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Research on survival strategies of artificial life in dynamic environment

This research seeks to develop evolutionary methods for constructing deep neural networks, offering potential improvements to
machine learning techniques by modeling adaptive architectures under selective pressures.

Purpose. The goal of the work is to explore the dynamics of neural complexity in artificial life agents exposed to progressively
challenging environments.

Research methods. We conducted a two-dimensional simulation to model populations of agents with evolving neural networks
and physical forms. The environment progresses from simple conditions to increasingly complex scenarios, including static
walls, moving obstacles, hazardous zones, and lethal poisons. Our approach builds on fundamental artificial life systems such as
Tierra, Avida, and PolyWorld. The neural architectures evolve based on principles inspired by the NeuroEvolution of
Augmenting Topologies. We apply the Tononi-Sporns-Edelman complexity measure to evaluate neural integration and
specialization, helping us understand how agents adapt their networks to achieve a balance between global coherence and
localized functionality.

Results. Research indicated that while complex environments can temporarily enhance neural sophistication, harsher conditions
often favor simpler, more prolific reproductive r-strategies. Effect, populations may create reflex-driven, stimulus-response
behaviors instead of developing complex neural structures.

Conclusions. These findings enhance our understanding of adaptive intelligence and guide approaches for designing scalable,
matching learning systems in robotics and deep neural network architecture development, contributing to the broader goal of
understanding how artificial intelligence should evolve. We propose utilizing a recursive genetic algorithm to optimize these
balance challenges, promoting long-term neural adaptation to dynamic environments.

Keywords: artificial life, neural complexity, evolutionary adaptation, dynamic environments, incremental complexity, open-
ended evolution, neuroevolution of augmenting topologies, r-strategy
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1. Introduction

Significant progress in deep neural network machine learning has led to revolutionary advancements
in technologies such as image recognition, natural language processing, and autonomous systems [1-3].
However, challenges like overfitting, poor generalization, LLM hallucinations, and high computational
demands persist, motivating the search for alternative methods of building intelligent multilayered neural
networks. The human brain, along with those of higher cetaceans, represents some of the most complex
intelligent systems evolved by biological processes, serving as inspiration for simulating the progressive
development of artificial neural networks in virtual biocenoses.
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The evolution of artificial life (ALife) models has played a crucial role in understanding adaptive
behaviors and the emergence of intelligence (noogenesis). Over the decades, researchers have explored
diverse systems simulating ecological and evolutionary dynamics. However, significant challenges
persist in modeling open-ended evolution, particularly in environments with increasing complexity.

The evolution of Alife models has been instrumental in advancing our understanding of adaptive
behaviors. However, previous studies have largely focused on adaptation and have not directly addressed
noogenesis within computational ecologies. Over the decades, pioneering systems like Tierra [4] and
Avida [5] have offered glimpses into open-ended evolutionary processes. Recent frameworks have built
upon foundational systems by exploring morphology, neural complexity, and multi-agent systems,
advancing our understanding of these aspects. However, despite these advancements, the challenge of
fostering truly open-ended complexity remains unresolved, particularly in dynamic, non-episodic
environments that progressively increase in difficulty over time.

This paper addresses a critical gap in ALife research: how does progressive environmental
complexification influence the trajectory of morphological, behavioral, and neural complexity in evolving
agents? Understanding these dynamics not only advances theoretical knowledge but also has broader
implications for designing adaptive artificial systems and improving our grasp of how intelligence might
arise in both natural and synthetic contexts. Our study differs from traditional RL setups that reset tasks
each episode and from static ALife environments that fail to provide long-term evolutionary pressure. By
exploring non-episodic, incrementally complex ecosystems, we aim to illuminate the factors that promote
or hinder the emergence of neural complexity and adaptive intelligence. While some studies set the
ambitious goal of achieving human-level intelligence [6], we do not aim to produce such outcomes,
recognizing this as an unreachable target for now given the current state of ALife research. Instead, we
seek to create conditions conducive to the gradual noogenesis of agent populations, offering insights into
why complexity sometimes stalls and what might be done to encourage it.

