

generated through GP, and a review of image classification along with its most commonly used

loss functions. Chapter 3 is proposed algorithm. In this chapter, we will explain the flowchart

of the algorithm implemented in this paper. After that, we will then describe the software and

hardware requirements, the experimental environment setup and the pseudo code of this method.

Finally, we will provide an in-depth explanation of themethod used in this paper. Chapter 4 is re-

sult and analysis. This section provides a detailed explanation of the experimental methodology

and presents our results. Subsequently, we analyze the findings by organizing the experimental

data into tables and figures, allowing for a direct comparison with peer algorithm. Finally, we

interpret the outcomes and examine the reasons our algorithm achieves comparable results while

significantly reducing computational resource consumption. Chapter 5 is conclusion and future

work. In this chapter, we will provide the conclusion of this paper by outlining the contribution

we have made so far. After that, we would like to discuss potential directions for future research

or possible way to apply this algorithm in practical.
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Chapter 2 Related Work

In the following sections, we will introduce the concept of metaheuristics [6], [7] . Then,

we will discuss the importance of loss functions and their role in deep learning [1] models.

Finally, we will explore image classification [8] and its real-life applications.

2.1 Metaheuristic

In the following section, we will discuss metaheuristic and some of the most famous meta-

heuristic algorithms include Evolving Algorithm (EA) [9], Genetic Algorithm (GA) [10], and

Genetic Programming (GP) [4]. After that, we will introduce related research in the GP domain.

2.1.1 Overview of Metaheuristic

Metaheuristic [11] was first proposed by Glover. It can be regarded as a high-level proce-

dure used to find solutions to optimization problems or other issues that conventional algorithms

cannot solve. Within metaheuristics, an important concept is that these procedures must find a

potentially optimal solution under reasonable computational costs or insufficient information.

In this paper, we will primarily focus on nature-inspired metaheuristics [6]. In these methods,

a common approach is to use a population-based strategy to find the optimal solution. Within a

population, each individual typically represents a potential solution. We perform various opera-

tions on the individuals within the population to achieve our goal of approximating the optimal

solution. A subset of specialized algorithms falls under population-based methods [12], com-

monly referred to as evolving algorithms (EAs). Commonly used methods within EAs include

genetic algorithms (GA), genetic programming (GP) , evolutionary programming (EP) [13], and

differential evolution (DE) [14]. The relationship between Metaheuristic, EA, GA, GP, EP and

DE is illustrated in the figure 2.1. We will briefly discuss EAs and GAs, and then we will focus

primarily on GPs in the following paragraph.
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Figure 2.1 Relationship between metaheuristic, EA, GA, GP, EP, and DE

2.1.2 Evolving Algorithms

EAs can be described as algorithms inspired by the concept of ”survival of the fittest [15].”

These algorithms often take cues from natural evolutionary mechanisms to create algorithms

that mimic animal behavior in the search for optimal solutions. Common examples include Ant

Colony Optimization (ACO) [16], GA, and Particle Swarm Optimization (PSO) [17]. The com-

mon EA procedure is shown in figure 2.2. In this type of algorithm, the typical approach is to

initialize a population, which consists of several individuals. Each individual represents a po-

tential optimal solution. After initializing the population, a special function is used to calculate

the fitness value of each individual, determining their level of excellence. Then we set a num-

ber to represent how many generations we want this population to evolve. Next, we perform

selection, mutation, and crossover on the population. Selection involves choosing individuals

based on their fitness to reproduce the next generation. Mutation generally refers to making ran-

dom changes to an individual, while crossover combines the characteristics of two individuals

to create the next generation. Following that, we will conduct an evaluation of the newly created

individuals. These steps are repeated until the predefined number of generations is reached, or

the individuals fail to achieve the expected results, leading to a forced stop. Ultimately, the best

individual in the population is obtained as the solution.
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Figure 2.2 Flowchart for EA

2.1.3 Genetic Algorithms & Genetic Programming

GA is considered a type of EA, utilizing the representation of each solution in the form of

chromosomes to perform selection, mutation, and crossover. GP is regarded as a special case of

GAs, but due to its versatility and practicality, it is seen as a reliable solution. Unlike GAs, GP

typically uses a more robust encoding method to represent chromosomes. For instance, GAs

often use strings to represent chromosomes, which can present potential issues that need to be

addressed, such as the priority of operations for each symbol or the validity of the equation

itself. As shown in the figure 2.3, if we want to express the function (x+ y)÷(5 ∗ x) in GA, the

chromosome representation of this function will be x+y ÷ 5∗x. Without the proper parentheses,

it can easily cause confusion. In contrast, GP usually represents chromosomes as trees, a method

that can employ predefined traversal techniques to avoid these issues. As illustrated in the figure

2.3, the same function represented by GA can be expressed through a tree structure in GP. By

specifying the use of inorder traversal, we can obtain the same function. It is worth noting that in

GAs and GP, we can leverage their inherent ability to evolve automatically to find a reasonable

optimal solution without having an in-depth understanding of the knowledge domain related to

the problem we aim to solve. In the following paragraphs, we will introduce related research.

