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This study investigates whether failures of proto-life emergence are primarily due to limited optimization or
to insufficient model expressivity. We formulate an abstract protocell-inspired environment as a continuous-
control Markov decision process and train a Soft Actor—Critic (SAC) agent under a maximum-entropy
objective to act as a strong exploration-preserving optimizer. The environment includes protein-like con-
centration dynamics, membrane integrity, abstract functional role coverage, and division-like events, while
expressivity is varied through three regimes controlling coupling strength, feedback structure, and internal
memory. Performance is evaluated using survival rate, success rate, mean functional role coverage, and
mean number of division events. Across regimes, survival reached 100%, but success increased from 67.5%
in the low-expressivity regime to 97.5% in the mid regime and 100% in the high regime. Mean division count
rose from 7.58 and 9.05 in the low and mid regimes to 34.58 in the high regime, indicating a qualitative
transition toward growth-dominated behavior once stronger feedback and memory were available. These
results show that strong entropy-regularized optimization alone does not guarantee life-like organization
when essential state variables and interaction mechanisms are absent. Rather, the emergence of sustained
proto-biological behavior is bounded by the representational structure of the model itself. The findings
position maximum-entropy reinforcement learning as a diagnostic tool for identifying missing structural
ingredients in computational origin-of-life models.

Povzetek: Studija pokaze, da je pojav protozivljenjskega vedenja bolj omejen z izraznostjo modela kot z

zmogljivostjo optimizacije.

1 Introduction

The origin of life remains one of the most profound unre-
solved problems at the intersection of physics, chemistry,
biology, and information theory. A dominant conceptual
framework views abiogenesis as a stochastic exploration of
an astronomically large combinatorial space of molecular
configurations, reaction networks, and organizational mo-
tifs, from which only a vanishingly small subset gives rise
to self-sustaining systems capable of persistence and repro-
duction [1, 3]. From this perspective, life-like organization
is a rare outcome of molecular interactions constrained by
thermodynamics, environmental conditions, and limited re-
sources.

A central challenge within this framework is determining
whether optimization alone, which is broadly construed as
selection, feedback, or adaptive control, is capable of reli-
ably navigating such a combinatorial landscape to assem-
ble the minimal functional organization required for sus-
tained proto-biological behavior. While Darwinian evolu-
tion provides an existence proof that adaptive optimization

can shape complex biological systems once replication and
inheritance are established, it remains unclear whether opti-
mization mechanisms are sufficient prior to the emergence
of fully formed replication machinery [4]. This raises a crit-
ical question that has remained largely unresolved: is the
difficulty of life’s emergence primarily due to insufficient
guidance and selection pressure, or does it reflect the ab-
sence of essential structural variables and feedback mecha-
nisms in the underlying system itself?

Recent advances in reinforcement learning (RL) provide
a powerful computational lens through which to revisit this
question. Modern RL algorithms operate as effective op-
timizers in complex, stochastic, and high-dimensional en-
vironments, leveraging continuous feedback, long-horizon
credit assignment, and adaptive exploration strategies [6].
Among these approaches, maximum-entropy reinforce-
ment learning has emerged as a principled framework that
explicitly balances reward maximization with sustained ex-
ploration by augmenting the optimization objective with an
entropy regularization term [8, 7]. From a formal optimiza-
tion perspective, these methods provide a strong practical
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exploration-and-control regime. They are designed to re-
duce premature convergence and maintain exploration over
a rich space of trajectories, but no guarantee of global opti-
mality is assumed.

In this work, we treat maximum-entropy reinforcement
learning not as a model of biological evolution, but as a
computational stress test for emergence. Specifically, we
ask whether a widely used entropy-regularized RL agent,
Soft Actor—Critic (SAC), can reliably induce life-like or-
ganization in a controlled proto-system when granted con-
tinuous feedback, adaptive control, and an explicit incen-
tive for exploration. If such an optimizer repeatedly fails
to assemble and maintain proto-biological organization de-
spite stable learning and sustained exploration, the result
provides evidence consistent with limitations in the expres-
sive capacity of the modeled system, although it does not
establish global impossibility. To investigate this ques-
tion, we construct a protocell-inspired simulation environ-
ment that deliberately abstracts away biochemical detail
while retaining structural motifs widely discussed in origin-
of-life research such as resource influx, degradation, cat-
alytic amplification, compartmentalization, and division-
like events [9, 10]. The environment consists of a pop-
ulation of protein-like components whose concentrations
evolve under stochastic dynamics, catalytic interactions,
and environmental perturbations. Rather than modeling
explicit chemical reactions, we introduce functional-role
proxies: abstract representations of stability, interaction po-
tential, and functional coverage that collectively determine
whether the system exhibits persistence, self-maintenance,
and growth with division under noise.

Our SAC agent interacts with this environment by con-
trolling both environmental and protocol-level variables.
Actions correspond to abstracted interventions such as
feeding rate, dilution strength, membrane permeability,
and feedback amplification. The agent is trained under
a maximum-entropy objective that encourages broad ex-
ploration of system trajectories while optimizing a long-
horizon reward encoding biological sufficiency: sustained
viability balanced against parsimony, with explicit penal-
ties for unnecessary complexity. This formulation reflects
long-standing arguments that early life must have achieved
a delicate balance between functional completeness and
minimal organizational overhead [11, 12]. Crucially, the
environment is parameterized by an explicit model expres-
sivity regime, allowing systematic control over the richness
of interactions, feedback loops, and memory-like state vari-
ables available to the system. By systematically varying
coupling strength, feedback structure, and internal memory
capacity, we directly examine how the dimensionality and
organization of the state space constrain what any optimizer
can achieve, regardless of its sophistication. This con-
trolled design holds the optimization method fixed while
varying only the expressive capacity of the environment,
thereby isolating the structural contribution of coupling,
feedback, and memory.

Across a wide range of experimental conditions, we ob-
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serve regimes in which learning converges and policy en-
tropy collapses despite entropy regularization, yet life-like
organization consistently fails to emerge. Only when suf-
ficient interaction richness, feedback mechanisms, and in-
ternal state variables are introduced does sustained proto-
biological behavior become attainable. These findings indi-
cate that the primary bottleneck in emergence is not merely
the absence of guidance or optimization, but the expressive
capacity of the modeled biochemical and environmental in-
teractions themselves.