2. Literature review and problem statement

Foundational systems like Tierra [4] and Avida [5] revolutionized our understanding of digital
evolution, yet their static environments limited complexity growth. Subsequent studies, such as Karl
Sims’ evolving virtual creatures [7] and Framsticks [8] extended the exploration of morphology and
control. These works primarily focused on objectives like locomotion and simple foraging, without
addressing the complexities of open-ended ecosystem dynamics. PolyWorld [9] introduced evolving
neural networks to agents in a competitive environment, revealing adaptive behaviors but not exploring
progressive complexity. EcoSim [10], JaxLife [6], and multicellularity models [11] further diversified the
multi-agent interaction within However, these models often operated in environments that lacked
dynamic complexity, limiting insights into long-term evolutionary processes. Hamon et al. [12]
incorporated spatiotemporal dynamics in large multi-agent systems, advancing our understanding of
distributed interactions. POET [13] investigated paired adaptation in reinforcement learning, illustrating
flexibility in task evolution. However, both approaches depend heavily on episodic resets or predefined
objectives, restricting their applicability for studying open-ended noogenesis. Efforts by Auerbach and
Bongard [14] on how environmental factors can shape morphological complexity, while Giannakakis et
al. [15] extended this by highlighting the role of environmental variability in shaping plasticity
mechanisms, emphasizing adaptation over time. Notably, this study was not an ALife simulation but
rather focused on genetic algorithm optimization in embodied agents, which is important to differentiate.
Similarly, Canino-Koning et al. [16] demonstrated that changing environments promote rapid adaptation
in Avida, but these instructions-based grid systems differ from more ecology-driven models.

The neural complexity measurements in artificial life simulations were proposed by Yaeger and
Sprons [17] and studied over PolyWorld [18], [19]. However, these measurements were conducted in a
competitive yet static environment, limiting insights into dynamics under progressively complex
conditions.

Despite these achievements, a fundamental question remains unresolved: How does ongoing,
continuous environmental complexification, beyond simple predator-prey dynamics, impact the long-
term evolutionary dynamics of neural complexity and adaptive behavior? Does increasing environmental
complexity consistently drive the evolution of more sophisticated neural architectures, or do resource-
efficient strategies, such as simpler yet prolific adaptations, dominate under harsher conditions?
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This paper directly addresses this gap. We investigate the interplay between increasing environmental
complexity and evolving neural architectures, raising important questions about whether neural network
complexity always increases or if other strategies take precedence under harsher conditions.

3. Methods

This section provides an overview of our computational model, evolutionary procedures, and metrics
while highlighting additions to previously published work [20]. Our goal remains the simulation of open-
ended evolution of artificial creatures in a two-dimensional, progressively complex environment,
focusing on neural complexity and adaptive strategies.

3.1. Overview of the Evolution Model

Our model builds on the framework described in [20], which simulates a population of autonomous,
embodied agents (artificial “creatures”) in a two-dimensional arena. Each creature's characteristics
include a connected Physical Body with Neural Network Control. The physical body is represented as a
circular entity occupying continuous space, with physics-like rules for movement and interactions. Neural
Network Control is governed by an evolving neural network inspired by the NeuroEvolution of
Augmenting Topologies (NEAT) [21], with topology and weights subject to mutations. Reproduction is
asexual cloning with mutations. In this study, we introduce key updates to the model. Dynamic
Environmental Features: The environment evolves over time, incorporating new hazards, spatial
obstacles, and resource variability to provide incremental complexity. Additional Sensors: Beyond the
basic food sensor, wall sensor, bot sensor, and energy sensor described in [17], creatures now include
hazard zone sensors and poison sensors to better navigate increasingly complex environments. Refined
Mutation Mechanisms: Mutation probabilities have been recalibrated to include newly added sensors.

3.2. Neural Network Architecture and Complexity

Each creature’s control center is a neural network that processes sensory inputs and produces motor
outputs. Initially, creatures start with a minimal configuration, typically one food sensor, one energy
sensor, one neural node, and a simple pair of effectors (movement and rotation). Over evolutionary time,
mutations can add hidden nodes, extra sensors, and more elaborate connections, potentially increasing
behavioral sophistication.