In [18], Co-Reyes et al. proposed a meta-learning reinforcement learning algorithm. They
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Figure 2.3 Different chromosome representation between GA and GP

used computational graphs to represent algorithms. By doing so, algorithms could be identified,

calculated, and optimized through Reinforcement Learning (RL) [19]. Notably, in this study, al-

gorithms were represented as directed acyclic graphs (DAG) [20] of nodes. Within the DAG , all

nodes were classified into three categories: input nodes, parameter nodes, and operation nodes.

Once the algorithms were represented as DAGs, they could be placed into RL for training and

evaluation. In this proposed algorithm, they employed the concept of regularized evolution [21]

to evolve a population formed by several randomized and known algorithms. The method was

as follows: initialize the population with algorithms, evaluate each algorithm in the population

and record their performance, then in a loop, repeatedly use a sample tournament [22] to select

algorithms, perform mutations on the algorithms by the mutator they designed, and evaluate

them again until the loop ends. During the evaluation process, they trained and assessed the al-

gorithms using RL, continuously testing the performance of each algorithm in different training

environments. They also utilized normalized training performance to avoid numerical biases

caused by varying environments. Through this approach, the study successfully created two

algorithms, named DQNClipped and DQNReg, which outperformed classical control tasks.

In [5], Akhmedova and Körber proposed a genetic programming-based method to find a

better function for the image classification training task. They encoded the loss functions into

trees, with each tree considered an individual. All individuals were aggregated into a popula-

tion. In this study, the population was evolved across multiple generations. Before the start of

each generation, all individuals were evaluated. Each individual had a probability of undergoing

crossover with an individual from a special external archive to create a new individual; other-
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wise, it would perform the crossover with another individual. Following this, two probabilistic

decisions were made. If successful, the new individual could perform subtree mutation or one-

point mutation, respectively. At the end of each generation, the fitness value of all individuals

was re-evaluated. A certain number of low-scoring individuals were eliminated to the special

external archive mentioned earlier, maintaining the stability of the population’s size. After these

steps, a new generation began, continuing until a predefined number of generations was reached.

By employing this method, this study successfully evolved an outstanding individual within the

population, creating a function that could train an image classification model more effectively

compared to Cross Entropy (CE) [23].

2.2 Loss Function

In this section, we will first introduce deep learning model and explain how does it work.

Secondly, we will discuss the importance of loss function and present some related researches.

2.2.1 Deep Learning Model

In recent years, due to the significant increase in the computational speed of GPUs, training

deep learning models to solve a wide variety of problems has become widely regarded as a

feasible and popular solution. The process of training a deep learning model is often divided

into several steps: collecting the data needed to train the model, and adding ground truth values

to the data according to the model’s requirements. Ground truth can be thought of as the ideal

answers we hope to achieve after the model’s computation. Once the data collection is complete,

these data sets are collectively referred to as the dataset. Typically, the dataset is divided into

training sets, validation sets, and testing sets. Data from the training set are used to train the

model, the validation set is used to evaluate the model’s effectiveness after each training loop,

and the testing set is used to calculate the model’s final score and determine whether the model

successfully achieves its designed purpose. It is worth noting that the testing set data should

not be seen during training and validation phases. After dividing the dataset, we decide on the

model’s architecture. Common architectures include Fully Connected Networks (FCN) [24] and
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Convolutional Neural Networks (CNN) [25], etc. Then the training process can begin. During

training, we compare the model’s output with the ground truth of the training data and use a loss

function to calculate the difference between the output and the ground truth. This guides the

adjustment of the model’s parameters. Therefore, the loss function significantly determines the

effectiveness of model training, and this aspect will be explained further later. After adjusting

the model, the next round of training begins, continuing until the training is deemed ineffective

or a predetermined maximum number of iterations is reached.

2.2.2 Loss Function in Deep Learning Model

In section 2.2.1, we discussed the role of loss functions in deep learning models. Here, we

would like to introduce some commonly used loss functions along with their advantages and

disadvantages. Mean-Square Error (MSE) [26] is a loss function used for solving regression

problems. It calculates the difference between the actual and predicted values, squares them,

and then takes the average of these squared differences to obtain the final loss value. How-

ever, a notable disadvantage of MSE is that it amplifies the impact of outliers exponentially.

Cross-Entropy (CE), unlike MSE, leverages probability concepts to help compute the error in

classification tasks. In other words, CE measures the difference between the predicted proba-

bility and the true probability to calculate the error. CE can also be adapted to different types

of classification tasks to better suit their requirements, with common variants including Binary

CE Loss [27] and Multiclass CE Loss [28].

From the above paragraphs, it seems that using a single type of loss function to train all

models is considered impractical. Therefore, researchers design different loss functions based on

specific needs to calculate more appropriate loss values for the model. As the introduction above

indicates, designing a loss function requires an in-depth understanding of the model and a clear

grasp of how to define and calculate the loss value. Consequently, designing a loss function,

similar to adjusting hyperparameters or model architecture, is considered as a challenging task

that needs a deep understanding of the domain for effective design and adjustment.

In [29], Gonzalez and Miikkulainen proposed a meta-learning approach to create a loss

function called Genetic Loss-function Optimization (GLO). Through their research, the authors
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experimentally found a loss function named de novo, created by GLO, outperforms the well-

known CE loss in standard image classification tasks. Additionally, because GLO enables train-

ing to be completed in fewer steps, this method also enhances the speed and efficiency of the

training process.

