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Abstract

This paper reframes the interdisciplinary study of agency not as a search for inherent agent properties,
but as an exploration of effective modeling strategies. Drawing inspiration from Dennett’s intentional
stance, we argue that attributing agency features like memory or theory of mind is a form of cogni-
tive compression, chosen for its predictive power in specific contexts. We first look at the trajectory
of mathematical theories related to agency modelling in relevant fields like AI/Robotics, Cybernetics,
Cognitive Science, Economics and Biology. We then use these models to distinguish how the different
fields model agents and through this find a meta framework for viewing agents based on first principle
mathematics. This is a taxonomic description of what has been done rather than an absolute description
of what possible theories of agents are. Through this work, we hope to create a lot more specificity in
how people use the word ”agent” as it is woefully under-specified.

1 Introduction: When Different Scientists See Different Agents

A slime mold placed at one end of a maze will find the shortest path to food at the other end, often
outperforming sophisticated computer algorithms. It has no brain, no nervous system, no centralized control.
Yet it explores multiple routes simultaneously, abandons unsuccessful paths, and optimizes its network for
efficient resource distribution. When researchers cut the optimal path, it quickly discovers the second-best
route.

Here is the puzzle: Is this agent-like behavior, or just physics?
Your answer reveals more about your scientific training than about the slime mold itself. A control theorist

sees a feedback system maintaining homeostatic goals through error correction—minimal agency requiring
only setpoints and negative feedback loops [Powers, 1973, 1978, Heylighen, 2022]. A cognitive scientist
might deny agency entirely, noting the absence of memory systems, explicit goal representation, or theory
of mind [Cooper and Peebles, 2015, Sowa, 2011]. A developmental biologist observes clear goal-directed
behavior and adaptive resource allocation, treating it as a paradigmatic example of distributed intelligence
[Levin, 2023, Pezzulo and Levin, 2016]. A computer scientist sees emergent optimization without ”true”
agency—distributed processing through physical substrates [Masterman et al., 2024].

These are not merely different perspectives on the same phenomenon. Each field would design different
experiments, make different predictions, and propose different interventions. The control theorist predicts
behavior through differential equations governing chemical gradients [Mulder et al., 2018]. The biologist
models adaptive responses to environmental changes through multiscale competency architectures [Manicka
and Levin, 2022]. The computer scientist analyzes algorithmic complexity of the parallel search process.
They are using fundamentally different mathematical frameworks to compress the same observable behavior.

Consider a second example that reveals similar patterns. When bacteria develop antibiotic resistance,
they exhibit sophisticated collective strategies: some cells sacrifice themselves to protect the colony, others
develop costly resistance mechanisms they share with neighbors, still others act as ”scouts” testing envi-
ronmental dangers. This resembles military tactics—reconnaissance, sacrifice for group benefit, resource
sharing, coordinated defense. Are bacterial colonies strategic agents? They seem to outmaneuver human
medical interventions through what appears to be planning, cooperation, and adaptive learning.

Evolutionary biologists model these dynamics using minimal agency—simple reactive strategies with
payoff-driven imitation and myopic updating, sufficient to generate evolutionarily stable strategies through
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replicator dynamics [Hofbauer and Sigmund, 1998, Broom and Cannings, 2010]. The mathematical frame-
work treats agents as frequency-dependent learners responding to selection pressures without requiring ex-
plicit strategic reasoning [Aoki and Feldman, 2014, Nowak et al., 2010]. Behavioral economists might instead
apply level-k thinking models with bounded strategic reasoning [Camerer et al., 2004, Crawford et al., 2013].
Cognitive scientists would likely reject attributions of planning or cooperation, noting the absence of mental
representation [Doumas and Hummel, 2012]. Each compression strategy enables different predictions and
interventions.

A third example brings these challenges into urgent relief: large language models like GPT-4. When we
describe these systems as ”agents” or discuss their ”agentic behavior” [Park et al., 2023], we invoke agency
concepts without clear foundations for what this means. Computer scientists debate whether they imple-
ment strategic reasoning through chain-of-thought prompting or merely pattern-match at scale [Masterman
et al., 2024]. Cognitive scientists analyze whether they possess genuine memory systems or simply main-
tain context windows [Kriegeskorte and Douglas, 2018]. Economists examine whether they exhibit bounded
rationality in decision-making scenarios [Camerer et al., 2003]. The rapid deployment of such systems in
critical applications—from financial trading to medical diagnosis—proceeds despite fundamental uncertainty
about which agency concepts apply and why [Russell, 2019, Amodei et al., 2016].

