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DEVELOPMENT OF A MODEL OF 

ADAPTIVE BEHAVIOR OF NON-

PLAYER CHARACTERS BASED 

ON INTELLIGENT AGENTS OF 

NEURAL NETWORK

The object of research is the process of designing and modeling intelligent agents of a neural network for the behavior of non-player 
characters (NPCs).

Today, the field of video game development continues to progress, but the methodology for creating the "brain" of NPCs still uses 
primitive approaches with technological limitations. This creates the problem of ludonarrative dissonance, which actualizes this work, 
that offers a new solution.

The research results demonstrate the potential of a new approach to creating intelligent and realistic NPCs in video games. The 
developed models demonstrate convergence of training, which confirms the ability to understand complex concepts, such as the psycho-
logical personality model International Personality Item Pool 50.

The conclusions of the work are based on the results of theoretical analysis, technical modeling and practical experimentation. 
Analysis of the collected data forms the final confirmation of the feasibility of the proposed theory.

An increase in the total step reward from –0.00275 to 0.03176 by the median for the best option and from –0.00733 to 0.02734  
for the worst was recorded, taking into account the mathematical limit in [–1.0219; 0.9861] and aggressive normalization of the hy-
perbolic tangent function. The adaptation of models to the environmental conditions was confirmed by reducing the penalty by 30.47% 
by the median or by 23.59% by the extreme 5% of the data, for the worst configuration.

The obtained results can be used in game development, to create the "brain" of NPCs. This will allow to get rid of the exponential 
complexity of development, inherent in current methodologies due to the proposed approach. Using reinforcement learning technolo-
gies, it is possible to make a more variable and detailed virtual context, with lower computational resources consumption, avoiding 
ludonarrative dissonance.
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1. Introduction

Today, the video game industry occupies a fairly large share of 
the global market and continues to attract the attention of new users, 
ensuring the sustainable development of its target audience, which is 
observed for all regions considered  [1]. Financial report  [2], which 
declares a forecast of significant growth in the financial achievements 
of the specified industry. This process is a natural result of the fact that 
technologies are developing, in particular those used in game projects.

The video game industry is relatively young, compared to other 
media areas, but it has come a long way, from primitives and abstrac-
tions in the 1950s to near photorealistic graphics today [3]. At the same 
time, with the development of certain aspects, others remain stable 
for a certain period and begin to stand out in the overall immersive 
experience of the game, causing ludonarrative dissonance in players [4]. 
One of such factors is the way of creating the "brain" of the behavior of 
non-player characters in modern products.

Currently, the general industry standard is the approach using be-
havior trees, which is a simple tool in its base, but has serious drawbacks. 

It includes the determinism of character actions and the inability to 
make a sufficiently variable and deep system, due to the problem of scal-
ability and efficiency of such solutions. This topic is discussed in detail 
in the work [5], where the authors note the same shortcomings of the 
current approach. They propose improvements through the use of emo-
tional trees, to introduce the factor of emotions into the system, Monte 
Carlo Tree Search (MCTS), to predict the consequences of actions, etc. 
However, this is only an optimization of the current technology, which 
contains fundamental shortcomings in its concept. It is obvious that 
when using finite state machines, each state must be clearly predicted 
and developers must implement transitions between each element of 
behavior, the complexity of which is described by an exponential func-
tion, any improvements to the initial mechanism do not change this. Due 
to the stagnation and technological limit that has been reached in the 
current concept of the "brain" of non-player characters, there is a need to 
introduce a new approach in this aspect of creating video game products.

The object of research is the process of designing and modeling 
intelligent agents of a neural network for the behavior of non-player 
characters.
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The aim of this research is to develop a neural network model 
that integrates the formalized International Personality Item 
Pool  50  (IPIP-50) personality profile, the detailed representation of 
five basic traits, with the reward function using deep reinforcement 
learning algorithms. This will make it possible to create realistic game 
products with non-player characters that have variable, non-determin-
istic behavior that adapts to the virtual environment, player actions, etc.,  
avoiding ludonarrative dissonance between the visual part and the 
mechanical content.

To achieve the aim, the following objectives were set:
1)  to perform theoretical analysis and evaluation of the existing 

tools provided by the Unity ML-Agents package, using an evaluation 
based on the analysis of scientific sources, to determine the ranking of 
neural network training configurations;

2)  to perform mathematical formalization of the IPIP-50 model 
in the context of its integration into the reward function and the neu-
ral network’s perception system of the virtual environment, including 
technical implementation;

3) to conduct a practical experiment to test the success of the pro-
posed theory regarding the use of deep reinforcement learning as the 
"brain" of the behavior of non-player characters.

2. Materials and Methods

To conduct this research and achieve the scientific and practical 
goal, the Unity game engine was chosen. The choice is due to the mo-
dernity of the technical base and the optimal balance between develop-
ment flexibility and high performance, according to [6, 7]. To imple-
ment neural networks in the selected software, the ML-Agents package, 
namely the technology of intelligent agents, was chosen as the main tool. 
It is an open source and powerful tool for scientific and technical activi-
ties, according to [8]. In particular, the selected toolkit provides a clear 
division of roles and isolates the engine from the neural network train-
ing environment. This is done due to the additional mlagents library, 
for the Python side, which manages the training of artificial intelligence 
through the powerful PyTorch mechanisms.

The chosen technology provides the opportunity to train artificial 
intelligence models using reinforcement learning algorithms: Proxi-
mal Policy Optimization (PPO), Soft Actor-Critic (SAC), Multi-Agent 
Posthumous Credit Assignment (MA-POCA); and imitation learn-
ing methods Generative Adversarial Imitation Learning (GAIL) and 
Behavior Cloning (BC). Also, ML-Agents include internal additional 
reward modules Intrinsic Curiosity Module (ICM) and Random Net-
work Distillation (RND).

This research considers the issue of creating a toolkit that can be 
adapted to any video game project, therefore, the GAIL and BC meth-
ods are not relevant, due to the lack of the ability to generalize the 
training data set, for all tasks.

The scientific goal of the work is to prove the convergence of the 
artificial intelligence model training, which integrates personality data 
according to IPIP-50 to itself and the reward function. This forms the 
conditions for the provability of the proposed theory, through testing the 
best and worst training configurations. The mentioned training variations 
include all possible alternatives that combine the PPO, SAC, MA-POCA 
algorithms and the additional reward modules RND and ICM.