In [5], Akhmedova and Körber utilize GP to create a loss function that outperforms CE in

image classification. The method described in the paper led to the creation of a loss function

named Next Generation Loss (NGL). When trained with the Inception model, NGL outperforms

CE on datasets such as CIFAR-10 [30], CIFAR-100 [31], and Fashion-MNIST [32]. Addition-

ally, it demonstrates excellent performance on larger datasets like ImageNet [33]. Furthermore,

NGL is also effective in improving model performance in segmentation downstream tasks.

From the above paragraphs, we can observe that numerous studies indicate that in image

classification tasks, if a well-designed loss function is developed, it has the potential to outper-

form the most famous and widely regarded as the most effective CE loss function. However,

as mentioned earlier, designing a loss function is usually considered a resource-intensive task.

Therefore, the two studies discussed above have begun to use genetic programming to enable

computers to automatically design a loss function that can effectively collaborate with a model

in a specific domain and significantly improve the model’s performance.

2.3 Image Classification

Image classification is a technique in computer vision that enables computers to identify

what object present in an image. This technology is often used with image localization [34].

Image localization determines the location of objects within an image, using bounding box [35]

to enclose the areas where the objects are found. Additionally, object detection [36] is a similar

technique to image classification and image localization. Unlike image classification and image

localization, which focus on identifying one label per image, object detection can identify multi-

ple labels in a single image. The difference between image classification, image localization and

object detection is illustrated in the figure 2.4. We can see that image classification is capable

of recognizing which label the entire image belongs to, whereas image localization identifies
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which specific regions of the image belong to which labels. Object detection is a more complex

technique, which can identify multiple labels and also mark the object by using bounding boxes.

Figure 2.4 Difference between image classification, image localization and object detection

In image classification, the most common types are binary classification [37], multiclass

classification [38] and multilabel classification [39]. As the name implies, in binary classifi-

cation, there are only two possible outcomes when identifying an image. For instance, if the

model’s labels are cat and dog, the prediction can only be either a cat or a dog. Conversely,

multiclass classification means that the image can belong to multiple possible classes instead

of two classes. Using the previous example, the prediction in multiclass classification could

be a cat, dog, elephant, snake, or other different animals, rather than choosing between just two

labels. It is important to note that the final prediction in both binary and multiclass classification

will result in only one label. If an image needs to have multiple labels, a different type of image

classification model is required, such as a multilabel model.

The process of training an image classification model is generally similar to what is de-

scribed in section 2.2.1 on Deep Learning. In image classification, commonly used datasets

include: ImageNet [40], CIFAR-10, CIFAR-100, and MNIST [41]. It’s worth mentioning that

we often perform preprocessing on images. Common preprocessing techniques include image

cropping, image resizing, and image normalization. Image cropping is a technique that removes

the unnecessary parts of the image. Through image cropping, the irrelevant parts of the image

will be removed. As shown in the figure 2.5, the pink area in the original picture is removed
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to prevent model from learning the useless information. Image resizing ensures that all images

are of the same size, which helps improve computational speed. However, there is a potential

risk of degrading the model’s performance by using image resizing [42]. Hence, the size of the

resized images is typically determined based on actual requirements. Normalizing images also

helps the model learn from each image more effectively. After preprocessing, we usually use

pretrained models instead of designing a new model architecture from scratch. This approach

enhances computational efficiency and results. Common image classification models used in-

clude InceptionV3 [43], ResNet [44], and others.

Figure 2.5 The process of image cropping

In the real world, image classification can be applied in many areas. For example, it can be

used in medical imaging to identify tumors in X-rays. It can also be employed in autonomous

vehicles to quickly recognize objects surrounding the vehicle. Facial recognition is another

application of image classification, used for company access control and as a method to unlock

personal devices such as phones or computers.
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Chapter 3 Proposed Algorithm

In this chapter, we will introduce the architecture and flowchart of our algorithm. Next,

we will provide an in-depth explanation of our proposed algorithm, including the underlying

concepts and the rationale behind our approach. Subsequently, we will present a detailed de-

scription of our software and hardware specifications, as well as the setup procedures. Finally,

we will execute the experiment and describe how we implemented our concept and successfully

completed the entire experiment.

3.1 Main Method

On our existing hardware, we use Windows 11 as our operating system. In addition, we

use Python 3.9.18 as the programming language for this research. Based on Python 3.9.18, the

main packages we use are TensorFlow, NumPy, and Scikit-learn.

In previous research [5], we observed that genetic operations are performed on the entire

population, requiring the evaluation of the entire new population after each complete set of

genetic operations. However, the evaluation process is time-consuming. Therefore, in this study,

we will employ the concept of a sample tournament to select certain individuals rather than

the entire population for genetic operations. By doing so, we only need to evaluate the newly

generated individuals. Figure 3.1 illustrates the conceptual flowchart of this study.

As illustrated in the figure 3.1, we initialize a population consisting of P individuals before

commencing the experiment. Once initialized, we evaluate all individuals, store their scores,

and identify the best score for subsequent analysis and research. The process then enters a loop,

continuing until the generation number reaches the specified value. Initially in this loop, we

use a sample tournament to randomly select N individuals from the population, followed by

choosing the top X individuals for genetic operations (crossover and mutation). The offspring

of these X individuals are then evaluated and added to the population. We update the best-

performing individual and remove the poorly performing individuals until the population size

returns to P . Upon concluding the loop, we generate the best-performing loss function and
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conclude the experiment.