1.1 The Core Phenomenon: Systematic Differences in Agency Modeling

These examples illustrate a broader pattern that has become increasingly problematic as AI systems pro-
liferate and scientific domains become more interdisciplinary. When researchers across fields study systems
exhibiting apparently purposeful behavior, they develop strikingly different answers to fundamental ques-
tions: Which features are necessary for adequate modeling versus merely sufficient? When does memory
become essential rather than optional? What role does strategic reasoning play in explaining observed
behavior? How do we model goal-directedness without anthropomorphizing?

These are not merely terminological disagreements. Different fields make different mathematical commit-
ments that lead to different predictions, different experimental designs, and different practical interventions.
The behavioral economist’s level-k thinking model [Camerer et al., 2004] predicts systematically different
outcomes than the evolutionary biologist’s replicator dynamics [Hofbauer and Sigmund, 1998], even when
both address strategic behavior in populations. The control theorist’s feedback-based framework [Powers,
1978, Carver and Scheier, 2002] generates different testable predictions than the developmental biologist’s
multiscale homeostatic architecture [Pio-Lopez et al., 2023], despite both explaining goal-directed behavior
in biological systems.

1.2 Why This Matters Now

Three developments make understanding these differences urgent. First, AI system deployment creates
practical stakes for theoretical precision. As we deploy increasingly sophisticated AI systems described as
”autonomous agents,” our theoretical confusion about agency translates directly into practical uncertainty
about system behavior, safety, and alignment [Amodei et al., 2016, Russell, 2019]. When AI safety researchers
discuss ”agent foundations,” they typically envision utility maximizers updating beliefs through Bayes’ rule
[Demski, 2018, Wentworth, 2022]. Yet developmental biologists studying goal-directed cellular collectives
use entirely different mathematical frameworks [Levin, 2012, 2023]. If we are building artificial agents, which
framework should guide our design?

Second, interdisciplinary research on modern challenges—from pandemic response to climate modeling
to technological governance—requires combining insights across disciplines. Yet researchers trained in dif-
ferent traditions literally see different things when examining the same systems. Without frameworks for
translation, valuable insights remain trapped within disciplinary silos. Behavioral economics has success-
fully bridged psychology and economics through bounded rationality models [Kahneman, 2011, Simon, 1982],
and cognitive science has developed architectural integration across neural and behavioral levels [Anderson,
2007, Cooper and Peebles, 2015]. However, no systematic framework exists for comparing agency modeling
approaches across the full range of relevant scientific domains.

Third, existing theoretical foundations remain incomplete despite decades of agent foundations research in
AI and philosophy. Work has largely developed in isolation: behavioral economics synthesizes experimental
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findings within game-theoretic frameworks [Camerer, 1997, Crawford et al., 2013], cognitive science attempts
unified computational architectures [Sowa, 2011, Doumas and Hummel, 2012], and AI alignment develops
mathematical tools for agent boundaries and optimal abstractions [Demski, 2018, Flint, 2020, Wentworth,
2022]. These approaches remain disconnected, lacking unified foundations for comparing their compression
strategies and predictive trade-offs.

1.3 Our Approach: Systematic Cross-Domain Analysis

Rather than proposing yet another definition of agency or attempting theoretical unification, we take a
different approach: we systematically analyze how established scientific disciplines have already solved agency
modeling problems in their respective domains. We treat the diversity of agency concepts across fields not as
confusion to resolve, but as data revealing how different predictive challenges and observational constraints
lead to different optimal modeling strategies.

This perspective draws inspiration from Dennett’s ”intentional stance” [Dennett, 1987], which treats
agency attribution as a predictive strategy chosen for its effectiveness in specific contexts. We extend
this insight through information-theoretic analysis, viewing agency features as components of models that
optimize the trade-off between descriptive complexity and predictive accuracy [Rissanen, 1978, Cover and
Thomas, 2006]. Just as physicists choose kinetic theory versus thermodynamics depending on the scale of
analysis, researchers across disciplines have developed different agency models optimized for their unique
predictive challenges and observational constraints.

Our contribution is threefold. First, we provide empirical documentation through systematic litera-
ture review across six major domains—behavioral economics, evolutionary systems, developmental biology,
AI/robotics, control theory, and cognitive science. We document which agency features each field treats
as necessary versus sufficient for adequate prediction. Table 1 presents this analysis, revealing systematic
patterns beneath apparent disagreements.