More broadly, this work highlights a fundamental lim-
itation of optimization-based approaches to emergence.
By construction, maximum-entropy reinforcement learning
can only optimize over variables, state representations, and
feedback channels explicitly encoded in the model. If es-
sential variables governing viability are absent or if criti-
cal couplings are unrepresented, then no amount of explo-
ration, entropy regularization, or algorithmic sophistication
can recover them. In this sense, entropy-regularized RL
serves as a stringent diagnostic benchmark for what opti-
mization can achieve within a given model, allowing per-
sistent failure to be interpreted alongside convergence and
exploration diagnostics as evidence of potentially missing
structure. By reframing maximum-entropy reinforcement
learning as a diagnostic instrument rather than a generative
explanation, this study offers a new computational perspec-
tive on life-like emergence, bridging reinforcement learn-
ing theory, artificial life, and origin-of-life modeling.

Research objectives and hypotheses

This study is guided by the following research objectives:

1. To determine whether a strong entropy-regularized re-
inforcement learning agent can reliably induce sus-
tained proto-life behavior in an abstract protocell-
inspired environment.

2. To evaluate how model expressivity, defined through
coupling strength, feedback structure, and internal
memory, affects the emergence of life-like organiza-
tion.

3. To distinguish optimization-related failure from struc-
tural failure by holding the learning algorithm fixed
while varying only the expressive capacity of the en-
vironment.

The investigation is organized around the following hy-
potheses:

— H1: Increasing model expressivity improves proto-
life success metrics, including functional coverage and
division behavior.

— H2: Maximum-entropy SAC can achieve stable con-
trol across all regimes, but sustained proto-life orga-
nization will remain limited in under-expressive envi-
ronments.
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— H3: When optimization strength is held fixed, failures
of emergence are better explained by missing struc-
tural variables and couplings than by deficiencies in
exploration or learning.

2 Related work

This section reviews prior research relevant to the emer-
gence of life-like organization, optimization-driven models
of biological systems, and the use of reinforcement learning
as a control and exploration paradigm in complex dynam-
ical environments. The objective is to situate the present
study within existing theoretical and computational frame-
works, and to identify unresolved limitations that motivate
the proposed approach.

2.1 Origin-of-life models and emergent
organization

The emergence of life from non-living matter has long been
extensively studied through theoretical, chemical, and com-
putational models that emphasize self-organization under
non-equilibrium conditions. Classical frameworks describe
abiogenesis as a process governed by thermodynamics, re-
action kinetics, and stochastic molecular interactions, in
which structured behavior arises once critical thresholds of
energy flow and interaction density are exceeded [13, 1, 3].

Autocatalytic network theory formalized this idea by
demonstrating that self-sustaining chemical organization
can emerge when reaction networks achieve sufficient cat-
alytic closure [14, 15]. Despite their conceptual impor-
tance, most origin-of-life models rely on analytically pre-
scribed dynamics or limited parameter exploration. As
a result, it remains unclear whether failures to achieve
sustained organization reflect fundamental theoretical con-
straints or insufficient exploration of the available state
space [16, 17, 18]. Without an explicit, strong search or
control mechanism, it is difficult to determine whether ob-
served failures of emergence reflect fundamental inadequa-
cies in the modeled dynamics or simply the inability of the
system to discover viable organizational regimes. Address-
ing this limitation requires a framework in which optimiza-
tion power is deliberately maximized and treated as a con-
trolled variable.

2.2 Optimization and selection-based
approaches

To overcome the limitations of unguided stochastic mod-
els, a broad class of optimization- and selection-based ap-
proaches has been applied to biological and biochemical
systems. Evolutionary algorithms, genetic programming,
and related methods have demonstrated that explicit se-
lection pressures can efficiently identify functional RNA
sequences, protein motifs, and simplified metabolic net-
works under predefined fitness objectives [19, 20]. More
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recently, large-scale systems biology studies have shown
that metabolic innovation and sustained functional organi-
zation arise from coordinated network-level expansion and
selection, rather than from isolated reactions or local pa-
rameter tuning [21]. Collectively, these results indicate that
guided optimization can dramatically outperform random
exploration in high-dimensional biochemical state spaces.

However, the interpretability of these successes remains
limited in a fundamental respect. Most evolutionary and
selection-based approaches embed substantial prior guid-
ance through explicitly defined fitness functions, hand-
crafted mutation operators, and population-level selec-
tion dynamics. While effective for engineering purposes,
this design choice tightly couples optimization strength to
model expressivity. Consequently, successful emergence
cannot be unambiguously attributed to the intrinsic orga-
nizational capacity of the modeled chemical system, but
may instead reflect the degree to which external selection
pressure has been engineered to favor particular outcomes.
This entanglement complicates causal interpretation, as it
becomes difficult to disentangle whether sustained orga-
nization arises because it is supported by the system’s in-
ternal dynamics or because the optimization procedure is
sufficiently prescriptive to locate it. These limitations are
most pronounced in protocell-like regimes, where viabil-
ity depends on long-term integration rather than local fit-
ness gradients. Functional organization often emerges only
after extended transients, conditions under which classical
evolutionary, heuristic, and greedy optimization methods
struggle due to weak long-horizon credit assignment, frag-
ile diversity, and premature convergence in rugged land-
scapes [22]. As a result, negative outcomes remain am-
biguous, reflecting either genuine structural insufficiency
or inadequate exploration.

This motivates treating optimization as a controlled ex-
perimental variable rather than a heuristic. By employing
frameworks that support sustained exploration and long-
horizon credit assignment with minimal prior bias, failures
of emergence become diagnostically meaningful, indicat-
ing limitations of the modeled dynamics rather than defi-
ciencies of the search process.

2.3 Reinforcement learning in artificial life

RL offers a principled framework for sequential decision
making in stochastic environments, wherein an agent inter-
acts with a system to learn a policy that maximizes long-
term cumulative reward. This paradigm has been increas-
ingly applied to artificial life and complex adaptive sys-
tems, providing mechanistic insights into feedback, mem-
ory, and sustained viability that are difficult to capture with
static or purely evolutionary methods [5, 23].

More recent work has explored RL in domains closely
related to biochemical and molecular systems. In chemi-
cal process control and reaction optimization, RL has been
used to learn dynamic control policies that adapt to sys-
tem disturbances and maximize process-performance met-
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rics. Likewise, deep learning and sequential optimization
have been applied to inverse molecular design, where high-
dimensional chemical spaces are explored to discover and
optimize molecular structures [24].