Figure 3.1 FlowChart for efficiency-oriented GP

3.2 Implementation Details

To implement our experiment, the hardware and software requirements are first defined in

Section 3.2.1. Next, the environment setup steps are described in Section 3.2.2. Finally, the

implementation steps are explained in Section 3.2.3.

3.2.1 Requirements

Table 3.1 outlines our software requirements. Our code execution environment isWindows

11. We utilize Python version 3.9.18 and TensorFlow version 2.6.0. The specific packages used
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within Python and TensorFlow are detailed in Table 3.2.

Table 3.1 Software requirements
Software Type Software Name Version
Operating System Windows 11
Programming Language Python 3.9.18

Table 3.2 Python package requirements
Package Name/Version Imported from License
tensorflow/2.6.0 N/A Apache License 2.0
numpy/1.20.3 N/A Modified BSD License
cudnn/8.2.1 N/A [45]
os N/A [46]
copy N/A [46]
time N/A [46]
math N/A [46]
random N/A [46]
datetime datetime [46]
cmp_to_key functools [46]
Sequential tensorflow.keras.models Apache License 2.0
Dense tensorflow.keras.layers Apache License 2.0
Flatten tensorflow.keras.layers Apache License 2.0
Dropout tensorflow.keras.layers Apache License 2.0
UpSampling2D tensorflow.keras.layers Apache License 2.0
BatchNormalization tensorflow.keras.layers Apache License 2.0
InceptionV3 tensorflow.keras.applications.inception_v3 Apache License 2.0
preprocess_input tensorflow.keras.applications.inception_v3 Apache License 2.0
ReduceLROnPlateau tensorflow.keras.callbacks Apache License 2.0
to_categorical tensorflow.keras.utils Apache License 2.0
train_test_split/1.5.2 sklearn.model_selection BSD 3-Clause
ImageDataGenerator tensorflow.keras.preprocessing.image Apache License 2.0
np_config tensorflow.python.ops.numpy_ops Apache License 2.0

Table 3.3 presents our hardware requirements. The computer we used to execute our code

is equipped with a 13th Gen Intel(R) Core(TM) i7-13700 CPU, 32GB of memory operating at

a frequency of DDR5-5600MHz, and an NVIDIA RTX A2000 12GB GPU to meet our compu-

tational needs.

3.2.2 Environment Setup

The following section will describe how to properly set up the environment we used to

conduct our experiment. First, we used Anaconda as our package management tool for the im-
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Table 3.3 Hardware requirements
Hardware Type Name
CPU 13th Gen Intel(R) Core(TM) i7-13700
Memory DDR5-5600MHz 32 GB
Graphic Card NVIDIA RTX A2000 12GB

plementation. Therefore, you must first visit the Anaconda official website (https://www.

anaconda.com/download) to download the software. As shown in figure 3.2, click the Down-

load button to complete the download.

Figure 3.2 Anaconda official website

After installation, we need to create a new environment to ensure the independence of all the

packages. In Anaconda prompt, enter conda create --name environment-name to create a

new environment, as shown in figure 3.3. Next, enter conda activate environment-name

to activate the environment just like the first prompt entered in figure 3.5.

Since directly installing TensorFlow may result in the installation of incompatible versions

of NumPy, we first use the command shown in figure 3.4 to download version 1.20.3 of NumPy:

conda install numpy=1.20. Afterward, we can install the GPU version of TensorFlow by

entering the following command in the Anaconda prompt: conda install tensorflow-gpu,

as shown in figure 3.5. Finally, we need to download Scikit-learn to split the dataset during the

model training process. As shown in figure 3.6, enter the following command to complete the

final installation step: conda install scikit-learn.
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Figure 3.3 Conda prompt for creating new environment

Figure 3.4 Install numpy in conda environment
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Figure 3.5 Install tensorflow in conda environment

Figure 3.6 Install scikit-learn in conda environment
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3.2.3 Implementation Steps

Based on the architecture we introduced on section 3.1, the pseudo code of this algorithm

is presented as below.

Algorithm 1 Efficiency-based GP to generate loss function
1: Initialize: P , T , G = P ∗ 3/4, N = G/2, Cr = 0.5,MST = 0.3,MN = 0.1
2: Randomly initialize population which include P trees
3: Evaluate the fitnesses for each individual in the population
4: Determine the best individual
5: while generation number < T do
6: S = Sample tournament G ∼ Uniform (P)
7: Select top N trees from S to form a set X
8: for Individual in X do
9: if rand1 < Cr then
10: random_individual = Randomly select a individual in X except Individual
11: else
12: random_individual = Randomly generated tree
13: end if
14: generated_child = Crossover(Individual, random_individual)
15: if rand2 < MST then
16: Apply subtree mutation to the generated_child
17: end if
18: if rand3 < MN then
19: Apply one-point mutation to the generated_child
20: end if
21: Evaluate the fitness for generated_child
22: Append generated_child to the population
23: end for
24: Update the best individual
25: Select P best trees from population to form a new population containing P trees
26: end while
27: return Best individual in the population

Initially, we will initialize all the necessary parameters (line 1). P represents the number

of individuals that can exist within a population. T denotes the number of generations our

experiment will go through. G indicates the number of individuals selected from the population

for comparison in a single sample tournament, from which the top-performing N individuals

will be chosen for genetic operations. Cr is the probability that an individual will select different

types of crossover methods (lines 9-13). MST represents the probability that an individual will

apply subtree mutation (lines 15-17). MN denotes the probability that an individual will apply

one-point mutation (lines 18-20).