Second, we develop an explanatory framework showing that these patterns reflect optimization under
different constraints. Control theory evolved minimal agency concepts because engineers needed reliable
goal-seeking with computational efficiency [Powers, 1973, Mulder et al., 2018]. Cognitive science developed
complex memory architectures because human behavior exhibits sophisticated temporal integration that sim-
pler models cannot capture [Cooper and Peebles, 2015, Sowa, 2011]. Evolutionary theory demonstrates how
sophisticated population-level outcomes emerge from minimal individual agency through selection pressures
[Hofbauer and Sigmund, 1998, Aoki and Feldman, 2014]. These are not arbitrary choices—they represent
adaptive responses to domain-specific modeling challenges.

Third, we demonstrate practical implications for AI system design and interdisciplinary research. Under-
standing when different modeling approaches work enables more principled system design. When building AI
systems, we can systematically analyze which agency features become necessary given our specific environ-
ment and constraints, rather than defaulting to familiar approaches. Recent work on AI agent architectures
[Masterman et al., 2024] and multi-agent learning [Li et al., 2022] would benefit from explicit frameworks
for comparing different agency modeling strategies.

1.4 Structure and Scope

Section 2 develops three detailed examples showing exactly how different fields model specific systems,
including the actual mathematics and competing predictions. Section 3 presents our systematic cross-domain
analysis, documenting necessity/sufficiency patterns for major agency features across behavioral economics
[Camerer et al., 2003, Crawford et al., 2013], evolutionary systems [Hofbauer and Sigmund, 1998, Broom
and Cannings, 2010], developmental biology [Levin, 2023, Pezzulo and Levin, 2016], AI/robotics [Masterman
et al., 2024, Vernon et al., 2007], control theory [Powers, 1978, Heylighen, 2022], and cognitive science [Cooper
and Peebles, 2015, Kriegeskorte and Douglas, 2018]. Section 4 analyzes the logical structure underlying these
patterns, revealing hierarchical dependencies between capabilities. Section 5 discusses implications for AI
system design and interdisciplinary research.

We make no claim to have solved ”the problem of agency.” Instead, we demonstrate that agency modeling
across successful scientific domains follows systematic patterns reflecting computational principles rather
than philosophical commitments. By making these patterns explicit, we provide infrastructure for more
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principled approaches to understanding and designing intelligent systems. This work complements recent
efforts in AI alignment [Demski, 2018, Wentworth, 2022] by providing empirical grounding from established
scientific disciplines that have successfully navigated similar agency modeling challenges.

2 Three Case Studies: The Same System Through Different Lenses

To make concrete how different fields compress agency into different mathematical frameworks, we examine
three specific systems in detail. For each, we show the actual modeling approaches, predictions, and trade-
offs that different domains make. These case studies reveal systematic patterns in how different predictive
goals and observational constraints lead to different optimal compressions.

2.1 The Slime Mold Pathfinding Problem

2.1.1 The Phenomenon

Physarum polycephalum, a single-celled organism, demonstrates remarkable problem-solving behavior doc-
umented extensively in experimental studies. Placed in a maze with food sources at multiple locations, it
explores the full maze space initially, sending protoplasmic tubes down all available paths. It gradually
retracts from unsuccessful branches while reinforcing successful routes, converging on the shortest path con-
necting food sources. It redistributes resources efficiently across the network and adapts quickly when the
environment changes. This behavior has inspired practical algorithms for network optimization problems.
The question is how to model the agency underlying this behavior.

2.1.2 Control Theory: Minimal Agency Through Feedback

Control theorists model this system as a network of coupled feedback loops maintaining homeostatic goals
[Powers, 1973, Heylighen, 2022]. The mathematical framework requires only state variables, reference signals,
and feedback dynamics. Let ρi(t) represent the protoplasm density in tube segment i at time t. Each tube
segment maintains a setpoint concentration ρ∗i related to nutrient availability. The system evolves according
to differential equations relating current state to error signals and diffusion between connected segments:

dρi
dt

= α(ρ∗i − ρi) + β
∑

j∈N(i)

(ρj − ρi) (1)

where α controls local feedback strength and β governs diffusion between connected segments. This
minimal model predicts rapid convergence to optimal paths through simple error minimization, requires no
explicit memory beyond current state, exhibits robustness through automatic adaptation to perturbations,
and scales to arbitrary network complexity without additional mechanisms [Mulder et al., 2018, Carver and
Scheier, 2002].