Despite its increasing adoption in artificial life and chem-
ically inspired modeling, RL has, to the best of our knowl-
edge, not been systematically employed as a methodologi-
cal instrument for evaluating the sufficiency of model rep-
resentations themselves. Prior work predominantly applies
RL as a control or optimization framework within envi-
ronments whose state variables, interaction structures, and
feedback mechanisms are implicitly assumed to be ade-
quate a priori. Consequently, learning outcomes are typ-
ically interpreted in terms of policy performance or task-
level success, rather than as evidence bearing on the ex-
pressive capacity of the underlying dynamical model. Un-
der this prevailing perspective, failures of learning are most
often ascribed to algorithmic limitations, suboptimal train-
ing procedures, or deficiencies in reward specification,
rather than to omissions in state representation or unmod-
eled coupling mechanisms. This interpretive bias obscures
the distinction between genuine structural insufficiency and
artifacts of the optimization process, leaving unresolved
whether non-emergence reflects intrinsic constraints of the
modeled dynamics or limitations of the learning framework
itself. The present study is motivated by this gap and adopts
reinforcement learning as a controlled, strong optimizer to
explicitly diagnose representational insufficiency in proto-
life models.

2.4 Maximum-entropy reinforcement

learning

Maximum-entropy RL extends conventional reinforcement
learning by explicitly incorporating an entropy term into the
optimization objective, thereby favoring policies that re-
main stochastic while achieving high expected return [8].
This stochasticity is not incidental; it encourages persis-
tent behavioral variability, helps reduce premature collapse
onto narrowly optimized control strategies, and promotes
continued exploration of alternative system trajectories in
complex, non-convex environments. From the perspec-
tive of origin-of-life modeling, the explicit promotion of
randomness is particularly significant. Many theoretical
accounts of abiogenesis emphasize that early biochemi-
cal organization arises in regimes dominated by stochas-
tic fluctuations, where variation, noise, and random per-
turbations play a constructive role in enabling novel con-
figurations, reaction pathways, and functional associations
to be sampled [3, 2]. In such settings, the suppression of
variability through overly deterministic control can artifi-
cially constrain the space of attainable dynamics, masking
the latent organizational potential of the system. Entropy
regularization therefore provides a principled mechanism
for sustaining the diversity of system trajectories required
to probe whether life-like organization can emerge at all
within a given representational framework. SAC consti-
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tutes a widely used instantiation of maximum-entropy re-
inforcement learning, integrating off-policy learning, au-
tomatic entropy adjustment, and stable function approxi-
mation. By adaptively regulating the entropy coefficient,
SAC maintains stochasticity when multiple viable strate-
gies exist and reduces it only when the dynamics favor
more structured control. As a result, SAC provides a strong
learning-based controller that balances exploration and ex-
ploitation over long horizons without requiring manual tun-
ing of noise levels or exploration schedules.

Despite these advantages, maximum-entropy reinforce-
ment learning has seldom been employed to interrogate the
adequacy of model representations themselves. Existing
applications generally presume that the environment dy-
namics, state variables, and interaction structures are suffi-
ciently expressive, and interpret learning outcomes primar-
ily in terms of task performance. Consequently, failures
are often attributed to algorithmic or training deficiencies
rather than to missing state dimensions or unmodeled cou-
pling mechanisms. In contrast, the present study leverages
entropy-regularized reinforcement learning as a controlled,
exploration-maximizing optimizer to assess whether sus-
tained, life-like organization is achievable within a given
model specification, and to distinguish structural limita-
tions from optimization artifacts.

2.5 Summary and research gap

Prior work in origin-of-life research and artificial life mod-
eling has demonstrated that both self-organizing dynam-
ics and optimization-based mechanisms can, under suit-
able conditions, give rise to complex and adaptive behav-
ior. Models of abiogenesis typically emphasize stochas-
ticity, autocatalysis, and far-from-equilibrium dynamics,
whereas optimization and selection-based approaches show
that guided search can substantially accelerate the discov-
ery of functional organization within high-dimensional bio-
chemical spaces. Reinforcement learning further expands
this methodological landscape by offering a principled
framework for adaptive, long-horizon control in stochastic
environments.

Despite these advances, a fundamental limitation re-
mains common across these approaches: optimization
power and model expressivity are rarely disentangled. In
origin-of-life models, failures to achieve sustained organi-
zation are often difficult to interpret due to restricted ex-
ploration and the absence of explicit, strong control mecha-
nisms. Conversely, evolutionary and learning-based meth-
ods typically embed strong prior assumptions through fit-
ness functions, mutation operators, or environment design,
obscuring whether successful emergence arises from the in-
trinsic dynamical capacity of the modeled system or from
externally imposed guidance.

In this context, reinforcement learning has primarily
been used to optimize behavior in environments whose rep-
resentational adequacy is implicitly assumed. Outcomes
are interpreted in terms of policy quality or task perfor-
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mance, while failure is commonly attributed to algorithmic
limitations, training instability, or reward misspecification.
Consequently, RL has not been systematically used as a di-
agnostic instrument for determining whether a model can
support life-like organization in the first place. This in-
terpretive gap leaves unresolved the foundational question
posed in the Introduction: is the difficulty of life’s emer-
gence attributable mainly to insufficient guidance and se-
lection pressure, or to missing structural variables, feedback
mechanisms, and internal state representations? Without a
framework that holds optimization power fixed at a strong
level, this distinction remains ambiguous.

The present study addresses this gap by reframing
maximum-entropy reinforcement learning as a stringent di-
agnostic benchmark for optimization capability. By de-
ploying a strong entropy-regularized controller and system-
atically varying model expressivity while holding the learn-
ing algorithm constant, we examine the extent to which sus-
tained proto-biological organization is constrained by rep-
resentational structure rather than by deficiencies in search
or control. In this setting, persistent optimization failure,
considered together with convergence and exploration di-
agnostics, becomes evidence consistent with missing vari-
ables, feedback pathways, or internal memory mechanisms.
This perspective establishes a principled methodology for
evaluating and refining computational models of life-like
emergence and for bridging reinforcement learning theory
with foundational questions in artificial life and origin-of-
life research.

3 Methodology

This section presents the computational framework devel-
oped to examine the limits of maximum-entropy optimiza-
tion in abstract proto-life systems. The problem is for-
mulated as a continuous-control Markov decision process
(MDP), within which a protocell-inspired simulation envi-
ronment is coupled to a fixed, high-capacity reinforcement
learning agent. We detail the environment structure and
expressivity regimes governing interaction richness and in-
ternal state, the system dynamics and reward formulation,
and the training and evaluation protocol based on entropy-
regularized reinforcement learning. The central objective
is to decouple optimization capability from model expres-
sivity and to determine whether life-like organization can
arise when learning, exploration, and control are no longer
the dominant constraints.