To identify the necessary training configurations, a multi-criteria 
analysis was applied according to the decision-making methodology. 
The evaluation criteria include a list of seven items. They are given  
in Table 1. The criteria are optimized by maximizing their indicators. 
The formation of estimates is based on expert analysis of scientific 
articles on the subject of research. The criterion of training speed is 
determined by an interval scale, with values from 1 to 10, while the rest 
are represented by ordinal ones, in the range from 1 to 5. The scales 
correspond to values from worst to best.

Table 1

List of multi-criteria analysis criteria

Identification Name Evaluation method

K1 Realism of behavior
How consistently and non-stochas-

tically the model behaves

K2 Training speed How quickly the model trains

K3 Training stability
How stable the configuration is to 

stochastic deviations

K4

Implementation 

flexibility

How much the use of an alterna-

tive is complicated under specific 

conditions

K5

Computational  

resource requirements

How much more the model requires 

resources for training

K6 Model adaptability

How much the model is plastic  

in learning and able to change 

behavior for new needs

K7 Agent sociability
How well the model can cooperate 

with its agents

This set of criteria for evaluating alternative training configura-
tions is comprehensive and covers all the main needs of the research. 
It considers both theoretically important aspects, such as the training 
speed or its stability, and technical aspects that characterize alternatives 
in terms of hardware requirements or implementation complexity. The 
central determinants of the quality of training configurations for this 
work are also considered, namely the realistic behavior of agents, the 
adaptability of the model to the dynamic environment, and the ability 
of agents to logically coexist. The specified list is deliberately abstracted 
in order to maintain a stable structure of the analysis in general and re-
duce the effect of vulnerability to the inflationary impact of the weights 
of the criteria. This list is the authors’ original development and expert 
vision of the issues and challenges considered in this work and is based 
in particular on the materials of the articles [4, 5].

It should be noted that in this multi-criteria analysis, the initial as-
sessment by criteria was conducted by experts, who are the authors of 
this research. The actual evaluation was performed on the basis of a col-
legial consensus, relying on the synthesis of information from selected 
theoretical materials and heuristic judgments.

Considering the literature basis of the theoretical analysis of the 
subject area, it is worth noting that the initial list consisted of 108 sepa-
rate sources. These materials were selected from open scientometric 
databases, such as IEEE Xplore, Scopus, ResearchGate, and others, 
based on the subject matter of the relevant subject area and related 
keywords. All obtained manuscripts and texts were primarily filtered 
by the time factor, namely their publication date within a few years, to 
ensure currency, except for a selection of the foundational works which 
remain fundamental to this field.

At the next stage, the sources were analyzed and sorted by value 
and relevance of use. Thus, the inclusion and exclusion criteria for 
works were formed, which were formulated on the basis of relevance 
and compliance with the research topic. Accordingly, the final list in-
cluded works that had sufficient technical and practical value, namely, 
contained a meaningful theoretical part, or demonstrated qualitative 
and clear empirical data that could be interpreted in the context of this 
research. At the same time, sources were excluded if their scope was 
distant enough from the context under consideration, or the data were 
too abstract and could not be clearly interpreted within the framework 
of the formed factorization of the assessment, due to the formalization 
of individual aspects.

It is worth noting that the initial set was immediately formed only 
from materials that corresponded to the research topic by keywords, 
however, due to a very specific subject area and the limitations imposed 
by the selected tools and inclusion and exclusion factors, this list was 
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reduced to 47 works, which included technical literature in particular. 
Based on this list, an expert heuristic collegial evaluation was conducted 
according to the formed criteria.

At the same time, it is possible to note that for a concise narrative 
within the framework of the article, the discussion of this part of the 
analysis was condensed in order to maintain the general flow of presen-
tation of the materials. That was expressed in the explicit discussion of 
only the main theses, with references to relevant sources, on the basis 
of which the general theoretical expert assessment can be confirmed.

To solve the issue of selecting theoretical candidates for conducting 
a practical experiment, a multi-criteria analysis was applied, based on 
theoretical information. To rank the normalized data, a linear additive 
model was used, which uses the normalization (1) and utility (2). The 
mathematical expression uses the iterative sum of the multiplication, for 
each criterion, of its weight coefficient and the normalized score value:
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Given the importance of each criterion for achieving the set aim of 
research, Table 2 was formed.

Table 2

List of multi-criteria analysis criteria

Identification Name Rank Weight

K1 Realism of behavior 1 0.2500

K2 Training speed 4 0.1429

K3 Training stability 3 0.1786

K4 Implementation flexibility 6 0.0714

K5 Computational resource requirements 5 0.1071

K6 Model adaptability 2 0.2143

K7 Agent sociability 7 0.0357

For the software implementation of the subject of research, an ap-
proach was used to simulate human-like behavior, using a combination 
of an extensive system of sensors for observing the virtual environment: 
visual, auditory, tactile, spatial layers. Also, this system is integrated 
with the psychological model IPIP-50, which is represented by a set  
of 50 separate indicators of the interpretation of personality traits into 
a mathematical representation with values from 1 to 5.

Considering the issue of using IPIP-50, for consistency in creat-
ing realistic input conditions for training neural networks, it is advis-
able to abandon procedurally generated sets, and instead use a ready-
made, public source with a large amount of data created by people [9]. 
The specified dataset contains more than 800 thousand individual 
IPIP-50 personality profiles, after validation, in the format of values  
from 1 to 5, which corresponds to the range of agreement from com-
pletely disagree to the opposite. The specified mathematical represen-
tation of the data is normalized according to (3), obtaining a range of 
values from –1 to 1 inclusive

norm value
�

�3
2

. 	 (3)

In particular, it is appropriate to determine the conditions of soft-
ware and hardware support when conducting the practical part of the 
research. The required data includes the versions of libraries and other 
tools, which are the main ones, since this directly affects the conditions 
for conducting the research – Table 3.