The control-theoretic compression treats strategic reasoning, memory systems, and goal representation
as unnecessary for explaining observed behavior. Purposiveness emerges entirely from the feedback architec-
ture. This approach reflects the field’s emphasis on computational parsimony and mathematical tractability
[Toates and Archer, 1978, Frank, 2018], prioritizing models that achieve reliable goal-seeking with minimal
computational requirements.

2.1.3 Cognitive Science: Rejecting Agency Attribution

Cognitive scientists examining the same system would likely reject agency attribution entirely [Cooper and
Peebles, 2015, Doumas and Hummel, 2012]. Their compression strategy emphasizes the absence of core
cognitive features considered necessary for genuine agency. The system lacks working memory for maintaining
task-relevant information, long-term memory for learning from experience, mental representation of goals
or environmental structure, strategic reasoning about alternative paths, and theory of mind (obviously
inapplicable in this context) [Sowa, 2011, Kriegeskorte and Douglas, 2018].
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From this perspective, describing the slime mold as ”solving” the maze or ”choosing” optimal paths
constitutes anthropomorphization. The behavior results from local chemical gradients and mechanical con-
straints, not from information processing in any meaningful cognitive sense. This framework predicts inability
to learn improved strategies from experience, no transfer of ”knowledge” between different maze configu-
rations, purely reactive responses without temporal integration, and performance determined entirely by
current chemical concentrations.

The cognitive science framework sets a high bar for agency attribution, treating sophisticated memory
and representational systems as necessary features that single-celled organisms clearly lack [Fitch, 2014,
Cooper and Peebles, 2015]. This reflects the field’s commitment to understanding complex information
processing architectures that support flexible, context-appropriate behavior across diverse task domains.

2.1.4 Developmental Biology: Goal-Directed Adaptive Behavior

Developmental biologists see the slime mold as exhibiting clear goal-directed behavior through distributed
cellular decision-making [Levin, 2023, Pezzulo and Levin, 2016]. Their framework emphasizes cellular com-
petency, where individual protoplasmic regions function as ”competent sub-agents” capable of sensing local
nutrient gradients, responding adaptively to environmental conditions, coordinating with neighboring regions
through chemical signaling, and maintaining homeostatic goals across multiple scales [Manicka and Levin,
2022, Pio-Lopez et al., 2023].

The system exhibits multi-scale organization where goal-directedness emerges at multiple levels. System-
level goal achievement Gsystem can be understood as a function of local cellular goals gi and coordination
mechanisms C:

Gsystem = f(g1, g2, ..., gn, C) (2)

This framework predicts adaptive responses to novel perturbations beyond simple feedback, context-
dependent behavior reflecting cellular ”decisions,” robustness through distributed intelligence rather than
centralized control, and capacity for morphological computation across different problem types [Levin, 2012,
Sultan et al., 2021].

The developmental biology compression treats goal-directedness as emergent from self-organizing net-
works, requiring neither explicit representation nor centralized planning [Steinberg, 1998, Lander, 2011].
This reflects the field’s focus on understanding how complex organizational patterns arise through coor-
dinated activities of simpler components, each maintaining local goals that collectively generate adaptive
system-level behaviors.

2.1.5 Computer Science: Emergent Optimization Without Agency

Computer scientists analyze the system as implementing a distributed optimization algorithm through phys-
ical processes [Masterman et al., 2024]. The algorithmic analysis treats the slime mold as approximating
parallel exploration through breadth-first search, gradient descent on path length through tube thickness dy-
namics, greedy optimization with implicit backtracking, and approximate solutions to Steiner tree problems.
The computational complexity can be characterized, with solution time scaling as Tsolution ∼ O(n2 log n)
where n is the number of nodes in the network.

This framework predicts that solution quality depends on graph topology and initial conditions, per-
formance degrades predictably with problem complexity, scaling behavior follows algorithmic complexity
bounds, and the system exhibits equivalence to specific classes of optimization algorithms [Bryson, 2000,
Vernon et al., 2007]. The computer science compression treats the system as instantiating optimization pro-
cedures without requiring ”true” agency—it represents distributed processing that happens to solve problems
efficiently.

2.1.6 Synthesis: Different Mathematics, Different Predictions

These four approaches generate different testable predictions. The control theory framework accurately
predicts behavior in stable environments with familiar perturbations, with performance depending only on
feedback parameters and no learning across trials [Powers, 1978, Mulder et al., 2018]. The cognitive science
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framework predicts no genuine problem-solving, only reactive responses to local gradients with no memory of
previous configurations [Cooper and Peebles, 2015]. The developmental biology framework better captures
adaptive responses to novel challenges through context-dependent cellular decisions [Levin, 2023, Manicka
and Levin, 2022]. The computer science analysis correctly bounds performance on structured problems
according to algorithmic complexity [Masterman et al., 2024].