We employ the Tononi—-Sporns—Endelman (TSE) [22] complexity measure as described and adapted
by Yaeger and colleagues [17], [19]. TSE complexity is designed to quantify the balance between
integration and segregation in a neural system. Integration refers to the degree of global information
sharing among all parts of the system, while segregation reflects how certain subsets of the system
maintain specialized, relatively independent patterns of activity. The TSE complexity measure captures
how a system’s overall integration changes when considering subsets of different sizes.

Consider a neural network composed of n nodes, represented as variables{X;...X,,}. The TSE

complexity Cy (X) is defined by comparing the full-system integration against average integrations
computed over all subsets of different sizes. Formally (3.1) [22]:
Cy (X) =2 [(k/m)1 (X)=(1 (X)) ]
k=1 (3.1)

where: X — the full set of variables (nodes);
I (X) - the integration of the full system;

I (X )— the integration computed over a subset X of size k ;
<I (Xk )> — denotes averaging over all combinations of subsets of size .

Integration |(X) can be viewed as a multivariate mutual information measure indicating how much
of the system’s entropy cannot be explained by treating variables as independent (3.2) [22]:

n
1(X)= 2 H(Xj)=H(X),
=1 (3.2)
where H (Xj) — the Shannon entropy [23] of a single node X
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H(X) —a joint entropy of the entire system.

By considering subsets of various sizes k , the measure Cy (X ) captures how integration scales and

is reduced when parts of the system are examined in isolation. If the system behaves uniformly at all
scales, integration values scale linearly, and complexity is low.

Direct computation of all subset combinations is often computationally prohibitive, particularly for
large networks. To address this, we employ approximation techniques described by Yaeger [19] and
utilize the hardware-accelerated implementation [24]. This implementation leverages JAX, a high-
performance library for numerical computation, to significantly speed up the estimation of integration
and  complexity = metrics.  The  corresponding code is  publicly available on
https://github.com/WorldThirteen/neural_complexity jax.

Under the assumption of Gaussian processes, the joint entropy of X can be computed via the
covariance matrix COV (3.3) [19]:

H(X) =1|n(2;re)” lcov,
2 (3.3)
where |[COV/| — the determinant of the covariance matrix of the n nodes’ activation patterns.

For our simulations, node activities are recorded during the last 5,000 timesteps of a creature’s life.
We derive complexity values from these data. By averaging complexity metrics over the population, we
gain insights into how environmental pressures influence the evolution of integrated yet specialized
neural structures.

This accelerated implementation of TSE complexity enables efficient computation even for large-
scale simulations, providing a rigorous framework to examine how creatures’ neural architectures balance
global coherence with local specialization in response to escalating environmental challenges.

3.3. Environmental Setup and Complexity Increments

The simulation world is a 2D continuous plane with finite dimensions (50,000 x 50,000 units).
Initially, this environment is relatively benign, containing only food resources placed at random. Over
time, we incrementally introduce complexity to assess how creatures adapt to different survival pressures:

Initial Environment: 500 creatures with minimal neural architecture start in the environment. Food
resources are distributed randomly. No hazards, walls, or moving obstacles are present.

Introduction of static walls: we introduce 50 static wall obstacles at random positions. Walls block
movement, forcing creatures to navigate around them. The presence of walls tests spatial navigation and
obstacle avoidance strategies.

Dynamic obstacles: we add 100 dynamic obstacles that move at a constant velocity (1.5 units/timestep)
and bounce off walls. These moving entities require creatures to predict obstacle trajectories and adjust
their paths accordingly.

Hazard zones: 100 hazard zones, each a circular area of radius 700 to 2,500 units, are introduced.
Entering a hazard zone drains 0.5 energy per simulation tick from a creature, imposing a continuous
penalty. Hazard zones test a creature’s ability to detect and avoid dangerous regions.

Poison elements: 1,000 poison entities, each with a radius of 90 to 120 units, move at a velocity of 2
units/timestep. Contact with poison is lethal, instantly removing the creature from the population. Poisons
represent a severe threat demanding rapid avoidance behaviors.