Next, before officially starting, we will generate P trees (line 2). Each generated tree will

have a height between 2 and 100. The leaf node will be randomly selected from real numbers,

19



ypred or ytrue. The root and other nodes will be randomly chosen from the set of operations: +,

−, ∗, /, ∗(−1), √, log , exp , sin , or cos . These trees, as depicted in the right-side diagram

of figure 2.3, each represent a unique loss function. It is important to note that the tree must

include at least one instance of ypred and ytrue, and the loss value produced by the generated loss

function should fall within a reasonable numerical range, specifically between 10−5 and 105.

If the resulting loss value lies outside this predefined interval, either being excessively small

or excessively large, we consider the loss function to be numerically unstable or unsuitable for

training. In such cases, the loss function is discarded and replaced with a newly generated one

in order to preserve the validity and reliability of the optimization process. Subsequently, we

will use the evaluation method from Next Generation Loss Function for Image Classification

[5] to evaluate each tree in the population (line 3) and determine the best individual (line 4).

The purpose of this paper is to accelerate the execution speed of the algorithm which can

generate a decent loss function. Hence, we introduce the concept of a sample tournament (line

6). By employing random sampling, we reduce the number of newly generated individuals.

Consequently, this reduction decreases the number of evaluations required, thereby shortening

the overall execution time of the algorithm. From the set S generated by the sample tournament,

we select the top-performing N individuals (line 7) for genetic operations and evaluation.

Before performing crossover, we will determine how to choose the second parent for the

crossover: we first randomly generate a decimal number between 0 and 1. If this number is less

than Cr, we will randomly select another individual from setX to act as the parent. Otherwise,

a new individual will be randomly generated to act as the parent for this crossover (lines 9-13).

The logic of the crossover (line 14) is as follows: we will select a node from both the individual

and the random_individual, and treat the node from the random_individual as the root to

produce a subtree. Then, we will also pick a random node from the individual as another root,

delete this root and its subtree, and replace it with the subtree from random_individual, thereby

completing the crossover.

We utilize the generated_child produced during the previous crossover process to per-

form mutation. Mutation is divided into two parts: subtree mutation (line 16) and one-point

mutation (line 19). Before starting the mutation process, we use random probabilities, similar to
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the crossover process, to determine whether to perform subtree mutation (line 15) or one-point

mutation (line 18). The logic of both methods is fundamentally similar. For one-point mutation,

a node other than the root is randomly selected from the generated_child. This selected node is

then randomly replaced with one of the following operators: +, −, ∗, /, ∗(−1), √, log , exp ,

sin , or cos . This process completes the one-point mutation. The logic of subtree mutation is

similar to that of one-point mutation. However, instead of merely modifying the selected node,

the node along with its subtree is deleted. It is then replaced with a newly generated random

subtree, thereby completing the subtree mutation.

Following the sample tournament, crossover, and mutation processes, we evaluate (line

21) the newly generated individual and append it to the population (line 22). At the end of each

generation, we select the top-performing P individuals and eliminate the others to maintain a

constant population size (line 25). After all generations have concluded, we obtain and return

the best-performing individual (line 27).
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Chapter 4 Result & Analysis

4.1 Experiment

4.1.1 Experiment Method

In our experimental design, two distinct configurations were employed: a small-scale set-

ting and a large-scale setting. The primary differences between these settings are the number of

training epochs and the generation number which denotes the number of generations executed

within the genetic programming process.

As shown in table 4.1, in the small-scale experiment, we set the generation parameter to

4 and the population parameter to 8. Each dataset was trained for 6 epochs. In contrast, in

the large-scale experiment, we configured the generation parameter to 12 while keeping the

population parameter at 8, and each dataset was trained for 10 epochs.

Table 4.1 Algorithm parameter settings
Population Training epochs Generation number

Small scale 8 6 4
Large scale 8 10 12

The experimental procedure is illustrated in algorithm 2. Initially, we trained three new

model for three different datasets by using cross-entropy as the loss function and stored loss

values. Subsequently, we initialized the required population for our experiment and stored it

accordingly. Once the population was initialized, we created an exact copy of it. This duplicated

population was then used to execute the NGL algorithm, during which we recorded execution

time along with other relevant data. Following this, we used the same initial population to

execute our own algorithm, ensuring that execution time and other pertinent information were

logged as well.

It is worth emphasizing that all code was executed in a single instance to minimize the

influence of randomness on our results. Since random values vary between different executions,

conducting all computations in a single run helps mitigate the impact of such randomness on the
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experiment. Additionally, by using the same population for both algorithms, we aimed to further

reduce the variability introduced by random number generation.

Lastly, we would like to clarify that the starting point for time measurement was the exact

moment immediately after the population was duplicated, rather than the moment when the

population started initializing. This approach ensures a fair comparison of the computational

time required for both algorithms to complete their respective executions.