Empirical testing reveals that different predictions hold in different contexts. None of these frameworks
is simply ”wrong”—each captures different aspects of the system’s behavior that prove relevant for different
purposes. This exemplifies the central insight: agency modeling reflects compression strategies optimized for
specific predictive goals, not discovery of inherent properties.

2.2 Bacterial Antibiotic Resistance: Strategic Behavior from Minimal Agents

2.2.1 The Phenomenon

Bacterial populations developing antibiotic resistance exhibit coordinated behaviors that superficially resem-
ble strategic planning. Subpopulations differentiate into distinct functional roles: some cells express costly
resistance mechanisms and share these with neighbors through horizontal gene transfer, others remain sen-
sitive but benefit from the resistant population’s activities, still others enter dormant states that survive an-
tibiotic exposure through persistence rather than resistance. The population exhibits bet-hedging strategies,
maintaining phenotypic diversity that ensures survival under uncertain environmental conditions. Colony
organization adapts to antibiotic gradients, with resistant cells often positioning themselves at boundaries
where they protect sensitive interior populations.

The question is whether this constitutes strategic agency. The behaviors resemble sophisticated military
tactics—coordinated defense, sacrifice for group benefit, resource sharing, adaptive positioning. Yet no
individual bacterium possesses knowledge of the larger strategy or explicit representation of group goals.

2.2.2 Evolutionary Game Theory: Population-Level Dynamics from Simple Rules

Evolutionary biologists model bacterial resistance through replicator dynamics and evolutionary game the-
ory [Hofbauer and Sigmund, 1998, Broom and Cannings, 2010]. Individual bacteria are treated as agents
employing simple reactive strategies—payoff-driven imitation of successful neighbors, myopic updating based
on immediate fitness consequences, and frequency-dependent learning without explicit foresight. The math-
ematical framework uses replicator equations describing how strategy frequencies change proportional to
their fitness advantage relative to the population average:

dxi

dt
= xi(fi(x)− f̄(x)) (3)

where xi represents the frequency of strategy i, fi(x) represents the fitness of strategy i given the current
population state x, and f̄(x) represents mean population fitness.

This framework predicts convergence to evolutionarily stable strategies (ESS) where no mutant strategy
can invade, emergence of sophisticated population-level behaviors from minimal individual cognition, stable
polymorphisms maintaining strategic diversity through frequency-dependent selection, and rapid adaptation
through selection on standing genetic variation [Aoki and Feldman, 2014, Nowak et al., 2010]. The model
requires no strategic reasoning, explicit memory beyond simple learning rules, or theory of mind. Sophis-
ticated collective outcomes emerge through population dynamics operating on simple behavioral variants
[Henrich and Boyd, 2002].

The evolutionary compression emphasizes sufficiency of minimal agency for generating adaptive popula-
tion behaviors. Selection pressures act as an external computational system, obviating the need for complex
internal cognition [Adami et al., 2016]. This reflects the field’s recognition that evolutionary processes can
generate apparently purposeful designs without requiring designers to possess foresight or explicit goals.

2.2.3 Behavioral Economics: Bounded Strategic Reasoning

Behavioral economists studying antibiotic resistance might instead apply level-k thinking models and cog-
nitive hierarchy frameworks [Camerer et al., 2004, Crawford et al., 2013]. While bacteria obviously lack
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conscious deliberation, the framework could model population-level strategic patterns through limited re-
cursive reasoning. Level-0 bacteria might act non-strategically, expressing resistance randomly. Level-1
bacteria best-respond to level-0 patterns, expressing resistance when neighbors provide insufficient protec-
tion. Higher-level reasoning would involve more sophisticated anticipation of others’ responses.

The mathematical framework would model belief distributions over thinking levels and predict behavior
through bounded strategic reasoning:

P (strategy s|level k) = BRk(P (opponent strategies|levels < k)) (4)

where BRk represents the best response given beliefs about lower-level opponents. This approach would
predict systematic deviations from Nash equilibrium, limited depth of strategic sophistication, and hetero-
geneity in strategic thinking across the population [Alaoui and Penta, 2015, Wright and Leyton-Brown,
2017].