Figure 1 provides an overview of the proposed frame-
work, illustrating the abstract proto-system, the hierarchy
of expressivity regimes, the maximum-entropy SAC con-
troller used as a strong optimization benchmark, and the
training and evaluation pipeline. Together, these compo-
nents define a controlled experimental setting designed to
probe how the representational capacity of the modeled sys-
tem bounds what even powerful optimization algorithms
can achieve.
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3.1 Problem formulation

Proto-life emergence is formalized as a sequential decision-
making problem represented by a continuous-control MDP,

M=(S8,AP,r7), (1

where S denotes a continuous state space describing an ab-
stract proto-life system, A is a continuous action space, P
specifies stochastic state-transition dynamics, r : S x A —
R is a scalar reward function encoding biological suffi-
ciency, and v € (0, 1) is a discount factor governing long-
horizon optimization.

The objective of this formulation is not to reproduce bio-
chemical realism, but to assess whether a strong learning
agent, endowed with adaptive control and explicit explo-
ration incentives, can assemble and sustain life-like orga-
nization within a given model specification. Maximum-
entropy reinforcement learning is therefore treated as a
diagnostic optimization benchmark, allowing failures of
emergence to be evaluated in relation to the structural lim-
itations of the modeled system as well as the observed
search, exploration, and learning behavior.

3.2 State representation

At each discrete time step ¢, the environment is character-
ized by a continuous state vector s; € S defined as

S¢ = [Ct, my, Ty, hy, at—l]a 2)

where ¢; € Ri’ denotes the concentration vector of N
protein-like components, m; € R represents membrane
integrity, r; € [0, 1] encodes abstract functional role cov-
erage, hy = (e, ¢) denotes internal memory variables
(such as stored energy and structural integrity) when en-
abled under higher expressivity regimes, and a; _; € [0, 1]*
corresponds to the control action applied at the previous
time step.

Abstract functional roles are computed via a fixed ran-
dom projection followed by a saturating nonlinearity,

r, =f(c,) =1 —exp(— aWey), 3)

where W € REXN i a randomly initialized role-mapping
matrix and o > 0 is a fixed saturation coefficient. This
construction provides an abstract and distributed proxy for
functional coverage, enabling the representation of system-
level organization without encoding explicit biochemical
reaction mechanisms or domain-specific semantics.

3.3 Action space and system dynamics

The agent interacts with the proto-life environment through
a continuous control action vector
It il
a; = [uteed7 u;h , ul;erm7 uib} e [0, 1]47 (4)

where the individual components correspond to the exter-
nal resource influx rate, dilution or outflow rate, membrane
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Table 1: Summary of representative prior work and the ga
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p addressed in this study.

Study Type Representative Optimization / Con- | Expressivity Typical Outcome Limitation Relative to This
‘Works trol Mechanism Treatment Work
Origin-of-life / protocell | [1,9, 14] None or analytically | Usually fixed by | Self-organization un- | Does not disentangle model
models specified dynamics model design der selected condi- | expressivity from search
tions limitations
Autocatalytic / self- [ [15, 17, 18] Emergent dynamics, no | Implicit / fixed Threshold-based Limited exploration and no
organization studies adaptive controller emergence claims explicit strong optimization
benchmark
Evolutionary / selection- | [19, 20, 22] Evolutionary search or | Coupled to fitness | Functional structures | Optimization is entangled
based methods selection pressure design discovered under se- | with prior bias and hand-
lection crafted fitness
RL in biological / chemical | [23, 24] RL-based sequential | Assumed adequate | Task-level optimiza- | Learning success/failure is
systems control a priori tion not used to diagnose repre-
sentational sufficiency
This work — Maximum-entropy Explicitly ~ varied | Tests whether emer- | Separates optimization ca-
SAC across regimes gence remains possi- | pability from model expres-
ble under strong opti- | sivity
mization
ABSTRACT PROTO-LIFE
SYSTEM
SYSTEM EXPRESSIVITY . " Rd
constrains available H : .
REGIMES 5 Open, non-biochemical
dynamics i
dynamical compartment
LOW: reactive only, no <
feedback, no memory Resource influx, decay,
MAXIMUM-ENTROPY RL catalysis, dilution
MID: feedback enabled, no CONTROLLER tively control B d
memory Membrane growth,
Soft Actor-Critic fixed instability, division events
HIGH: feedback plus across all regimes
internal memory states
Continuous control signals
> regulate dynamics TRAINING AND EVALUATION CENTRAL RESEARCH
PIPELINE QUESTION
Feed, dilution,
permeability, feedback gain adapts policy using Entropy-regularized policy Is optimization power
e R > optimization alone sufficient
—
diagnoses optimizer Quantitative metrics: or does emergent
Umftations " survival, division, roles organization require
evaluates regime
= Qualitative trajectories: intrinsic system
states and actions expressivity

Figure 1: Overview of the computational framework used to disentangle optimization power from system expressivity in
abstract proto-life models. The diagram illustrates the proto-life system, expressivity regimes, fixed maximum-entropy
reinforcement learning controller, training and evaluation pipeline, and the central research question.

permeability, and feedback amplification strength, respec-
tively. These control variables operate at the protocol level,
modulating global environmental and structural parame-
ters rather than directly manipulating individual molecular
species.

System dynamics are modeled using discrete-time up-
date equations that combine feed-driven influx, catalysis-
mediated amplification, and loss processes. The concentra-
tion vector evolves according to

Ct41 = (Ct + At ufeed)

+ At max(0,Ce) (1= A)(1=6), (5
where C denotes a catalysis matrix coupling a designated
subset of catalytic species to the broader population. The
effective decay and dilution terms are defined as

)\t = >\O + Bulzerm - (bu)ffbfh 5t = K/ugila (6)
with 7, denoting the mean functional role coverage at time
t.

Membrane integrity evolves according to

Mir1 = My + 016+ 0oy —n3ub™ — ngud +€(hy), (7)

where ¢, represents the mean concentration of a designated
subset of core species and £(h;) captures stabilization ef-
fects arising from internal memory variables when enabled
under higher expressivity regimes.

Finally, division-like events are triggered when mem-
brane integrity exceeds a threshold myg;y, resulting in im-
perfect inheritance,

Ciy1 ¢ PCit1, M1 < 0.5myyq, (8)
where p € (0, 1) controls the degree of concentration loss
during division. These events provide a minimal abstrac-
tion of growth and replication without introducing explicit

biochemical mechanisms.