Table 3

Main software versions used

Name Version

Unity Engine 6.0 (6000.0.68f1) lts (Unity Technologies, USA)

ML-Agents Release 22 (Unity Technologies, USA)

mlagents 1.1.0 (Unity Technologies, USA)

PyTorch 2.2.2 + cu121 (Meta, USA)

TensorFlow 2.13.1 (Google, USA)

TensorBoard 2.19.0 (Google, USA)

It is also worth indicating the characteristics of the computer on 
which the calculations were performed. Since there is a need for an 
equivalent comparison of the best training configuration and the worst 
one, it is appropriate to exclude the option with cloud technologies. 
When using distributed systems, the learning process can be signifi-
cantly affected by problems with data transmission over the network. 
Data delays, packet loss during continuous transmission of sensitive 
information, inconsistency in receiving consecutive observations, and 
thus, communication between components of the experiment via net-
work protocols can potentially disrupt the learning process [10]. The 
described problems can range from a minor impact on local results to 
a complete destruction of the learning process with a complete disrup-
tion of internal processes. At the same time, the lack of control and opac-
ity of the cluster architecture, available capacities and loads on the dis-
tributed system, also can affect the learning process, causing fluctuations 
in results, etc. and literally hide the experiment transparency. That is why 
the experiments were conducted locally, on the device from Table  4.

Table 4

Computing system specifications

Components Specifications

GPU (CUDA)
MSI GAMING X SLIM Nvidia RTX 4070 Super, 

12 GB DDR6X (MSI, Taiwan and NVIDIA, USA)

CPU Ryzen 5 7500f, 6c/12t, 3.7– 5.0 GHz (AMD, USA)

RAM
2 × 16 GB Kingston FURY Beast DDR5 6000 MHz, 

CL30 (Kingston Technology, USA)

Disk
Samsung NVMe 990 PRO, 2 TB, PCIe 4.0 (Samsung, 

South Korea)

Swap file 30 GB

Note: GPU – Graphics Processing Unit, CUDA – Compute Unified 

Device Architecture, CPU – Central Processing Unit, RAM – Random 

Access Memory, "c/t" is cores/threads, lts – Long Term Support

It is also worth noting that during the experimental part, Curricu-
lum Learning methodology was used, which was responsible for the 
gradual increasing the complexity of the training environment. Initial 
conditions – few objects, everything is static, low variation of possible 
factors of object description. As training progresses, more variations of 
object descriptions begin to appear in the environment, new obstacles 
are added, dynamic behavior of the environment appears, etc. This 
thesis is confirmed by the materials [11], using the SAC algorithm as 
an example.

The training was conducted with a length of 10 million steps, 
which is the upper value of the recommended range, according to the  
ML-Agents documentation. 6 separate lessons were implemented, with 
progressive complexity and fixed length.

The hyperparameters for training neural network models were set 
according to the recommendations of the official documentation and 
taking into account the capabilities of the computing system and the 
requirements of the experiment. In particular, different configurations 
received comparatively similar settings.
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Also important is the aspect of the environment, as noted above, 
the aim of research is to consider the convergence of the proposed 
concept in close to real game conditions, with continuous learning.  
To support this, a stochastic and dynamic virtual environment was im-
plemented, which is procedurally generated each episode from scratch, 
in accordance with the requirements of the current lesson.

To assess the effectiveness of the obtained experimental observa-
tions, visualizations of internal indicators of the learning process were 
used, such as the growth of the total and step-by-step reward, math-
ematical predictions, penalty dynamics, policy losses, etc.

Thus, the considered technological basis formed the subject of 
this work – experimental results. Mathematical forecasting methods 
were used, such as linear trend, logarithmic, quadratic and sigmoid 
regression models. When processing data, the exponential smoothing 
method – Exponential Moving Average (EMA) was used for their visu-
alization. The combination of methods and methodologies described 
above ensures the consistency and thoroughness of observations, ensur-
ing the scientific weight and value of this work.

3. Results and Discussion

3.1. Theoretical analysis of deep reinforcement learning train-
ing configurations

Research [12] records the theoretical advantage of the Off-Policy 
algorithm – SAC, in terms of data efficiency, which ensures rapid sta-
bilization of decision-making strategies and reward functions. At the 
same time, the On-Policy algorithm – PPO, demonstrates a significant 
advantage in terms of training time, according to the materials of the 
article [13]. It is also worth noting the high stability of training of neu-
ral networks by the PPO algorithm, due to the "clipping" mechanism, 
which is considered in particular in [14]. On the other hand, work [15] 
declares that the SAC algorithm demonstrates significant sensitivity to 
the network temperature parameter, this requires clear and careful tun-
ing, otherwise there is a rapid degradation of the training policy, which 
leads to irrelevance of the results.

Considering the criterion for validating training alternatives by the 
factor of realistic behavior, the entropy maximization objective of the 
Off-Policy algorithm provides a variety of model solutions. However, 
the stochastic nature of maximum entropy algorithms such as SAC can 
lead to high variance and negatively affect stability, harming precise 
continuous control, such as micromotion, as observed in [16]. At the 
same time, the On-Policy algorithm, especially with the use of recurrent 
Long Short-Term Memory (LSTM) layers, demonstrates more consis-
tent and strategic actions, which is more realistic, but less variable than 
SAC, according to the materials [17].

The criterion of adaptability of artificial intelligence models to 
changes is essential, since in the conditions of video game worlds, en-
vironments are stochastic and dynamic; therefore it is important to 
consider additional internal reward modules. ICM, like the other, by 
its principle of operation, is aimed at stimulating the curiosity of neural 
networks, which is reflected in the search for unknown states of observa-
tions and associated with interaction with the environment. At the same 
time, the module is vulnerable to the Noisy TV problem, which is why 
it is vulnerable in stochastic conditions, such as video game environ-
ments, which is declared in [18, 19]. At the same time, the RND module 
has a different architecture and a different principle of operation, using 
two additional neural networks, which provides higher stability and 
adaptability in dynamic conditions in combination with PPO, however, 
increasing the requirements for computing resources, according to [20].

Considering the issue of the efficiency of training configurations, 
it is worth emphasizing that the Off-Policy algorithm – SAC, requires 
significantly more memory and time for their processing, under similar 
conditions. This is due to the architectural features of the experience 
replay mechanism. The additional computational load becomes most 

critical when virtual environments, namely intelligent agents, have 
large and complex input observation vectors. This aspect of the archi-
tecture of SAC-like algorithms significantly affects the overall resource 
consumption, as shown in a research considering the expansion of  
input states [21].