Algorithm 2 Experiment procedure
1: Train three new model for three datasets by using Cross Entropy Loss and store the loss

values.
2: Initialize population P
3: Copy population P to P1

4: Start record time T1

5: Execute NGL using population P1

6: Stop record time T1 and output result for NGL
7: Start record time T2

8: Execute our code using population P
9: Stop record time T2 and output result for our code

4.1.2 Experiment Result

Before delving into the analysis of the experimental results, we first provide a detailed

explanation of the evaluation criteria employed in this study. Among the various metrics con-

sidered, Average Improvement is designated as the primary evaluation standard. This metric,

which has also been utilized in previous studies [5], serves as a key indicator for assessing the

quality of the generated loss functions. Specifically, Average Improvement is computed by com-

paring the loss values obtained from the generated loss functions against those derived from the

CE loss function. The rationale behind this comparison lies in the assumption that a superior

loss function should yield lower loss values during training, thereby indicating better perfor-

mance. A higher Average Improvement score thus signifies a more effective and higher-quality

loss function, suggesting that the generated function leads to more favorable learning outcomes

when used in training neural networks.

The procedure for computing the Average Improvement is briefly described in Algorithm

3. In addition, a small x-axis bias was introduced to each data point in figures 4.1 through 4.4

to improve visual clarity, as the ”win over generation” segments in these figures often exhibit
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overlapping elements.

Algorithm 3 Average Improvement Calculation Algorithm
1: Input: CIFAR-10, FashionMNIST, CIFAR-100 datasets, CE loss values, newly generated

loss function L.
2: Train InceptionV3 model from scratch on these three datasets by loss function L and store

the corresponding loss values.
3: Compare the loss values from the new model with the CE errors for each of the three

datasets.
4: if all three loss values of the new model are higher than their respective CE errors then
5: Calculate the average of negative improvements across all three datasets.
6: Return: Average of the negative improvements.
7: else
8: Calculate the average of the improvement(s) for the dataset(s) where the loss value is

lower than the CE error.
9: Return: Average improvement.
10: end if

4.1.2.1 Small Scale

Figure 4.1 illustrate the performance of our proposed algorithm in the small-scale setting.

The figure depicts the evolution of the Average Improvement over the course of 4 generations,

with each generation consisting of 8 individuals.

In the course of our experiment, it can be observed that not all individuals within the popu-

lation undergo genetic operations during each generation. Instead, a selection mechanism based

on sample tournament is employed, whereby only a subset of individuals, specifically the top

50% selected through the tournament process, are eligible to participate in genetic operations.

As a result of this selective evolutionary strategy, improvements in fitness or performance are

typically confined to a limited portion of the population in each generation. The remaining

individuals either retain their existing performance levels or exhibit no significant change.

It is worth noting that individuals are not ranked at generation 0; therefore, evaluations of

the best individual should be based on results starting from generation 1. Additionally, it can

be observed that certain individuals occasionally exhibit a decrease in Average Improvement.

This occurs because the final evaluation prioritizes the number of dataset wins as the primary

criterion, with Average Improvement considered only subsequently. As a result, as shown in the

lower part of figure 4.1, when the Average Improvement of an individual declines, the number

of wins for that individual inevitably increases.
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Figure 4.1 Small-scale result
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4.1.2.2 Large Scale

Figure 4.2 presents the results of our algorithm in the large-scale setting. In this scenario,

we increased the number of generations to 12 and the training epochs to 10, while maintaining

a population size of 8 individuals.

In the large-scale setting, we observe a similar trend to that of the small-scale experiment,

wherein the performance at the initial stages tends to exhibit a certain degree of instability. This

early fluctuation is likely attributable to the randomness inherent in the initialization of individ-

uals and the limited influence of genetic operations in the early generations. However, as the

number of generations increases, a gradual and consistent improvement in the performance of

individuals becomes evident across the population. This overall upward trajectory in individual

fitness indicates that, despite the fact that not every individual is subjected to genetic opera-

tions in each generation, as was similarly observed in earlier, the evolutionary process remains

effective over a longer timescale.

More specifically, the algorithm’s design, which restricts genetic operations to a selected

subset of individuals in each generation, does not impede the overall progress of the population

when evaluated over a sufficiently large number of generations. This is due to the modified

crossover mechanism, which enhances population diversity. This finding highlights the robust-

ness of our approach in more realistic scenarios, where computational constraints or design

considerations may prevent full-population genetic updates in every generation. The observed

long-term improvements demonstrate that the evolutionary pressure introduced by selective op-

erations and enhanced crossover diversity is sufficient to drive the population toward higher-

quality solutions, even in large and diverse sampling conditions.

Furthermore, based on the above findings, we observe that in small-scale experiment, the

result is highly dependent on the initial population values, as these initial values significantly

influence the final experimental outcomes due to the limited evolutionary time. In contrast,

in large-scale experiment, by increasing the number of generations, we can leverage a longer

evolutionary process to minimize the impact of the initial population on the final results.
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Figure 4.2 Large-scale result
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4.2 Comparison

4.2.1 Next Generation Loss (NGL) Result

Figure 4.3 and figure 4.4 present the results of the NGL algorithm across two different scale

sizes: small and large.