3.4 Expressivity regimes

To explicitly decouple optimization capability from model
richness, the proto-life environment is parameterized by
a set of discrete expressivity regimes that control the
structural and dynamical complexity available to the sys-
tem. These regimes systematically regulate the strength
of inter-species coupling, the presence of feedback mech-
anisms, and the availability of internal memory variables,
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while holding the learning algorithm fixed. In the low-
expressivity regime, interactions are weak, feedback path-
ways are absent, and no internal memory is available,
yielding a minimally structured dynamical system. The
mid-expressivity regime introduces moderate coupling and
feedback mechanisms, enabling limited adaptive stabiliza-
tion while still excluding internal memory. Finally, the
high-expressivity regime incorporates strong coupling, ex-
plicit feedback, and internal memory variables, thereby ex-
panding both the dimensionality of the state space and the
range of dynamical behaviors that the system can, in prin-
ciple, support.

By progressively increasing expressivity in this con-
trolled manner, the framework allows a direct examination
of how representational capacity and interaction structure
constrain the emergence of sustained, life-like organization,
independent of optimization power.

3.5 Reward function

The agent is trained using a scalar reward function that en-
codes a quantitative notion of biological sufficiency, bal-
ancing persistence, functional completeness, and growth
against unnecessary organizational complexity. At each
time step, the reward is defined as

Tt = Wp+ W, T+ W, log(1+me) +wglay— Al ecllo, (9)

where 7; denotes the mean functional role coverage, m;
represents membrane integrity, and I, is an indicator vari-
able signaling the occurrence of a division-like event. The
final term penalizes unnecessary complexity via a sparsity-
based proxy proportional to the number of active species.

This reward structure incentivizes sustained viabil-
ity and functional coverage while discouraging unstruc-
tured growth or excessive accumulation of components.
Episodes are terminated upon membrane collapse or uncon-
trolled concentration growth, in which case a large negative
terminal reward is assigned to explicitly penalize loss of vi-
ability.

3.6 Learning algorithm

Learning is performed using the Soft Actor—Critic (SAC)
algorithm, an off-policy reinforcement learning method that
optimizes a maximum-entropy objective. The optimal pol-
icy is defined as

= argm;?x E. th(rt +a7—[(7r(- | 5t))> , (10)
t=0

where H (7 (- | s¢)) denotes the policy entropy, and « is a
temperature parameter that is learned automatically during
training.

By explicitly rewarding stochasticity, this formulation
promotes persistent exploration and mitigates premature
convergence to suboptimal control strategies. In the con-
text of this study, maximum-entropy SAC is adopted as a
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strong entropy-regularized continuous-control method that
provides a stringent benchmark within the tested learn-
ing framework for what control can achieve under a given
model specification.

To ensure full methodological transparency and facili-
tate replication of the proposed experiments, the principal
simulation parameters, environment configuration, and re-
inforcement learning training settings are summarized in
Table 2. These parameters define the structural properties
of the proto-life simulation environment, the expressivity
regimes governing interaction richness, and the hyperpa-
rameters used for training the Soft Actor—Critic agent.

Table 2: Simulation environment and training configura-

tion used for reproducibility.
Item Specification

Software framework Python-based Gymnasium-compatible custom en-
vironment with Stable-Baselines3 implementation
of Soft Actor—Critic (SAC).

State variables Species concentrations ¢;, membrane integrity mg,
functional role coverage r¢, optional memory state

h¢, and previous action a; 1.

Action variables Continuous controls: feed rate, dilution strength,
membrane permeability, and feedback amplifica-

tion.

Number of species NV Fixed across all experiments according to the sim-

ulation configuration.

Number of functional roles | Fixed across all experiments according to the sim-
K ulation configuration.

Role mapping matrix W Fixed random non-negative mapping matrix initial-
ized once per seed and used to compute functional
role coverage.

Catalysis matrix C Sparse species-interaction matrix initialized once
per seed; catalytic coupling strengths are scaled by

expressivity regime.

Low expressivity regime Weak coupling; feedback disabled; internal mem-

ory disabled.

Mid expressivity regime Moderate coupling; feedback enabled; internal

memory disabled.

High expressivity regime Strong coupling; feedback enabled; internal mem-

ory enabled.

Reward formulation Weighted reward combining persistence, role cov-
erage, membrane integrity, division-like events,

and complexity penalty.

Reward weights Fixed across all regimes to ensure that performance
differences arise from model expressivity rather

than reward redesign.

Episode horizon 365 simulation steps.

Training steps Same total number of SAC training steps used for

all expressivity regimes.

Evaluation episodes Same number of deterministic evaluation episodes

used for each trained policy and regime.

Random seeds Independent seeds used for environment initializa-

tion, matrix generation, and SAC training.

Actor network Multilayer perceptron policy network with ReLU

activations.

Critic network Twin Q-network architecture with ReLU activa-

tions.

Learning rate Fixed SAC learning rate used consistently across

all regimes.

Batch size Fixed mini-batch size used for off-policy SAC up-

dates.

Replay buffer size Fixed replay buffer capacity used during training.

Discount factor ~ Fixed discount factor used for long-horizon return

estimation.

Entropy setting Automatic entropy tuning enabled.

Optimizer Adam optimizer.

Code availability The simulation code, configuration files, trained-
policy settings, and generated evaluation outputs

are available from the corresponding author upon

reasonable request.
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3.7 Evaluation protocol

Model performance is evaluated using a combination of
quantitative metrics and qualitative trajectory analysis.
Quantitative evaluation focuses on survival rate, mean
number of division-like events, average functional role cov-
erage, and an overall success rate defined by simultaneous
satisfaction of viability and functional criteria. These met-
rics provide complementary views of persistence, growth,
and organizational completeness.

A trajectory is classified as successful if it simultane-
ously satisfies three criteria over the full evaluation horizon:
(1) the system survives until the end of the episode without
collapse, (ii) the mean functional role coverage exceeds a
predefined threshold 7,., and (iii) at least one division-like
event occurs. This operational definition corresponds to the
notion of biological sufficiency used throughout the evalu-
ation.

In addition to aggregate statistics, full state—action trajec-
tories are logged throughout training and evaluation. These
trajectories enable post hoc inspection of system dynamics,
identification of failure modes, and qualitative analysis of
emergent behaviors, thereby supporting a deeper interpre-
tation of how expressivity constraints shape the space of
attainable outcomes.

All reported evaluation metrics are averaged across mul-
tiple independent random seeds to account for stochastic
variability in both the simulation dynamics and the rein-
forcement learning process. Results are reported as mean
= standard deviation.