Considering the seventh criterion – the potential for group in-
teraction of network agents, it is worth noting that the MA-POCA 
algorithm demonstrates the highest result, which is due to its architec-
ture and the primary purpose of creation  [22]. At the same time, the 
PPO and SAC algorithms form individual, self-interested behavior, for 
the same reasons, corresponding to the Independent Proximal Policy 
Optimization (IPPO) configuration, which levels their potential for 
cooperation, as discussed in  [23]. The Multi-Agent Proximal Policy 
Optimization (MAPPO) agent training configuration provides the 
MA-POCA algorithm with centralized training, simplifying scalabil-
ity, while generalizing and combining individual agents into a single 
whole, which affects the remaining indicators, according to the materi-
als [24]. It is worth noting that the MA-POCA algorithm is On-Policy 
and based on PPO in its architecture, due to which it receives similar 
scores according to the criteria, but taking into account the differences 
and features of each alternative.

It is worth noting that among the theoretical materials considered, 
most of the results of stable environments were declared, in which 
algorithms were trained to achieve a specific goal, maximizing a single 
behavioral strategy. At the same time, the current task requires neural 
network models to adapt to stochastic and dynamic environments, 
maximizing not the path to a quick reward, but rather continuous ex-
perience at each step of the simulation.

According to the theoretical analysis of alternative training con-
figurations, a vector description was formed, with the formed scores 
according to the criteria, which are given in Table 5.

Table 5

Vector description of the formed alternatives

Alternative

Criteria

K1 K2 K3 K4 K5 K6 K7

PPO 3 8 4 5 5 2 1

SAC 4 4 2 4 3 3 1

MA-POCA 3 6 4 3 3 2 5

PPO ICM 3 6 2 4 4 3 1

SAC ICM 4 3 1 2 3 4 1

MA-POCA ICM 3 5 2 2 2 3 5

PPO RND 4 7 4 3 2 5 1

SAC RND 5 4 2 2 2 4 1

MA-POCA RND 4 6 4 2 1 5 5

Multi-criteria analysis according to the methodology of decision 
theory involves analysis using the Pareto method, however, according 
to the vector description, no dominated variations were identified, and 
therefore, further analysis is carried out in full.

According to the results of normalization of Table  5 and further 
application of (1) and (2), Table  6 was formed – the final ranking of 
alternative training configurations, based on the composite utility score.

As a result of multi-criteria analysis using the decision theory meth-
odology, a ranking was obtained, with the best alternative PPO RND 
and the worst MA-POCA ICM. However, since MA-POCA is similar 
to the PPO algorithm, it is appropriate to investigate the comparison 
of different approaches – On-Policy and Off-Policy. Therefore, this 
research aims to investigate the convergence of the proposed method-
ology – the application of the IPIP-50 personality model in training  
neural networks in a video game environment. Consequently, it is 
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appropriate to consider the alternatives PPO RND and SAC ICM, as 
representatives of completely different architectures and different levels 
of compliance with theoretical needs.

Table 6

Final ranking of training configurations

Rank Alternative Composite utility score

1 PPO RND 0.6827

2 MA-POCA RND 0.6393

3 SAC RND 0.5077

4 PPO 0.5000

5 SAC 0.3857

6 MA-POCA 0.3774

7 PPO ICM 0.3446

8 SAC ICM 0.3214

9 MA-POCA ICM 0.2506

The main limitation of this theoretical analysis and ranking is 
that the assessment, although clearly formalized and based on sci-
entific sources, however, as noted above, this work is 
a new approach in this field. This is expressed in the 
fact that the basic use of neural networks in games dif-
fers from what is being studied – continuous integra-
tion of a neural network into the environment. In addi-
tion, the assignment of ratings for ranking is a heuristic 
analysis of the materials considered, which can only 
partially reveal certain aspects, which imposes its limi-
tations on the accuracy of theoretical ranking. Also, the 
assignment of weights to the criteria of multi-criteria 
analysis is the author’s vision of the requirements for 
the new approach, which introduces a certain degree  
of subjectivity.

For further research, it is advisable to develop the 
aspect of unification and formalization of approaches 
to evaluating different configurations of model training 
using reinforcement learning algorithms. Also, the for-
mation of stable requirements for assessment – criteria 
and their weights – is a potential goal for developing the 
theoretical side of this field of knowledge.

3.2. Mathematical model development and imple-
mentation

It is worth noting the normal distribution of personality profiles 
in this dataset, which is proven by the Principal Component Analy-
sis (PCA) projection clustering diagram shown in Fig. 1. According to 
the visualization, the continuity of the transition from one personality 
profile to another is clearly traced, covering all training needs.

Considering the architectural aspect of the software implementa-
tion, it can be noted that the data from the set of profiles directly affects 
two components of the model. The reward function – it correlates 
behavior with personality. At the same time, data is transmitted directly 
to the observations of the neural network agent. These both aspects 
are necessary to create correlations between the settings of the "brain" 
and the reward received according to the actions taken. The described 
architectural solution is shown in Fig. 2, in an abstract, general form.

Note that the neural network has its own architectural limitations 
that impose requirements on the input vector of agent observations, 
namely that it is of fixed size with a numerical representation. This 
means that it is necessary to formalize the description of information 
about the virtual environment and its content, with which non-player 
characters interact under the guidance of agents. For this purpose, 
a system of tags – factors that form a general representation of ob-
jects is introduced. Accordingly, the input vector receives a sequence  
of 0 and 1 (multi-hot encoding method) – a mathematical representa-
tion of a fixed size that conveys information about the presence or ab-
sence of each factor. It is on the basis of this system that the implementa-
tion of the modular reward function of the neural network is formed, in 
particular the part with the IPIP-50 personality imprint.