Environmental elements are updated periodically. For example, walls may randomly change position
once every 10,000 timesteps, and hazard zones regenerate every 25,000 timesteps. Visualization of these

complexifications can be visible in Fig. 3.1.

a - b c 'd

Fig. 3.1. Environmental elements: a — static wall; b — dynamic obstacle; ¢ — hazard zone; d — dynamic poison
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The experiment concludes when the population size drops to zero or the simulation reaches a
predefined timesteps limit, whichever comes first.

3.4. Simulation Dynamics

The simulation operates in discrete timesteps. During each tick, creatures perceive their environment
by reading sensor values and processing these through their neural networks. The resulting neural
computations translate sensory inputs into effector outputs, which determine actions such as moving
forward, rotating, or remaining stationary. Creatures consume energy continuously and through
movement, replenishing it by consuming food (50 energy units per food item). When a creature's energy
exceeds 200 units, it reproduces asexually, sharing energy with its offspring. Creatures die if their energy
falls below zero or if they collide with poisonous entities, at which point they are removed from the
simulation. Meanwhile, the environment evolves dynamically, with obstacles moving, hazard zones
regenerating periodically, and poison entities navigating the space.

3.5. Data Collection Protocol

We record data throughout the simulation to analyze evolutionary and behavioral outcomes.
Population size — we track the number of living creatures at regular intervals. Mean Lifetime — the average
lifespan of creatures is recorded over time. Lifetimes offer insights into survival strategies, reflecting how
creatures cope with environmental challenges. Neural Complexity Metrics — using the recorded node
activities, we compute the entropy-based complexity measures. These computations are performed offline
after the simulation to reduce computational overhead during runtime.

Each metric is saved for post-processing analysis. Visualizations such as population trends,
complexity graphs, and network structure diagrams are generated from these recorded data sets.

3.6. Analytical Methods

After the simulations conclude, we use Python-based tools for data analysis. Time-series analysis —
we plot population size, mean lifetime, and neural complexity as a function of simulation timesteps.
Abrupt changes at known complexity increments (walls, obstacles, hazards, poison) highlight correlations
between environmental complexity and evolutionary responses. Complexity computation — the
information-theoretic complexity of neural networks is calculated by analyzing node activity logs.
Shannon entropy and integration measures are computed for each creature’s neural data. We average
values over selected populations and compare complexity trends between simple and complex
environmental conditions. Comparative studies — we run multiple experiments under different parameter
settings or seeds. Comparisons across runs reveal consistent trends and confirm robustness. Qualitative
behavioral analysis — in addition to quantitative metrics, visual observations of creature behavior are
qualitatively analyzed. Behavioral patterns such as movement strategies, resource gathering, avoidance
of hazards, and interaction with the environment are closely monitored. These qualitative insights help
identify emergent behaviors, strategies, and adaptations that complement the numerical results.

4. Results

4.1. Population Dynamics Under Increasing Complexity

Figure 4.1 shows population size over time across the incrementally complex environment as a blue
line and simple static environment as an orange line. Initially, when conditions are simpler (0-200,000
timesteps), populations stabilize from the “primordial soup” phase, reflecting abundant resources and
minimal threats. Following the introduction of static walls at 200,000 timestep, the populations in
complex environments follow the same stabilization trend as populations in simple environments but
fluctuate more as creatures must navigate obstacles.
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Fig. 4.1. Population size over time

When dynamic obstacles appear at 400,000 timestep, the population size does not indicate a major
difference from the previous conditions.

The introduction of hazard zones at 600,000 timestep leads to more significant challenges. As
creatures enter these energy-draining regions, their lifespans shorten, reflected by declining population
numbers. These zones reward careful navigation and energy management strategies. By this point, the
population dynamics show broader oscillations, indicating a struggle between lineages that adapt and
those that fail compared to a simple environment that reached a stale state in population size by this time.