However, applying this framework to bacteria requires careful justification. The level-k framework was
developed for bounded human cognition [Camerer et al., 2003], not microbial populations. Its value would
lie in capturing strategic patterns without claiming bacteria possess conscious reasoning, treating strategic
depth as an emergent population property rather than individual cognitive capability.

2.2.4 Cognitive Science: Rejecting Strategic Attribution

Cognitive scientists would reject strategic attribution to bacterial populations [Cooper and Peebles, 2015,
Kriegeskorte and Douglas, 2018]. The framework emphasizes absence of necessary cognitive features: no
mental representation of strategies or opponents, no working memory for tracking interaction history, no
explicit goal structures beyond biochemical imperatives, no theory of mind or capacity to model others’ states,
and no symbolic processing or abstract reasoning. Observed behaviors result from biochemical feedback loops
and gene regulatory networks, not strategic cognition [Doumas and Hummel, 2012, Fitch, 2014].

This perspective predicts that interventions targeting strategic thinking would fail—bacteria respond to
immediate biochemical signals, not strategic anticipation. Population patterns reflect evolutionary selection
on genetic variants, not learning from strategic experience. Apparent coordination emerges from shared
genetic programs and chemical signaling, not explicit communication of strategic intent.

The cognitive science framework maintains strict criteria for attributing strategic reasoning, requiring
explicit representational structures and goal-directed planning absent in bacterial systems. This reflects
commitment to distinguishing genuine cognition from superficially similar behaviors arising through different
mechanisms.

2.2.5 Synthesis: Strategic Patterns Without Strategic Agents

The bacterial resistance case reveals how strategic-looking patterns can emerge through multiple distinct
mechanisms. The evolutionary framework demonstrates sufficiency of minimal agency—simple reactive rules
plus selection pressure generate sophisticated population dynamics [Hofbauer and Sigmund, 1998, Aoki and
Feldman, 2014]. The behavioral economics framework shows how strategic patterns could be captured
through bounded reasoning models, though applying this to bacteria requires careful interpretation [Camerer
et al., 2004]. The cognitive science framework rejects strategic attribution entirely, maintaining that genuine
strategy requires cognitive structures bacteria lack [Cooper and Peebles, 2015].

These different compressions reflect different explanatory goals. Evolutionary biology seeks to understand
population-level dynamics and adaptation [Broom and Cannings, 2010]. Behavioral economics focuses on
strategic patterns and deviations from rationality [Crawford et al., 2013]. Cognitive science aims to identify
genuine information-processing architectures [Kriegeskorte and Douglas, 2018]. Each framework proves useful
for different purposes—none captures the complete truth, each reveals different aspects of the phenomenon.

2.3 Large Language Models: Agency in Novel Territory

2.3.1 The Phenomenon

Large language models like GPT-4 exhibit behaviors that challenge existing agency frameworks [Park et al.,
2023]. They engage in complex dialogue maintaining conversational context, demonstrate apparent reasoning
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through chain-of-thought processes, adapt their responses based on interaction history, exhibit consistency
in following instructions while remaining flexible to novel requests, and generate sophisticated outputs across
diverse domains. The question of whether these systems constitute agents, and which agency features they
possess, remains contentious.

2.3.2 Computer Science: Architectural Analysis

Computer scientists analyze LLMs through architectural features and computational mechanisms [Master-
man et al., 2024]. Recent surveys distinguish between purely reactive systems that process inputs indepen-
dently, systems with memory maintaining context through attention mechanisms, and systems with strategic
reasoning implementing planning through multi-step inference. The architectural analysis examines whether
LLMs possess working memory through context windows, long-term memory through parameter storage,
strategic reasoning through chain-of-thought prompting, goal-directedness through instruction following and
reward modeling, and learning through fine-tuning and in-context learning [Mali, 2002, Vernon et al., 2007].

The framework predicts that LLM capabilities scale with architectural features—context window size
limits working memory capacity, parameter count constrains knowledge storage, and inference computa-
tional budget determines reasoning depth. Performance depends on training data distribution, fine-tuning
objectives, and prompt engineering. The analysis treats agency as an emergent property of architectural
choices rather than a fundamental system feature [Bryson, 2000].

2.3.3 Cognitive Science: The Representation Question

Cognitive scientists debate whether LLMs possess genuine cognitive features or merely simulate them through
statistical patterns [Kriegeskorte and Douglas, 2018, Cooper and Peebles, 2015]. The central question con-
cerns mental representation—do LLMs maintain internal models of entities and relationships, or do they
operate purely through pattern completion? The framework examines whether systems exhibit composi-
tional structure in their representations, systematic generalization to novel combinations, explicit reasoning
traceable through intermediate steps, genuine memory distinct from statistical associations, and theory of
mind through modeling user beliefs and intentions [Doumas and Hummel, 2012, Fitch, 2014].