The personality reward system is implemented using a three-level 
approach. The third, external – proxy entity, used to normalize the final 
score according to (4), corresponds to the agent level. The second level –  
represents an intermediate layer between the final formulas and the gen-
eral controller, here the intermediate normalization is performed within 

the framework of one IPIP-50 trait, according to (5) and (6).  
The last layer, the inner one – the first, corresponds to the final 
formulas – the connections between the trait and the factor of the 
formalization of the environment. The normalization formulas are 
aimed at compressing the score into the range between –1 and 1. 
Such an architectural solution is due to the mathematical needs 
of the neural network training process [25, 26] and abstraction at 
all levels. It is necessary for the uniform value of each personality 
trait, with different numbers of connections with tags, and com-
pressing the total indicator for 50 aspects of the IPIP-50 model:

tanh x �� �� ��� ��0 05 0 987 0 987. . ; . ,  at x� ��� ��50 50; ; 	 (4)

norm coef
max reward

i

n_
_

;�
��

1

1
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Fig. 1. 2D PCA projection scatter plot
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Fig. 2. General architecture of the implementation of the neural network agent
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It is worth noting that agents have a corresponding space of actions 
that they can perform in a virtual environment. This list includes move-
ment expressed by a direction vector, and non-player characters can 
also turn around, move their heads in two directions, along two axes: 
pitch and yawn, simulating looking around, and interact with objects 
with appropriate tags. For high-quality training, the reward 
system should include a system of penalties that stimulate the 
activity of agents and penalize for unrealistic actions, such as 
360-degree rotations or step-wise changes in direction, etc. 
This system has safety features – small ranges with penalty-
free threshold to give the neural network a safe space for 
action. The graphs of the penalty functions with mathemati-
cal expectation are shown in Fig. 3, and the general reward 
function in Fig. 4. Furthermore, Table 7 details mathematical 
grounds within Expected Values for each penalty component.

To reveal and fix the architectural solution for imple-
menting the integration of the IPIP-50 personality model 
into the agent reward function, a Unified Modeling Lan-
guage (UML) diagram was formed that visualizes the abstract 
representation of the research subject in Fig. 5.

It is worth noting the innovation of this approach, using 
methods and algorithms of deep reinforcement learning, 
which differs from the established trends with training mod-
els to achieve a static goal in the shortest time – the number 
of steps. The considered software and technological solution 
changes the approach, using a continuous method of accu-
mulating evaluation, which stimulates the neural network  
to optimize not the general strategy of achieving a large, one-
time reward, but to adapt at each step of the calculations. 
That is why it is necessary to normalize the initial reward 
in order to maintain the stability of learning, through the 
stabilization of gradient descent.

Considering the development of this work, it is worth 
noting the conceptual difference from current analogues. The 
modern application of neural networks in games can be divid-
ed into 2 ways: the use of heavy multimodal Large Language 
Models (LLMs), to form a more human-like interaction, and 
simplified models that are used in primitive games and aimed 
at optimizing their passage. However, this work explores the 
creation of a different type of model – which takes the best 
aspects of both directions. This development combines re-
source optimization through limiting input and output data 
and narrowing specialization to a deterministic space, from 
which an almost infinite set of behaviors is formed, which is 
similar to the use of large networks. In addition, the current 
configuration of the neural network environment perception 
system is based on the idea of creating human-like behavior, 
while analogues are built on the principle of completing the 
task under any conditions.

At the same time, due to the specifics of the architecture 
and the decisions made, this development has a number of 
limitations. First of all, due to the increase in the state space, 
the model architecture requires much more time for full train-
ing than simple analogues. In addition, although unification 
through tags was applied in combination with a three-level 
reward function and multifactor normalization, the weights 
of in-game aspects still require clear balancing and adjustment 
to the needs of developers. In addition, model optimization 
through fixing the input and output vectors imposes limita-
tions, which are expressed in the need to change the model ar-
chitecture and complete retraining in the event of a conceptual 

modification of environmental conditions. Considering the prospects for 
further development of this development, it is worth noting several main 
directions. The first is to further unify the architecture and the environ-
ment perception system to eliminate the limitations of the determinism 
of a set of environmental factors, which will allow for additional training 
of ready-made models. The second is the modification and complication 
of the architecture of the neural network model itself and the learning 
algorithms, which will bring flexibility closer to multimodal samples.

 
Fig. 3. Graphs of the components of the penalty system

 
Fig. 4. Graph of the general reward function

Table 7

Mathematical parameters of the penalty system

Component Threshold

Multi-

plication 

coefficient

Expected 

Value
Max possible value

Moving 0.1 –0.002 –0.0023 –0.00566

Body rotating 0.05 –0.002 –0.00141 –0.004

Neck rotating 0.03 –0.005 –0.00528 –0.01414

Neck strain 0.1 –0.0005 –0.00035 –0.001

Obstacle rubbing Per touch –0.0002 –0.0004 Infinite (practically about –0.01)

Existence Per step –0.0005 –0.0005 –0.0005

Total – – –0.01024 –0.0353
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3.3. Practical experiment of testing proposed train-
ing configurations

To conduct a further qualitative assessment of the re-
sults of the practical part of the research, it is necessary to 
provide summary tables of the data of rewards and penal-
ties – Table 8 for PPO configuration and Table 9 for SAC 
alternative.

The analysis of the results should begin with an analysis 
of the total reward graph, which is shown in Fig. 6. The Cu-
mulative Reward graph indicates the dynamics of the total 
reward per episode for the entire learning process. The next 
graph  – Fig.  7, the dynamics of the step-by-step extrinsic 
reward, complements the first.

These graphs are of primary importance in determin-
ing the convergence of neural network models. As can be 
seen from the first graph, both training configurations 
increase their own cumulative reward for each subse-
quent episode. At the same time, SAC ICM, as predicted 
in the theoretical analysis, has worse indicators than  
PPO RND, while demonstrating constant adaptation 
to the stochastic environment and the dynamics of 
learning conditions.