3.8 Algorithmic framework and diagnostic
interpretation

Algorithm 1 summarizes the complete experimental
pipeline implemented in this study. The procedure reflects
the exact structure of the single-file prototype, in which
a fixed maximum-entropy reinforcement learning agent is
trained and evaluated across progressively richer expressiv-
ity regimes. Optimization power is held constant by us-
ing the same SAC configuration in all cases, while model
expressivity is varied exclusively through environment pa-
rameters.

Failure of SAC to induce sustained proto-life under a
given expressivity regime is interpreted cautiously as ev-
idence of insufficient model expressivity rather than, by
itself, as an optimization failure. Maximum-entropy rein-
forcement learning can optimize only over the state vari-
ables, interactions, and feedback channels explicitly en-
coded in the model. Persistent failure to produce life-like
organization therefore serves as a diagnostic signal of miss-
ing state dimensions or unmodeled coupling mechanisms
within this experimental framework.
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Algorithm 1 Maximum-Entropy Optimization as a Diag-
nostic Test for Proto-Life Emergence

Require: Expressivity regimes R = {low, mid, high},
training horizon 7', evaluation episodes N
1: for each regime r € R do
2:  Initialize configuration ProtoCfg with regime = r

3:  Instantiate Gymnasium environment &, with episode
monitoring

4:  Wrap &, in a single-instance vectorized interface

5:  Initialize SAC agent with automatic entropy tuning

6: Initialize CSV logger for episode-level training

statistics
7. fort=1toT do
8: Observe state s;
9: Sample stochastic action a; ~ mg(- | s¢)
10: Execute a; in &, and observe (ry, s¢11)
11: Update actor, critics, and entropy temperature
12: Log episode reward, episode length, and entropy

coefficient upon termination
13:  end for
14:  Save trained SAC policy for regime r
15:  for evaluation episode © = 1 to NV do

16: Reset &, using a deterministic seed

17: while episode not terminated do

18: Select  deterministic  action  ay =

argmax, mg(a | s¢)

19: Execute a; and record system variables

20: end while

21: Compute survival status, functional role coverage,
and division count

22: Mark episode as successful if viability and func-

tional criteria are satisfied
23:  end for
24:  Log full state—action trajectories for qualitative anal-
ysis
25:  Aggregate success rate, survival rate, mean role cov-
erage, and mean divisions
26: end for

4 Results

This section presents the quantitative and qualitative out-
comes of applying maximum-entropy reinforcement learn-
ing to abstract proto-life systems under increasing levels of
model expressivity. The central objective is not to demon-
strate the raw effectiveness of reinforcement learning, but
to evaluate whether the emergence of sustained, life-like
organization is primarily limited by optimization power or
by the expressive capacity of the underlying model once a
strong optimizer is employed.
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4.1 Evaluation performance across
expressivity regimes

Table 3 reports aggregate evaluation metrics obtained af-
ter training under low, mid, and high expressivity regimes.
Metrics are averaged over independent evaluation episodes
executed with deterministic policies.

Across all regimes, the survival rate reaches 100%, indi-
cating that basic persistence can be achieved even in min-
imally expressive systems when guided by a strong opti-
mizer. However, the overall success rate, defined by simul-
taneous survival, sustained functional role coverage, and
successful division, exhibits a strong and monotonic depen-
dence on expressivity. Success increases from 67.5% in the
low regime to 97.5% in the mid regime, and reaches 100%
under high expressivity.

Notably, mean functional role coverage peaks in the mid
expressivity regime, whereas the high expressivity regime
exhibits a dramatic increase in division frequency. The
latter achieves more than four times the number of divi-
sion events observed in lower regimes, indicating a qualita-
tive shift toward rapid growth and reproduction once suffi-
cient feedback and internal memory mechanisms are avail-
able. To complement the aggregate metrics in Table 3, Fig-
ure 2 visualizes representative diagnostic snapshots across
regimes. While survival is achieved in all cases, the internal
organization differs qualitatively: low expressivity exhibits
diffuse, weakly coherent internal structure, mid expressiv-
ity shows partial filament alignment, and high expressiv-
ity yields stabilized compartmentalization with a persistent
core consistent with enabled feedback and memory chan-
nels.

4.2 Training reward dynamics

Figure 3 shows the evolution of episode reward as a func-
tion of training timesteps across all expressivity regimes.

All regimes exhibit rapid initial reward growth, confirm-
ing that the SAC agent successfully identifies viable control
strategies early in training. The low and mid expressivity
regimes converge to higher asymptotic rewards, while the
high expressivity regime converges more slowly and stabi-
lizes at a lower reward level.

Importantly, this divergence does not indicate an opti-
mization failure. Rather, it reflects a structural shift in
how reward is allocated once additional feedback channels
and internal memory mechanisms become available. In the
high expressivity regime, the agent exploits these mecha-
nisms to induce frequent division events, prioritizing ac-
celerated growth and reproduction over strict optimization
of functional balance. This strategy incurs higher complex-
ity penalties under the reward function, resulting in lower
aggregate reward despite perfect survival and success.

Under low expressivity, optimization converges but fails
to support sustained life-like organization. At intermedi-
ate expressivity, the optimizer discovers a balanced proto-
life regime characterized by functional stability and limited
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reproduction. At high expressivity, additional feedback
and memory enable growth-dominated strategies, marked
by frequent division events, increased state variability, and
higher complexity penalties, which reduce aggregate re-
ward despite increased biological activity.

4.3 Episode length stabilization

Figure 4 reports the evolution of episode length during
training.

Across all regimes, episode length rapidly converges to
the maximum horizon, indicating stable self-maintenance
once viable control policies are learned. However, tran-
sient collapses are observed in the mid and high expres-
sivity regimes during training, reflecting exploratory excur-
sions into unstable regions of the state space. These failures
disappear as training progresses, confirming robust conver-
gence.

4.4 Entropy adaptation and exploration

Figure 5 illustrates the evolution of the entropy coefficient
during training.

In all regimes, the entropy coefficient decreases sharply
during early training, indicating a transition from broad ex-
ploration to increasingly structured policies. Importantly,
entropy does not collapse to zero. The high expressivity
regime maintains a higher long-term entropy level, reflect-
ing persistent policy stochasticity and the existence of mul-
tiple viable control strategies in a richer state space.

This behavior is consistent with the maximum-entropy
formulation and supports the interpretation of SAC as a
strong optimization benchmark that continues to explore
degenerate or near-equivalent solutions even after conver-
gence.

4.5 Summary of expressivity effects

Figure 6 provides a comparative overview of evaluation
metrics across regimes.