Finally, at 800,000 timestep, the environment becomes most lethal with the presence of poison
elements. Creatures that encounter poison are instantly removed from the gene pool, drastically increasing
selective pressure. The population size (Fig. 2), and the blue line have high fluctuations at a lower
threshold or show steep episodic declines as new hazards periodically reshuffle conditions. The result is
a population characterized by rapid turnover and intense evolutionary pressure.

4.2. Survival Strategies and Lifespans

To evaluate creature longevity, we tracked mean lifetimes across different environmental complexities
(Fig. 4.2, where the blue line indicates an environment with complexities and a simple static environment
is depicted as an orange line). In simpler conditions, creatures exhibited extended lifespans, capitalizing
on abundant resources and reproducing multiple times. The introduction of static dynamic obstacles
at 200,000 and 400,000 timesteps increased lifespans fluctuations.
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Fig. 4.2. Mean creature lifetime in population over time
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Hazard zones introduced at 600,000 timestep reduced mean lifetimes, with only a few lineages
evolving avoidance or energy-conservation behaviors. By 800,000 timestep, the addition of poison
elements led to the predominance of short-lived, fast-reproducing strategies, minimizing neural and
morphological investments. In contrast, in the simpler control environment devoid of these escalating
challenges, mean lifetimes remained consistently higher as creatures invested in stable, energy-efficient
behaviors, favoring long-term survival and reproduction.

4.3. Morphological and Neural Adaptations

Fig. 4.3, a depicts a representative evolved creature morphology under a complex environment. Over
many generations, body size and sensor placements can change, reflecting attempts to cope with walls,
obstacles, hazard zones, and poison. These lineages often sacrifice stability and complexity for speed and
agility, resulting in more streamlined morphologies optimized for quick bursts of foraging and immediate
reproduction before encountering lethal conditions.

e

Fig. 4.3. Visual representation of the evolved creature morphology in, circles are bodies, lines are sensors. Where
a — in complex environment, b — in simple environment

In contrast, creatures evolved under simpler conditions, illustrated in Fig. 4.3, b, often maintain more
moderate body sizes and sensor distributions. Without harsh selective pressures, these lineages can afford
slower, more energy-efficient foraging strategies. They do not need extreme agility and/or rapid
reproduction since they face fewer existential threats. From a neural architecture perspective, Fig. 4.4
compare the neural networks of evolved creatures in complex versus simple environments. Under a
complex environment (Fig. 4.4), neural networks may initially expand to incorporate sensors and
interneurons for threat detection. However, over time and under extremely lethal conditions, there is a
trend toward minimal networks that directly connect critical sensors (e.g., poison or hazard detectors) to
effectors for rapid avoidance maneuvers. These networks often remain shallow and specialized, favoring
direct stimulus-response paths instead of integrative, deeply hierarchical architectures. This pattern
resembles the emergence of direct reflex-like mechanisms, optimized for immediate survival in highly
selective environments.
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Fig. 4.4. Visual representation of the evolved creature neural network in a complex environment. The top row
contains sensor neurons, the bottom row contains effectors, the middle are processing neurons, and the lines are
synaptic links.

In simple environments, the neural networks of the creatures often become more elaborate. A sample
of such a network is depicted in Fig. 4.5. With less pressure to avoid lethal threats immediately, creatures
explore more sophisticated sensor integration, potentially leading to richer behavioral repertoires. These
creatures can afford neural complexity that does not yield an immediate survival advantage but may
improve long-term foraging efficiency or energy management.
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Fig. 4.5. Visual representation of the evolved creature neural network in a simple environment. The top row
contains sensor neurons, the bottom row contains effectors, the middle are processing neurons, and the lines are
synaptic links.