 
Fig. 5. General architecture of the reward function

Table 8

Summary table of the data obtained on rewards and penalties for PPO model

Metric Lesson Mean Median Min Max

Reward

0 0.00500 –0.00275 –0.42484 0.59290

1 0.01858 –0.00008 –0.37082 0.72453

2 0.02472 0.00601 –0.44053 0.69577

3 0.03800 0.01485 –0.41894 0.75655

4 0.05232 0.01896 –0.47524 0.77154

5 0.08310 0.03176 –0.54248 0.86864

Overall 0.04976 0.01345 –0.54248 0.86864

Penalties

0 0.00589 0.00566 0.00074 0.01740

1 0.00594 0.00571 0.00102 0.02635

2 0.00598 0.00575 0.00073 0.03085

3 0.00598 0.00576 0.00050 0.02573

4 0.00591 0.00570 0.00061 0.02507

5 0.00586 0.00564 0.00066 0.01885

Overall 0.00592 0.00570 0.00050 0.03085

Table 9

Summary table of the data obtained on rewards and penalties for SAC model

Metric Lesson Mean Median Min Max

Reward

0 –0.00006 –0.00733 –0.45869 0.63428

1 0.01259 –0.00152 –0.58282 0.61990

2 0.02118 0.01341 –0.44536 0.66919

3 0.02300 0.01630 –0.54161 0.71695

4 0.04767 0.02722 –0.54748 0.78679

5 0.05878 0.02734 –0.43657 0.88221

Overall 0.03729 0.01627 –0.58282 0.88221

Penalties

0 0.01110 0.01090 0.00112 0.02351

1 0.01081 0.01026 0.00167 0.04907

2 0.00981 0.00921 0.00182 0.05478

3 0.00959 0.00903 0.00143 0.04662

4 0.00870 0.00809 0.00093 0.03558

5 0.00845 0.00778 0.00111 0.03221

Overall 0.00922 0.00854 0.00093 0.05478
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Since the length of the episodes increases gradually when us-
ing Curriculum Learning , it is necessary to analyze the pure step-
by-step reward, without taking into account the penalty portion. 
The results show a gradual adaptation with increasing 
values, indicating that the model understands the prin-
ciples and patterns of evaluation, along with the rules 
of behavior. The graph shows the generalized reward 
curve, which is again larger in the PPO RND than in 
the SAC ICM configuration. The semi-transparent ar-
eas correspond to the fluctuations of the actual values, 
without taking into account the EMA smoothing. This 
visualization clearly demonstrates the dynamics from the 
initial range of values from –0.4 to +0.4 and after training:  
from –0.2 to +0.7.

The virtual environment in which the models were 
trained has a very stochastic nature, starting from pro-
cedural generation, ending with dynamic objects that 
appear over time and cover a larger portion at the end. 
Therefore, improving the range of evaluation is a clear 
marker of learning success, given the evaluation limit 
from –1.0219 to +0.9861.

When considering the aspect of the reward, it is 
worth considering the aspect of mathematical prediction, 
the further trend. Fig. 8 visualizes the mathematical pre-
dictions of the results of the Cumulative Reward graph, 
limited to a range of 40% steps, since further calculations 
lose correlation with the actual indicators.

As can be seen from the lines of potential values, fur-
ther growth is clearly traced, both for the dominant alter-
native – PPO RND and for the worst one – SAC ICM. 
Furthermore, as predicted by the theoretical analysis, SAC 
ICM loses in all forecasting models. Only the linear trend 
that is built on the last 20% of steps has a slight slope, 
which predicts an overtaking of PPO RND in the distant 
future. At the same time, the sigmoid model demonstrates 
that the On-Policy algorithm will accelerate the adap-
tation when the Off-Policy variation reaches a plateau, 
converging to a suboptimal local minimum.

Another indicative factor of the convergence of the 
created model are the penalty rate graphs. The general 
representation on a single canvas, similar to the reward 
in Fig.  7,  9 demonstrates the dynamics of the raw pen-
alty values. It highlights the smoothed value through the 
EMA and the actual raw data fluctuations, using translu-
cent zones.

The above graph clearly demonstrates the dominance 
of the PPO RND algorithm, which from the very begin-
ning has lower penalty values and lower fluctuations in 
outliers. SAC ICM, on the other hand, is more vulner-
able to penalties, which is due to the specifics of learning, 
where the algorithm does not rigidly consider the latest 
experience, but random facts from the entire memory 
buffer (replay buffer), which imposes restrictions. At the 
same time, the graph clearly demonstrates the growth of 
penalties after 1 million steps. This is due to the first ap-
pearance of dynamic objects moving along a certain tra-
jectory, which neural networks have not observed before. 
The fact that both alternative configurations coped and 
adapted to the changes indicates the convergence and 
relevance of the developed solution. It is worth noting 
that the On-Policy algorithm, as theoretically predicted, 
coped with stabilization faster, but the fact that the out-
sider Off-Policy variation was also able to adapt indicates 
the generalized success of the model.

It is advisable to analyze the penalty graph smoothed by the EMA 
algorithm, with visualization of local and global trends, with visualiza-
tion of the lesson boundary – Fig. 10.

 
Fig. 6. Cumulative reward value graph, smoothing factor 0.9

 
Fig. 7. Raw reward value graph

 
Fig. 8. Mathematical prediction graphs of the cumulative reward graph

 
Fig. 9. General graph of the dynamics of the penalty indicator
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Analyzing the above graphs, the difference between the obtained 
configurations is visible, if the PPO RND network from the very beginning 
forms patterns and decision-making strategies that receive moderately low 
penalties, while the SAC ICM variation starts with twice as high penalty 
results. However, as the training progresses, it is clear that the On-Policy 
algorithm exhibits a tolerance for penalties, demonstrating minimal policy 
optimization in the specific regard. This aspect is explained by the fact 
that the total reward exceeds the penalties, which is why a minor viola-
tion of the rules is permissible for artificial intelligence. At the same time, 
the Off-Policy configuration has a different learning algorithm that starts 
with the accumulation of experience, due to which the network starts with 
higher indicators. The SAC ICM variation demonstrates a high tendency 
to a steady decrease in penalties, improving its policy. This is reflected 
in a 30.47% by median and 23.59% by extreme 5% reduction in the total 
penalty during training, however, due to the mechanism of accumulation 
of experience, the Off-Policy algorithm needs much more time for stronger 
adaptation. However, these graphs demonstrate the success of training, ex-
pressed in the initial stability of the PPO RND configuration 
and the steady adaptation of the SAC ICM alternative, which 
started with worse indicators.

In addition, it is worth analyzing the components of the 
penalty values, namely the distribution of the penalty by the 
categories of behavioral infractions, which is shown in Fig. 11.