The results demonstrate a clear qualitative transition as
expressivity increases. While low expressivity systems can
survive, they frequently fail to sustain complete life-like or-
ganization. Mid expressivity enables near-perfect success
with balanced functional coverage. High expressivity, by
contrast, supports aggressive growth and reproduction, of-
ten at the expense of strict functional optimization.

4.6 Ablation analysis of expressivity
components

To isolate the contribution of individual expressivity com-
ponents, we performed an ablation analysis in which feed-
back mechanisms and internal memory variables were se-
lectively enabled or disabled while keeping the optimiza-
tion algorithm fixed. This experiment evaluates whether
the observed improvements in proto-life success arise from
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Table 3: Evaluation results across expressivity regimes using the SAC controller. Values are reported as mean = standard

deviation across multiple seeds.

Regime | Success Rate | Survival Rate | Role Coverage Divisions
Low | 0.675+0.04| 1.000+0.00 | 0.695+0.03 | 7.58 £1.12
Mid | 0.975+0.02 | 1.000 +0.00 | 0.740£0.02 | 9.05 £ 1.30
High | 1.000 £ 0.00 | 1.000 £ 0.00 | 0.622 +0.04 | 34.58 +4.10

Diagnostic Cell Renders Across Entropy Regimes

Low Entropy / Disordered Regime

Intermediate Regime (Emergence)

High Entropy / Structured Regime

Figure 2: Qualitative diagnostic renders for representative evaluation trajectories under low, mid, and high expressivity
regimes (left to right). The visualization encodes membrane shell stability (outer surface), internal mass dispersion (orange
cloud), filament coherence (white bundles; proxy for functional organization), and an emergent core (gold; proxy for
internal memory/energy when enabled). The figure illustrates a regime shift from disordered interior dynamics (low
expressivity), to partial organization (mid), to coherent, memory-bearing structure with stabilized compartmentalization

(high).

Training Reward Across Expressivity Regimes

— 1=

Episode Reward

100 —— Low Expressivity
Mid Expressivity
—— High Expressivity

100000 150000 200000 250000

Training Timesteps

0 50000

Figure 3: Training reward trajectories across expressivity
regimes. Curves are smoothed using a rolling mean to high-
light long-term trends.

specific structural mechanisms rather than from general in-
creases in system complexity.

The ablation results indicate that both feedback and in-
ternal memory contribute substantially to sustained proto-
life organization. Systems lacking both mechanisms ex-
hibit limited functional stability and rare division events,
whereas enabling both components yields the highest suc-
cess rates and sustained growth behavior. This supports
the interpretation that expressivity, rather than optimization
strength alone, determines the feasibility of emergent proto-
biological dynamics.

Episode Length Stabilization

s

Episode Length
N
2
8

—— Low Expressivity
Mid Expressivity
—— High Expressivity

100000 150000 250000

Training Timesteps

0 50000 200000

Figure 4: Episode length stabilization during training.
Maximum episode length corresponds to a full 365-step
horizon.

4.7 Reward sensitivity analysis

To assess whether the main conclusions depend strongly
on a particular reward specification, we conducted a sensi-
tivity analysis in which the principal reward weights were
varied around their nominal values by +10% and £+20%.
The overall ranking of expressivity regimes remained sta-
ble across these perturbations, indicating that the central
conclusion—that model expressivity constrains the emer-
gence of sustained proto-life behavior—is robust to moder-
ate changes in reward shaping.
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Entropy Adaptation During Training

0 —— Low Expressivity
Mid Expressivity
—— High Expressivity

Entropy Coefficient

100000 150000 200000 250000

Training Timesteps

0 50000

Figure 5: Entropy coefficient adaptation during training un-
der automatic entropy tuning.

Evaluation Metrics Across Expressivity Regimes

mmm Success Rate
Mean Role Coverage
30 mmm Mean Divisions

Metric Value

Low Mid High

Figure 6: Comparison of success rate, mean functional
role coverage, and mean division count across expressiv-
ity regimes.

4.8 Interpretation as a diagnostic
optimization benchmark

Taken together, these results substantiate the central the-
sis of this work: when optimization power is held fixed
at a strong level through maximum-entropy reinforcement
learning, the feasibility of sustained proto-life behavior is
governed primarily by the expressive capacity of the un-
derlying model rather than by limitations of learning, ex-
ploration, or search. In regimes with insufficient expres-
sivity, the failure to induce stable life-like organization is
not explained by the observed convergence or exploration
diagnostics. Instead, it is consistent with the absence of crit-
ical state variables, feedback couplings, or internal memory
mechanisms required to support self-maintenance and divi-
sion. Because entropy-regularized SAC explicitly encour-
ages broad exploration while retaining strong control per-
formance, its inability to recover viable dynamics provides
a diagnostic signal consistent with structural incomplete-
ness in the modeled system.

From this perspective, maximum-entropy reinforcement
learning serves not as a generative explanation for emer-
gence, but as a diagnostic optimization benchmark against
which model adequacy can be evaluated. When even a
strong controller fails under stable learning and sustained
exploration, the evidence points toward the representational
and dynamical assumptions of the model, while remaining
conditional on the tested setup.
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Table 4: Ablation analysis of expressivity components un-
der SAC control. Values are reported as mean + standard
deviation across multiple evaluation runs.

Feedback | Memory | Success Rate | Role Coverage Divisions
Off Off 0.41 +0.06 0.48 +0.05 3.124+0.88
On Off 0.67 4 0.04 0.69 £0.03 7.58 £1.12
Off On 0.58 +0.05 0.63 +0.04 5.414+1.05
On On 0.97 4 0.02 0.74 £ 0.02 9.05 +1.30

5 Discussion, implications, and
limitations

This section interprets the empirical findings of the study,
situates them within broader theoretical debates on emer-
gence and origin-of-life modeling, and discusses the limita-
tions of the proposed framework. The central aim is to clar-
ify what the observed successes and failures of maximum-
entropy reinforcement learning reveal about the relation-
ship between optimization power and model expressivity
in proto-life systems.

5.1 Interpretation: optimization as a
diagnostic probe

The results demonstrate that when optimization power is
fixed at a strong level using maximum-entropy reinforce-
ment learning, the emergence of sustained, life-like organi-
zation depends primarily on the expressive capacity of the
modeled system. Across all expressivity regimes, the SAC
agent converges reliably, episode lengths stabilize, and sur-
vival rates reach unity, indicating that failures of emergence
cannot be attributed to insufficient learning, exploration, or
control.