4.4, Neural Complexity Trends

The mean population neural complexity over time is shown in Fig. 4.6, where orange lines are
simulations in a simple environment and blue lines are simulations within environments of grown
complexity. Simple environmental complexifications — static walls and dynamic obstacles briefly
stimulate neural complexity growth as creatures experiment with more intricate sensorimotor mappings
to cope with new obstacles. However, as the environment becomes more hostile (post-600,000 and
especially post-800,000 timestep), complexity does not continue to rise. Instead, simpler, more direct
strategies dominate, leading to a plateau or even a decline in complexity metrics right after high
instability.
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Fig. 4.6. Mean population Neural Complexity over time for simulation runs with complex and simple
environments

Figure 4.7, which presents longer simulation runs with matched initial seeds, confirms that complexity
is not guaranteed to increase simply by making the environment harder, even if more time is given for
the population to adapt. While both complex and simple conditions start similarly, the complex
environment lineages eventually diverge, often settling on less complex neural configurations.
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Fig. 4.7. Mean population Neural Complexity over time for simulation runs with complex and simple
environments with the same seed

4.5. Generational Turnover and Reproductive Strategies

To understand how lineages maintain themselves under severe selection pressures, we examined the
generational patterns of births and deaths over time. Figure 4.8 shows a scatter plot of the generations of
newly born creatures per time window. In the complex environment, the high turnover rate is evident. As
the environment grows more lethal, lineages adopt rapid reproductive strategies, producing large numbers
of offspring in quick succession. This ensures that some descendants survive by sheer volume, even if
most die young and fail to evolve more intricate neural control systems.
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Fig. 4.8. Mean generation of born in its generation per simulation timesteps, complex environment, simple
environment

In a simpler environment, generation turnover is more gradual. Creatures reproduce at a moderate
pace, often retaining more complex neural networks since their survival is not constantly threatened. This
leads to more stable population structures and longer-lived individuals.

4.6. Summary of Findings

Across three repeated experiments under each setting, we found consistent trends. Under escalating
complexity (walls at 200,000, dynamic obstacles at 400,000, hazard zones at 600,0000, poisons at
800,000), we observe several trends. Population sizes fluctuate more widely, with pronounced crashes
following the introduction of deadly elements (Fig. 4.1). Mean lifetimes decrease significantly, especially
once hazard zones and poisons appear (Fig. 4.2). Morphologies shift toward lean, agile forms prioritizing
fast reproduction (Fig. 4.3, a), whereas simpler environments yield more moderate, stable morphologies
(Fig. 4/3, b). Neural architectures do not necessarily become more complex; instead, they often remain
or even revert to simpler stimulus-response patterns under lethal pressures (Fig. 4.4 vs. Fig. 4.5). Neural
complexity measures (Fig. 4.6, Fig. 4.7) show that complexity growth is not guaranteed in more
challenging environments. High generational turnover (Fig. 4.8) characterizes populations in harsh
conditions, reflecting a strategic pivot away from complexity toward rapid proliferation.

5. Discussion

The results of this study provide a nuanced perspective on the evolutionary trajectories of ALife
populations under incrementally increasing environmental complexity. While it is reasonable to
hypothesize that adaptation to complex environments would grant individuals with greater cognitive
capacity (i.e., higher neural complexity) an adaptive advantage, thereby driving a gradual increase in
population-wide neural complexity and fostering noogenesis, the findings suggest that this outcome is
not guaranteed.

Initial increases in environmental complexity (e.g., walls, moderate obstacles) occasionally
encouraged the emergence of diverse sensorimotor strategies and incremental neural complexity.
However, these trends were neither stable nor consistent. As environmental conditions became
increasingly lethal, populations often adopted strategies prioritizing survival through quantity rather than
quality. Organisms reproduced rapidly, had shorter lifespans, and exhibited simpler stimulus-response
neural networks. In essence, rather than evolving toward cognitively complex forms, evolutionary
lineages frequently gravitated toward r-strategist solutions characterized by high reproduction rates and
rapid generational turnover, as described by r/K selection theory in ecology [25]. This allowed
populations to persist despite constant existential threats.
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This phenomenon aligns with certain ecological and evolutionary principles observed in nature.
Darwin's concept of the "economy of nature™ [26] posits that evolution is not a linear progression toward
complexity but a process driven by immediate survival and reproductive needs. Many biological systems,
particularly in harsh environments, favor strategies that maximize short-term fitness. For instance, r-
strategists thrive in unpredictable or lethal conditions by producing numerous offspring quickly, often at
the cost of individual longevity or complexity. Analogously, our ALife populations exhibit similar
behaviors, demonstrating that increased environmental difficulty does not inherently lead to greater
complexity. On the contrary, the presence of critical threats often necessitated reductions in neural
complexity, reverting neural architectures to simplified, reflex-driven networks.