Analyzing the above diagrams of the decomposition of the 
total penalty into individual components, it is possible to see 
that, as noted above, for PPO RND, the current value of penal-
ties is acceptable, which is why it does not try to significantly 
optimize the resulting error distribution. At the same time, this 
fact is confirmed by the fact that the On-Policy model, with 
an increase in penalties for touching obstacles, reduced other 
indicators, leaving the overall indicator constant. At the same 
time, the Off-Policy analogue tries to adapt the behavior to ac-
ceptable values, by internalization the objective function, due 
to which it almost completely removes erroneous body turns 
and reduces head tilts.

The described results of the analysis of the penalty func-
tion are indicative and demonstrate a deep understanding of 
the neural network models of the connections between various 
aspects of the environment. Although SAC ICM has vulner-
abilities due to the learning algorithm and is generally worst 
rated alternative in the theoretical part, this configuration also 
captures causal relationships of its actions and consequences, 
which proves the convergence of the model.

To finally prove the theory – neural network agents is rel-
evant and successful in terms of convergence, it is necessary to 
consider the main, internal indicators of artificial intelligence 
training – Policy Loss and Value Loss. The graphs of these 
related indicators are shown in Fig. 12. The given diagrams 
demonstrate the initial difference between the two configura-

tions: The On-Policy algorithm, as noted above, is more stable, 
in particular using the "clipping" mechanism, which is expressed 
in almost straight, zero curves of the policy loss and reward pre-
diction indicators. At the same time, the Off-Policy variation 
initially has adaptation problems due to architectural factors. 
At a distance of the first million training steps, the SAC ICM 
configuration only exhibits severe policy degradation, which 
corresponds to a state of complete random exploration. However, 
with the accumulation of sufficient experience, this variation 
begins to adapt quickly, receiving an improvement in the reward 
and, accordingly, restoring other indicators. At the end of train-
ing, both alternative training variations coincide in zero values, 
which indicates the success of both configurations. At the same 
time, as predicted by theoretical analysis, PPO RND has greater 
potential and demonstrates more stable work than SAC ICM.

To prove the factor of realism and variability of the created neural 
network models using the IPIP-50 model, it is necessary to analyze 
the entropy curves of both training configurations, which are shown 
in Fig. 13.

As can be seen from the visualization above, both models dem-
onstrate non-zero final entropy of the models’ behavior. The dia-
gram shows that both algorithms reached a certain plateau, starting 
from 5–6 million training steps. At the same time, the stochasticity 
level is higher in PPO RND than in SAC ICM, which confirms the 
initial predictions. However, this result is evidence of the continu-
ity and variability of the obtained implementation of the behavior 
of non-player characters, since both networks have a sufficient sto-
chastic space of performed actions, unlike finite state machines or 
trees. The worse result of Off-Policy variation may be due to the fact 
that due to the initial policy degradation and gradients instability, 
the algorithm was forced to aggressively adapt, which affected the  
final result.

Fig. 10. Comparative presentation of the penalty graph

 

 
Fig. 11. Penalty decomposition graphs

 a b

Fig. 12. Internal model loss graphs: a – policy loss; b – value loss
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3.4. Discussion
The presented theoretical and practical research results demon-

strate the success of the primary theory regarding the feasibility of using 
the proposed approach for creating non-player character behavior using 
deep reinforcement learning algorithms, integrating the formalized 
psychological model IPIP-50 into it.

The tested solution has a conceptual difference from analogues 
and considered scientific sources, which is expressed in the approach 
with continuous adaptation of behavior, instead of achieving a deter-
ministic terminal goal, which does not take into account the value of 
intermediate steps. The results of the reward and penalty demonstrate 
the understanding of the task set by artificial intelligence, taking into 
account its non-typicality.

The feature of the proposed methodology is the research of a poten-
tial technology that should solve the considered problems. The updated 
approach to implementing the "brain" of non-player characters involves 
the use of neural networks, namely deep reinforcement learning algo-
rithms, which should provide high variance and sufficient depth of 
behavior, including solving the problem of scalability and state explo-
sion of finite state machines.

The key characteristic of the proposed solution is the idea of us-
ing psychological models of personalities, which should formalize the 
internal settings of artificial intelligence agents, ensuring human-like, 
realistic behavior. The BigFive model was chosen as the factors for 
tuning the "brain", namely its interpretation IPIP-50, which repre-
sents a deeper interpretation of the general basis of the five factors. 
Today, the power of personal computing systems has increased to 
a level that allows running heavy LLMs locally. Also, with the popu-
larization of artificial intelligence, its integration into video game 
products is becoming an increasingly widespread phenomenon. For 
example: JARVIS-1 [27] and Mantella [28], these are custom game 
modifications for the existing products Minecraft and The Elder 
Scrolls V Skyrim, respectively. Both projects use a common approach 
with LLM that understand the context of the virtual environment 
and are aimed at reacting realistically, interacting with the player.  
It is worth noting that JARVIS-1 is the subject of the work "JARVIS-1: 
Open-World Multi-Task Agents With Memory-Augmented Multi-
modal Language Models", which proves the relevance of the issue at 
a higher, scientific, level.

At the same time, the proposed approach is a separate technical 
solution, since it is aimed at creating a conceptually individual model 
of behavior simulation, avoiding the use of LLM that require signifi-
cant computational resources. Instead, the idea of this work is to create 
a lightweight neural network that imposes minimal computational 
overhead, freeing up resources for the game, using deep reinforcement 
learning algorithms.

In particular, the described process considers technologies and 
methods based on deep reinforcement learning algorithms, spe-
cifically using the Unity ML-Agents package. Results can be used 

to implement the new approach – creating a "brain" of 
behavior of non-player characters using personalized ar-
tificial intelligence models, using the example of integrat-
ing the IPIP-50 model.

The research results are of great importance primar-
ily for the gaming industry, in particular the segment 
of Triple-A (AAA: high-budget and quality, major-pub-
lisher) projects. Such projects frequently encounter the 
problem of ludonarrative dissonance, which arises due 
to the discrepancy in the realism of the visual compo-
nent and the primitiveness of the implementation of the 
virtual world content. Also, the observations formed can 
be useful in a number of other industries, such as the 
creation of realistic, human-like assistants with artificial 
intelligence, etc.