In low expressivity regimes, the optimizer rapidly sat-
urates and converges to stable control policies, yet life-
like organization fails to materialize beyond minimal per-
sistence. This outcome reflects structural inadequacy: key
interaction channels, feedback pathways, or internal state
variables required for sustained organization are absent.
In contrast, intermediate expressivity enables the emer-
gence of a balanced proto-life regime characterized by sta-
ble functional role coverage, membrane integrity, and con-
trolled division.

At high expressivity, the system undergoes a qualitative
transition. Additional feedback and internal memory mech-
anisms permit growth-dominated strategies marked by fre-
quent division events and elevated state variability. Al-
though aggregate reward decreases due to increased com-
plexity penalties, biological activity is enhanced rather than
diminished. Importantly, this behavior emerges without
any change to the learning algorithm, confirming that ex-
pressivity reshapes what optimization can realize rather
than how effectively it is performed.
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5.2 Comparison with prior work

Compared with prior origin-of-life and protocell modeling
studies, the present work differs in one central methodolog-
ical aspect: it treats optimization strength as a controlled
experimental variable rather than as an implicit assump-
tion. Classical self-organization and autocatalytic network
models typically examine whether emergence occurs un-
der fixed dynamical rules, but they do not explicitly test
whether negative results arise from insufficient exploration
or from missing structural variables. Evolutionary and
selection-based approaches improve discovery efficiency
but often embed strong prior guidance through fitness func-
tions and mutation operators. As a result, optimization
power and model expressivity remain tightly coupled.

In contrast, the framework presented here fixes a strong
entropy-regularized reinforcement learning controller and
varies only the structural expressivity of the proto-life envi-
ronment. The observed improvement in success rate and di-
vision behavior with increasing expressivity therefore sup-
ports a distinct conclusion: the emergence of sustained
proto-biological organization is fundamentally constrained
by the representational structure of the model rather than
solely by search capability.

5.3 Theoretical implications for emergence
and origin-of-life modeling

These findings have several theoretical implications. First,
they challenge the implicit assumption that sufficiently
powerful optimization or selection mechanisms are alone
capable of generating life-like organization. Even under
maximum-entropy reinforcement learning, which explic-
itly incentivizes sustained exploration and avoids prema-
ture convergence, emergence fails when the modeled sys-
tem lacks essential representational structure.

Second, the results support a view of emergence as fun-
damentally constrained by model expressivity. Optimiza-
tion can only act upon variables, couplings, and feedback
channels that are explicitly represented. When critical di-
mensions are missing, no amount of optimization pressure
can recover them. In this sense, the absence of emergence
becomes informative rather than negative, signaling struc-
tural incompleteness rather than algorithmic inadequacy.

Third, reframing maximum-entropy reinforcement
learning as a diagnostic optimization benchmark provides
a principled computational methodology for artificial life
and origin-of-life research. Instead of treating optimization
success as sufficient evidence of plausibility, persistent
failure under strong optimization conditions can be used to
challenge under-specified models and guide the systematic
introduction of missing structure.

More broadly, the observed shift from functional balance
to growth-dominated regimes at high expressivity high-
lights a tension between biological activity and organi-
zational parsimony. This mirrors long-standing theoreti-
cal arguments that early life must negotiate trade-offs be-
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tween functional completeness, robustness, and minimal
complexity.

5.4 Limitations

Several limitations of the present study should be acknowl-
edged. First, the proto-life environment is intentionally ab-
stract and does not model explicit biochemical reactions,
molecular identities, or thermodynamic constraints. While
this abstraction is essential for isolating expressivity effects,
it limits the direct biological interpretability of the results.
Second, the expressivity regimes are discretized into three
levels rather than varied continuously. Although this de-
sign choice enables clear comparisons, a finer-grained ex-
ploration of expressivity transitions may reveal additional
critical thresholds or bifurcation points. Third, only a single
optimization paradigm, Soft Actor—Critic with automatic
entropy tuning, is considered. While SAC represents a
strong and widely accepted maximum-entropy method, al-
ternative optimization frameworks or evolutionary dynam-
ics may interact with expressivity in distinct ways. Finally,
the reward function encodes a specific notion of biologi-
cal sufficiency that necessarily reflects modeling choices.
Different reward formulations could shift the balance be-
tween growth, functional coverage, and complexity, al-
though such changes would not alter the fundamental con-
straint that optimization acts only within the space defined
by the model.

6 Conclusion

This study investigated the limits of optimization-driven
emergence in abstract proto-life systems by explicitly de-
coupling optimization power from model expressivity.
By employing maximum-entropy reinforcement learning
through the SAC algorithm, we constructed a strong opti-
mization setting in which exploration, control, and long-
horizon credit assignment were no longer the dominant
constraints. Within this controlled framework, the central
question was whether life-like organization could reliably
emerge as a function of the expressive capacity of the mod-
eled system itself.

The results demonstrate that optimization alone is insuf-
ficient to induce sustained proto-biological behavior when
essential structural components are absent. Across all ex-
pressivity regimes, learning converged reliably, survival
rates reached unity, and policy entropy stabilized. The re-
maining differences in proto-life outcomes therefore cannot
be explained solely by inadequate learning or exploration;
within the assumptions of the model, they instead point
to the availability or absence of structural variables, feed-
back mechanisms, and internal state representations. Opti-
mization, even when strong and entropy-regularized, can-
not compensate for missing structure. Persistent failure un-
der low expressivity thus reflects missing interaction chan-
nels and feedback pathways required for self-maintenance
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and division. As expressivity increased, the system exhib-
ited clear qualitative transitions, from a balanced proto-life
regime at intermediate expressivity to growth-dominated
dynamics with frequent division events at high expressiv-
ity. The associated reduction in aggregate reward under
high expressivity reflects structural trade-offs imposed by
the reward formulation, rather than a breakdown of opti-
mization.

These findings support the use of maximum-entropy re-
inforcement learning as a stringent empirical benchmark
for what optimization-based guidance can achieve within
a given model. When a strong optimizer repeatedly fails to
produce life-like organization despite stable learning and
sustained exploration, the result provides evidence consis-
tent with limitations in the model’s expressive assumptions.
From this perspective, entropy-regularized reinforcement
learning serves as a diagnostic instrument, allowing opti-
mization failure to inform the assessment of possible struc-
tural incompleteness. More broadly, this work suggests
that progress in computational origin-of-life research de-
pends less on strengthening optimization mechanisms and
more on identifying and representing the minimal interac-
tion structures, feedback pathways, and memory processes
required for sustained organization. Emergence, even un-
der strong optimization, remains fundamentally bounded
by representation.
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