Neural complexity metrics derived from the Tononi—Sporns—Edelman (TSE) measure [22] indicate
that complexity can rise temporarily but often plateaus or declines under lethal environmental pressures.
While Yaeger L. and Griffith V. anticipated that increasing environmental complexity would drive higher
neural complexity in agents [18], our findings underscore the necessity of avoiding parasitic r-strategy
dynamics. The conditions must provide stable incentives for complexity — selective pressures that
consistently reward integrated, adaptive cognitive strategies over short-term exploitative tactics.

These insights suggest that complexity emerges most readily in balanced environments where agents
are pressured to adapt and explore richer behavioral niches without facing mortality rates so high that
reproductive quantity becomes the most viable strategy.

To promote progressive neural network development through adaptive control of artificial life in
dynamic environments, it is advisable to use recursive genetic algorithms [27] with several strategies.
Layered Challenges that Reward Complexity — Rather than introducing merely lethal elements, design
scenarios where certain high-value resources or safe zones can only be accessed through complex
behaviors or problem-solving. Complexity should be not only useful but necessary for stable survival.
Social and Cooperative Pressures — introducing tasks that require cooperation, communication, or social
learning may incentivize more integrated neural networks. Complexity may flourish if communication or
coordination among agents confers a clear survival advantage. Gradualism and Stability — providing
stable intermediate niches, where complexity pays off before lethal threats dominate, could help
complexity accumulate. Environments that ramp up difficulty more gradually might prevent populations
from collapsing into simple r-strategies. Penalizing Simplicity — another approach is to modify fitness
landscapes so that purely r-strategic solutions have diminishing returns. For example, increasing energy
costs or imposing metabolic trade-offs that only complex networks can efficiently navigate might nudge
the evolutionary trajectory toward complexity.

6. Conclusion

Diverse biological organisms have evolved distinct survival strategies, with intelligence being one of
them, albeit the most successful. The fact that evolution in terrestrial and aquatic environments has led to
the emergence of highly cephalized forms highlights the inherent patterns driving noogenesis.
Observations of instances where artificial neural networks exhibit excessive complexity during sustained
adaptation further support the arguments against traditional objections to Darwin's theory. These
objections often claim that the genetic basis for advanced cognitive abilities, such as mathematical skills,
could not have evolved prior to the existence of such cognitive needs.

To replicate simplified noogenesis within neural networks through adaptive control of artificial life,
future models must incorporate mechanisms capable of identifying and mitigating parasitic strategies—
those that enable populations to thrive without contributing to increased complexity. The use of recursive
genetic algorithms offers a promising approach, allowing for the dynamic adjustment of environmental
complexity to foster a sustained trend of neural network intellectualization. This iterative, feedback-
driven process mirrors the dynamics of natural evolution and holds significant potential for achieving
stable noogenesis in artificial life systems.

The practical significance of this study lies in the development of alternative methods for developing
and training multilayered neural networks, overcoming existing limitations such as overfitting, poor
generalization, high computational demands, and improving approaches to training autonomous robots.
These findings have direct applications in various fields, including evolutionary design methods and
solving complex practical challenges through adaptive, evolution-inspired learning systems.
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JocaigkeHHs cTpareridi BUKUBAHHS INTYYHOTI'O KUTTS Y THHAMIYHOMY
cepeaoBMIL

Ie mocmikeHHs CIpIMOBaHe Ha PO3POOKY €BOIOIIHHIX METOIB JUIs OOYIOBH INTMOOKMX HEHPOHHUX MEPEX, IPOIOHYIOYH
MOTEHIIHHI BIOCKOHAJICHHS METOJIB MAIIMHHOTO HABYAHHS IIIIXOM MOJCIIOBAHHS aJalTHBHUX apXiTEKTyp MiJ BIIMBOM
CEJICKTHBHOT'O THUCKY.