As can be seen from the results of the practical experiment, the 
developed solution proved the feasibility of the proposed approach, 
not only by simple convergence of learning, but also by overcoming the 
main problem of deterministic systems and finite state machines. The 
environment had a set of states, which consisted of more than 550 states, 
which only describes the number of combinations of the personality 
profile. With such a continuous space of configurations, the model not 
only formed a strategy that leads to the gradual optimization of the 
reward function, but also maintains a sufficient level of entropy – the 
variability of the decisions made. It is this aspect that demonstrates the 
essential and conceptual difference between deterministic approaches 
and the use of continuous behavior of a neural network in the con-
text of the problem of ludonarrative dissonance, which is considered  
in this work.

First of all, this work had objective limitations in computational 
resources. The process of training artificial intelligence models, in par-
ticular deep reinforcement learning, is resource-intensive and time-
consuming, which is a primary limitation. In addition, standardized 
out-of-the-box algorithms, such as PPO, SAC, etc., have their own needs 
and architectural features, which determine boundary conditions, re-
quiring specialized developments, with optimization of architectural 
and algorithmic solutions for the current task , avoiding generalized 
methodologies.

The ongoing state of martial law directly affected the experimental 
part. As stated above, for the stability and controllability of the process 
of training artificial intelligence models, which lasted a long time of 
continuous calculations, power outages actually invalidated the cur-
rent progress of training. Although ML-Agents provides a system of 
checkpoints and resumption of training from them, the effectiveness 
of the last episodes will be lost, which leads to errors and deviations in 
the results, requiring starting from the beginning.

The next directions of development of the obtained results are two 
main aspects.

The first is the consideration of the finished architecture of the pro-
posed solution from the point of view of modifying the neural network 
model itself for each aspect of the architecture, learning algorithms, 
additional components, etc. Developments in this direction should be 
focused on optimizing approaches specifically to the context of game 
projects and the need for continuous behavior rather than determinism 
of the environment and goals for intelligent agents.

The second aspect that should be considered is the issue of scal-
ability and determination of the limit sizes of the model and training 
configurations, regarding the issue of inflation of the weights of virtual 
environment factors. This direction is conditioned by an existential 
question that is formed on the basis of the learning intersection be-
tween the state of relevant perception of the environment by the neural 
network and the moment when it begins to perceive the world not 
according to objective indicators but according to the totality of the 
general reward function, according to which the totality of low-cost 

 
Fig. 13. Graph of comparison of entropy of neural networks
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actions exceeds the reward for the more expected one, due to the infla-
tion of its weight.

4. Conclusions

1.	 Theoretical analysis and evaluation of the existing tools pro-
vided by the Unity ML-Agents package, using an evaluation based 
on the analysis of scientific sources were performed, to determine the 
ranking of neural network training configurations.

Theoretical multi-criteria analysis revealed a ranking of training 
configurations, according to the tools of the ML-Agents package, the 
Unity video game engine, from the most successful PPO RND varia-
tion to the least successful combination of the MA-POCA algorithm 
with the ICM module. The analysis was based on the methodology of 
analyzing existing scientific and technical sources that used the selected 
technology to achieve a deterministic terminal goal, which is concep-
tually different from the proposed new approach – training continu-
ous adaptation of agents to stochastic, dynamic virtual environments.

According to the results of this task, a clear ranking of alternative con-
figurations corresponding to the selected toolkit was formed. It was de-
termined that PPO + RND is the best alternative, with an integral utility 
index of 0.6827, while the weakest configuration was MA-POCA + ICM 
with an index of 0.2506. However, since the research focuses on the in-
dividual behavior of non-player characters, it is appropriate to avoid 
using the MA-POCA algorithm due to its collective nature of adaptation. 
Therefore, a more relevant alternative was selected for further research – 
SAC + ICM, with an integral utility index of 0.3214. 

2.	 Mathematical formalization of the IPIP-50 model in the context 
of its integration into the reward function and the neural network’s per-
ception system of the virtual environment, including technical imple-
mentation was performed.

As a result of this task, a mathematical model and an architectural 
solution for implementing the reward function were revealed. A three-
level system was developed that plays the role of a modular reward 
function, which has aspects of normalization and balancing of the ob-
servation evaluation system. The feasibility of using an external dataset 
that has a normal distribution of personality clusters and is responsible 
for a more humane profiling of the training process was indicated.

The mathematical prediction of the results of the penalty models was 
declared as –0.01024 per step, or –0.0353 in the worst case. In general, the 
neural network will receive an assessment in the range [–1.0219; 0.9861], 
taking into account the worst case. At the same time, the real values will 
not reach these values and will lie in the space [–1; 1], which fully satisfies 
the requirements of neural network optimization algorithms.

3.	 The analysis of the results confirmed the success of adapting 
neural networks to a different concept of the learning environment and 
the necessary behavior strategy. Reward indicators increase, even with 
the complexity of the learning environment, penalties decrease.

It is worth noting that during model training , an increase in 
the total step reward was recorded from  [–0.42484; 0.59290] – with 
a median of –0.00275, to [–0.54248;  0.86864] – with a median of 
0.03176 for the best configuration. At the same time, the worst alter-
native rose from  [–0.45869; 0.63428] – with a median of –0.00733,  
to [–0.43657; 0.88221] – with a median of 0.02734. Taking into account 
the mathematical limit in [–1.0219; 0.9861] and the aggressive nature 
of the normalization of the hyperbolic tangent function, this result 
demonstrates the success of training. The experiment demonstrated the 
convergence of the theoretically best and theoretically worst training 
configurations. In particular, the adaptation of algorithms to environ-
mental conditions was recorded, which is expressed in a reduction in 
penalties by 30.47% for the median or by 23.59% for the extreme 5% of 
the data, for the worst configuration and a reduction by 0.85%, respec-
tively for the best one. In addition, it is worth noting that according to 
the theoretical ranking, the best model shows a penalty level half as low 

as the predicted value and the worst configuration shows a penalty level 
close to the predicted one, with a further decrease. The percentages 
relative to the predicted ones are approximately 55.66% for the overall 
median and a decrease from 55.27% to 55.08%, in the best configura-
tion, against 83.4% overall and 106.45% with a decrease to 75.98%, 
respectively, for the worst alternative.
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