Current evidence suggests mixed results. LLMs demonstrate some compositional abilities but fail on
systematic generalization tests. They exhibit reasoning-like behaviors but lack transparent internal processes.
They maintain context but operate through attention mechanisms rather than explicit memory stores. The
cognitive science framework remains agnostic, treating LLMs as systems whose cognitive status requires
further empirical investigation [Sowa, 2011].

2.3.4 Behavioral Economics: Bounded Rationality in Machines

Behavioral economists examining LLM decision-making might apply bounded rationality frameworks [Camerer
et al., 2003, Crawford et al., 2013]. Do LLMs exhibit systematic deviations from optimality similar to hu-
man cognitive constraints? Do they display heuristics and biases indicating computational limitations? The
framework would analyze whether LLMs show anchoring effects, framing effects, limited strategic depth in
game-theoretic scenarios, and satisficing rather than optimizing behavior [Simon, 1982].

Empirical studies suggest LLMs do exhibit bounded rationality patterns, though whether these reflect
genuine computational constraints or merely replicate training data biases remains unclear. The bounded
rationality framework proves useful for characterizing LLM behavior in decision-making contexts, regardless
of underlying mechanisms [Kuzmanovic, 2021].

2.3.5 Synthesis: Boundary Cases Reveal Framework Limits

The LLM case exposes limitations in existing agency frameworks developed for biological or engineered
systems. Computer science frameworks focus on architectural features without determining whether these
constitute genuine agency [Masterman et al., 2024]. Cognitive science frameworks struggle to apply criteria
developed for biological cognition to fundamentally different computational substrates [Kriegeskorte and
Douglas, 2018]. Behavioral economics frameworks characterize decision patterns without resolving questions
about underlying representations [Crawford et al., 2013].
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These boundary cases motivate our systematic cross-domain analysis. By examining how established
fields have successfully navigated agency modeling challenges in their respective domains, we can identify
principles that might guide agency attribution in novel systems like LLMs. The systematic patterns we
document in Section 3 reveal when different agency features become necessary versus sufficient, providing
frameworks for evaluating new cases where existing approaches prove incomplete.

3 A Landscape of Agency Modeling Stances Across Domains

To build a more comprehensive understanding, we now explore how different scientific domains adopt distinct
agency modeling stances, driven by their unique predictive goals. For each domain, we consider its typical
compression strategy and the ”agent features” it emphasizes, informed by syntheses of their respective
literatures. Table 1 presents an illustrative mapping.

Table 1: Illustrative Postulates on the Necessity (N) or Sufficiency (S) of Model Features for Predictive Tasks
in Diverse Domains, Synthesized from Literature Reviews
Model Fea-
ture (often
from GT
Stance)

Behavioral
Econ. & Ex-
perim. GT

Evolutionary
Systems

Developmental
Systems
(Bio/Cog)

AI &
Robotics
(incl. Swarm)

Minimal
Agency &
Control Sys-
tems

Cognitive
Science (Gen-
eral)

Primary
Predictive
Goal(s)

Human choices
in strategic set-
tings.

Stability &
spread of
traits/strategies.

Ontogenetic
pathways,
emergence of
complexity.

Goal achieve-
ment in dy-
namic environ-
ments.

System stabil-
ity, setpoint
tracking.

Mechanisms of
thought & be-
havior.

Typical Com-
pression
Strategy

Humans as
boundedly ra-
tional, heuristic-
driven.

Agents as repli-
cators/ learners
under selection.

Systems as
self-organizing,
goal-directed
networks.

Designed goal-
achievers,
problem-solvers,
learners.

Goal-seeking via
feedback loops.

Mind as infor-
mation proces-
sor.