In the implementation of the NGL algorithm, a notable characteristic is that genetic opera-

tions are applied uniformly across the entire population in each generation. This comprehensive

application of genetic operators to all individuals contributes to a more rapid convergence of the

algorithm, regardless of whether it is evaluated in a small-scale or large-scale experimental set-

ting. When compared with our proposed method, which selectively applies genetic operations

to only a subset of individuals in each generation, NGL demonstrates a faster trajectory toward

optimal or near-optimal solutions.

However, this accelerated convergence comes at a cost. Performing genetic operations

on the entire population significantly increases the computational overhead per generation. In

practice, this results in longer processing times and greater resource consumption, particularly

as the population size or generation number scales. Consequently, while NGL benefits from

quicker convergence in the early phases of training, it may be less efficient in terms of overall

time-to-solution and computational scalability. In contrast, our method, by selectively applying

genetic operations and thereby reducing per-generation complexity, offers a more computation-

ally efficient alternative, especially in scenarios where long-term performance and scalability

are of greater concern.

4.2.2 Compare with NGL

4.2.2.1 Small Scale

Figure 4.5 illustrate the comparative performance between our proposed algorithm and the

NGL approach in terms of best individual in each generation within the small-scale experimen-

tal setting. Given the limited number of generations in this scenario, the differences between
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Figure 4.3 Small-scale result for NGL
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Figure 4.4 Large-scale result for NGL
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the two methods become particularly apparent. Our algorithm, which employs a sample tour-

nament selection mechanism to determine which individuals are eligible to undergo genetic

operations, inherently applies these evolutionary processes to only a subset of the population

in each generation. As a result, the potential for significant performance improvement within

a short generational span is constrained. In contrast, NGL, by applying genetic operations to

the entire population, demonstrates faster initial convergence under these same conditions. As

shown in table 4.2, our algorithm outperforms NGL in the CIFAR 100 dataset, while in the other

two datasets, our algorithm performs worse than NGL. This is likely due to the limited number

of generations available for optimization in the small-scale setting.

However, it is important to emphasize a key advantage of our method: computational effi-

ciency. As shown in Table 4.4, while the extent of performance improvement may be less pro-

nounced in the early generations due to the selective nature of genetic operations, our approach

achieves a significant reduction in execution time by 64%. This gain in efficiency becomes

particularly valuable when deploying such algorithms in real-world scenarios characterized by

limited computational resources or strict time constraints. The experimental results, therefore,

indicate a trade-off between rapid convergence and computational cost, with our algorithm pri-

oritizing long-term efficiency and scalability over immediate performance gains in small-scale,

short-horizon settings.

Table 4.2 Model accuracy on small-scale setting
Dataset NGL Ours
CIFAR 10 0.0239 0.0149
FashionMNIST 0.001 9.999e-05
CIFAR 100 0.0013 0.0062

4.2.2.2 Large Scale

As illustrated in figure 4.6, the performance of our proposed algorithm under the large-

scale setting demonstrates several notable strengths. Due to the increased number of generations

available for performing genetic operations and the enhanced diversity in crossover execution,

the algorithm benefits from an extended evolutionary horizon, allowing for more meaningful
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Figure 4.5 Small-scale result comparison

optimization over time. This prolonged generational window enables the algorithm to system-

atically refine the quality of generated loss functions through iterative selection and variation.

As shown in table 4.3, we observe that our method is able to outperformNGL on certain datasets.

For the remaining datasets, although our method does not surpass the original NGL results, it is

nevertheless able to achieve performance levels that are closely comparable to those reported in

the original study.

In terms of computational efficiency, our approach offers a significant advantage. By incor-

porating a sample tournament selection strategy, we effectively reduce the number of individuals

that undergo genetic operations in each generation, which in turn minimizes the overall com-

putational burden when evaluating them. This design choice proves especially beneficial in the

large-scale context, where the cost of evaluating the entire population can become prohibitive.

Empirical results show that, even while maintaining a comparable level of loss function quality

to that of NGL, our algorithm is able to reduce execution time by nearly 63%, as shown in table

4.4. This substantial improvement in runtime, coupled with competitive performance outcomes,

highlights the practical utility of our approach, especially in scenarios where computational ef-
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ficiency is a critical consideration.

Figure 4.6 Large-scale result comparison

Table 4.3 Model accuracy on large-scale setting
Dataset NGL Ours
CIFAR 10 0.7046 0.7953
FashionMNIST 0.9074 0.8988
CIFAR 100 0.0619 0.1376

Table 4.4 Algorithm execution time
Experiment Scale NGL Ours
Small scale 173286.98 seconds 62363.94 seconds
Large scale 1013738.83 seconds 426915.20 seconds

4.3 Discussion

During the course of our experimental investigation, we identified several noteworthy ob-

servations that merit further discussion within this section.
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As mentioned at the beginning of Section 4.1.2, the principal criterion for evaluating the

effectiveness of a loss function in our study is the Average Improvement relative to CE loss. This

metric quantifies the degree to which a given loss function reduces the loss value in comparison

to CE, and serves as a proxy for its potential utility in training neural networks. However, a

significant challenge arises from the nature of the generated loss functions themselves: since

these functions are generated randomly by the system, they often defy intuitive interpretation

based on established principles of neural network training. In other words, the mathematical

forms of many of the generated loss functions do not lend themselves to human-understandable

explanations or conventional analytical reasoning.