MeTta. MeTor0 po0OOTH € TOCIIIKSHHSI JMHAMIKA HEHPOHHOT CKJIQJIHOCTI y areHTIB MTYYHOTO KUTTH, SKi B3aEMOJIIOTH 13 Jieaari
CKJIaJIHIIIMMH YMOBaMH CEPEIOBHIIIA.

Metonu gocixkennsi. My IpoBeiy JBOBUMIPHY CUMYIILIIO JUIS MOJICITIOBAHHS MOITYJISILIH areHTiB 3 HEHPOHHUMH MEpexXaMu
Ta Gi3UIHUMU (POPMaMH, IO €BOJIOLIOHYIOTh. CepeoBHILe 3MIHIOEThCS Bil MPOCTUX YMOB 10 OUTBII CKIQIHUX CICHApIiB,
BKJIFOUAIOYM CTAaTHYHI CTiHH, PyXOMi MEpeIIKoau, HeOe3leuHi 30HM Ta cMepTelbHi oTpyTH. Ham minxin Oa3yeTbcs Ha
(hyHIaMEHTaTBHUX CUCTEMaX IMTYYHOTO KUTTH, TakuX sk Tierra, Avida Ta PolyWorld. HelipoHHi apXiTeKTypH €BOIIOIIOHYIOTH
Ha OCHOBI NpHHIMIIB, HaTXxHeHHNX NeuroEvolution of Augmenting Topologies. Mu 3acTocoByeMo Mipy ckiagHOCTI TOHOHI—
CrnopHca—EnenpMana st OIIHKH HEWPOHHOT iHTErpallii Ta creriaisaiii, o TomoMarae 3p03yMiTH, SIK ar€HTH aIalTYIOTh CBOT
Mepexi I JOCATHEHHsI OalaHcy MiXK INI00aTbHOI0 KOTEPEHTHICTIO Ta JIOKAI30BAaHOK (DYHKIIOHAIBHICTIO.

PesyabTaTu. JJoCIipKeHHS NOKA3alo, 110, X04a CKJIa HI CePeIOBHIIA MOXKYTh TUMYACOBO ITiIBULIYBAaTH HEHPOHHY CKIIA/IHICTB,
JKOPCTKIII YMOBH YacTO CHPHUSIOTH MPOCTIIINM, aje OUIbII MPOAYKTHBHHAM PENPONYKTUBHHUM I-CTpaTerisiM. Y pe3ynbTari
MOIYJISIIIT MOXYTh (POPMyBaTu pedIIeKTOPHI, CTUMYJI-pEaKIiiiHi TOBEIIHKOBI MOJEI, 3aMiCTh PO3BHUTKY CKIAJHUX HEHPOHHHUX
CTPYKTYD.

BucnoBku. 1i pe3ynpraT MOrmHOIIOIOTE HAallle PO3YMIHHS aJallTUBHOTO 1HTEJIEKTY i JOIOMaraloTh Y po3poOmi MiAXoaiB 10
CTBOPEHHs MacIITabOBaHMUX CHCTEM MAIIMHHOTO HaBYaHHsS Yy POOOTOTEXHIlli Ta PO3pOOL apXiTEeKTyp IIMOOKHX HEWPOHHHX
MEepex, IO CIPUSIE TOCSITHEHHIO MIUPIIO] METH PO3yMiHHS €BOJIOLIT IITYYHOTO iHTEIEKTY. MU IIPOIOHYEMO BUKOPHCTOBYBATH
PEKYpCHBHHMI TEHETMYHHMH aJrOpUTM JUI1 ONTHMI3alil IuX OajaHCiB BUKIIMKIB, IO CIPHUSE JOBFOCTPOKOBIiil HEWPOHHIH
ajanTarmii 10 JMHAMIYHUX CEPEeIOBHIIL.

Knrouogi cnosa: wmyune dcumms, HeUpoOHHA CKIAOHICMb, eOMOYiliHa adanmayis, OUHAMIYHI cepedosuwyd, NOCMYnosd
CKNIAOHICMb, HeOOMedICeHa eBONIoYIsl, HEeUPOeBONIOYIs POWUPIOBAHUX MONONO2IU, F-cmpamezis
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