One of the phenomenawe encountered is that certain randomly generated loss functions can

produce very low loss values during training, yet the resulting models perform poorly in terms

of accuracy—sometimes significantly worse than expected (as shown in the figure 4.7). This

is clearly illustrated in the experimental results, where models trained with such loss functions,

despite exhibiting similar levels of Average Improvement to those reported in the original NGL

paper, nonetheless show substantially lower accuracy across various datasets in the small-scale

setting. This discrepancy highlights a critical limitation of using loss value alone as the sole

measure of loss function quality.

As shown in figure 4.8, in one of the small-scale experimental trials, a high-quality loss

function, capable of yielding strong model performance, was unfortunately excluded from fur-

ther selection. This occurred because another loss function exhibited a numerically lower loss

value, which, under our current evaluation criterion based on Average Improvement, was inter-

preted as superior. As discussed previously, Average Improvement serves as the primary metric

for determining the effectiveness of a loss function by comparing its loss value against that of

the standard CE loss.

Unfortunately, in this particular case, the loss function that was ultimately selected, despite

having a lower loss value, resulted in a model with significantly poorer accuracy. Consequently,

the overall experimental outcome was suboptimal, as the evaluation mechanism favored a func-

tion that performed worse in terms of actual predictive capability.

There are several possible explanations for why these anomalously low loss values occur.
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Figure 4.7 Low loss value but low model accuracy
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Figure 4.8 Good loss function but failed to be selected
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In some cases, the loss functionmay be dominated by a very small multiplicative constant, effec-

tively scaling down the overall value of the loss without meaningfully guiding the optimization

process. In other cases, large constant terms may be subtracted from the loss expression, artifi-

cially lowering the numerical loss value while simultaneously impairing the model’s ability to

learn discriminative features. These types of manipulations can result from the random gener-

ation process and may lead to misleadingly low loss values that do not reflect genuine training

efficacy.

Another intriguing phenomenon observed during our experiments pertains to the occasional

emergence of loss functions that produce unusually large loss values during training, yet sur-

prisingly result in models that achieve higher-than-expected accuracy levels, as illustrated in

the figure 4.9. This counterintuitive outcome stands in stark contrast to the issue previously dis-

cussed, where low loss values did not necessarily correspond to improved model performance.

We hypothesize that this discrepancy may stem from a similar structural artifact introduced

during the random generation process of loss functions—specifically, the unintended inclusion

of large multiplicative constants. In this scenario, a loss function might be scaled by a dispropor-

tionately large constant, thereby inflating its numerical loss value without adversely affecting

the result.

Given these findings, we acknowledge the limitations of the current evaluation metric and

propose to explore alternative or complementary strategies for assessing loss function quality in

our future work.
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Figure 4.9 High loss value but high model accuracy
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Chapter 5 Conclusion & Future Work

5.1 Conclusion

Initially, we emphasized that existing methods often suffer from significant computational

overhead due to various inherent limitations. To address this issue, we proposed a potential

solution: instead of performing genetic operations on the entire population, we selectively sam-

ple a subset of individuals and further identify the top-performing individuals from this subset

to perform genetic operations. Additionally, during the crossover phase, we refine the exist-

ing crossover mechanism to enhance the randomness of the proposed method. This approach

strengthens the stochastic nature required for GPwhile minimizing deviations from the results of

previous studies. By implementing this strategy, we effectively reduce execution time without

significantly compromising the overall outcome.

Subsequently, in the experimental phase, to verify that our proposed method can achieve

time savings under various scales while maintaining comparable performance to previous re-

search, we conducted experiments across two scales: small and large. The experimental results

demonstrate that as the scale of the experiment increases, the performance of our method in-

creasingly aligns with that of previous approaches. In the large-scale setting, our method even

achieves a 9% increase in model accuracy on CIFAR-10 and a 7% increase on CIFAR-100.

Moreover, despite achieving comparable or even superior scores, our method significantly re-

duces execution time. Specifically, the time reductions achieved are 64% and 62.9% for small

and large scales, respectively.

5.2 Future Work

In the discussion, we noted that loss functions generated randomly can sometimes lack in-

tuitive interpretability. As a result, there are instances where a loss value is extremely low, yet

the model accuracy is also significantly low. The occurrence of this issue poses a challenge

when selecting loss functions based on average improvement, as it may lead to prioritizing loss
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functions of suboptimal quality. To address this concern in future research, a potential solution

could involve incorporating a weighted evaluation approach, where both loss value and model

accuracy contribute proportionally to the selection criteria. This adjustment may help mitigate

the problem and ensure that the chosen loss functions effectively contribute to model perfor-

mance.

Furthermore, an alternative method that may be considered for calculating the average im-

provement involves computing the mean across all observed improvement values, rather than

selectively averaging only a subset of them. Through this averaging approach, it may become

possible to fully leverage the informational content embedded within the loss values. By in-

corporating every available improvement data point into the calculation, this method has the

potential to yield a more holistic and representative estimate of overall performance gains, ulti-

mately contributing to a more nuanced and data-rich analytical outcome.
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