Strategic Rea-
soning

N (limited/
heuristic-based)

S (simple reac-
tive rules often
suffice)

S (emergent
goal-direction,
not necessarily
strategic)

N (planning,
MAS coordina-
tion)

S (simple error-
correction logic)

N (problem-
solving,
decision-
making)

Memory N (learning,
context)

S (minimal for
simple learn-
ing/imitation)

N (state track-
ing, learning)

N (for
POMDPs,
learning from
experience)

S (minimal state
for feedback)

N (working,
LTM, episodic
are core)

Theory of Mind S (level-k, cog-
nitive hierarchy
models)

- (rarely ex-
plicit; often
emergent social
learning)

S (for advanced
social cognitive
development,
not basic mor-
phogenesis)

S (increasingly
for MAS, HRI;
not universal)

- (not applica-
ble)

N (core for so-
cial cognition)

Self-Reflection - - - S (in advanced
learning agents,
e.g., Reflexion)

- S (metacogni-
tion)

Group Cogni-
tion / Collective
Behavior

S (social prefer-
ences, norms)

N (multi-
level selection,
cultural trans-
mission)

S (cell-cell coor-
dination, emer-
gent tissue prop-
erties)

N (swarm in-
telligence, MAS
coordination)

- S (social norms,
distributed cog-
nition)

Comp. Bound-
edness

N N (implicit in
rule simplicity)

N (biological
processing lim-
its)

N (practical
AI design con-
straint)

N (physical/
computational
limits)

N (central to
many cognitive
architectures)

Goal-
Directedness

N N (fitness) N N N N

Learning/
Adaptation

N N N N S N

Feedback Con-
trol

- S (environmen-
tal feedback
drives selection)

N (homeostatic
loops)

N (RL, adaptive
control)

N N (error-driven
learning)

Symbolic Pro-
cessing

S (in some cog-
nitive models)

- S (developmen-
tal ”programs”)

S (hybrid AI ar-
chitectures)

- S (classical cog-
nitive architec-
tures)
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3.1 Behavioral Economics & Experimental Game Theory

A Behavioral Economist might say: ”Our primary goal is to predict and explain how real humans make
decisions in strategic, often economic, contexts. We start with the predictions of classical game theory,
which assumes full rationality, but find that human behavior systematically deviates. Therefore, our mod-
eling stance compresses human agency by incorporating Bounded Rationality and specific Cognitive
Constraints; these are necessary features of our models [?Crawford et al., 2013]. We observe that people
use Heuristics and simplified decision strategies rather than performing perfect optimization. While some
Strategic Reasoning is evident, it’s often limited to a few levels of recursion, as captured by level-k or
cognitive hierarchy models [?]. Memory and Learning are crucial in repeated interactions, but again,
often bounded. Explicit, deep Theory of Mind isn’t always necessary to model behavior, as simpler rules
or fairness considerations can drive choices.”

3.1.1 Evolution of Modeling Approaches

Behavioral economics emerged from systematic empirical testing of classical game theory predictions in
controlled laboratory settings. Early experimental work in the 1980s and 1990s consistently documented de-
viations from Nash equilibrium predictions across diverse strategic contexts [Camerer, 1997]. This empirical
evidence led to a gradual shift in modeling approaches, moving from assumptions of full rationality toward
incorporating cognitive constraints.

The field has converged around several key modeling frameworks. Bounded rationality refers to
decision-making that is rational within cognitive limitations, rather than globally optimal. Level-k thinking
models assume players engage in limited recursive reasoning, where level-0 players act non-strategically,
level-1 players best-respond to level-0 players, and so forth. Cognitive hierarchy models extend this by
assuming players have beliefs about the distribution of thinking levels in the population [Camerer et al.,
2004].

3.1.2 Goal-Directedness and Analysis Approaches

The goal-directedness in behavioral economics modeling is primarily predictive rather than mechanistic.
Researchers seek to predict aggregate behavior patterns in strategic contexts without necessarily explaining
the underlying cognitive mechanisms. This leads to a predominantly black box approach where internal
cognitive processes are compressed into simplified behavioral rules or probability distributions over actions.

However, some recent work incorporates white box elements by connecting behavioral patterns to
specific cognitive mechanisms. For instance, computational neuroscience approaches attempt to link level-k
thinking patterns to measurable neural activity [Griessinger et al., 2018]. The choice between black box and
white box analysis depends on the specific research question and available measurement techniques.

3.1.3 Strategic Reasoning: Necessary vs. Important

Strategic Reasoning serves different roles depending on the modeling context. In single-shot games, some
form of strategic reasoning is necessary for the model to capture interdependent decision-making. However,
the depth of strategic reasoning varies significantly across experimental contexts.

Meta-analytic evidence suggests most experimental participants operate at level-1 or level-2 thinking,
with substantial heterogeneity [?]. This bounded strategic reasoning is important for capturing realistic
behavior patterns, but unlimited recursive reasoning is neither necessary nor empirically supported. The field
has thus settled on models that incorporate limited strategic sophistication as both necessary and sufficient
for most predictive purposes.

3.1.4 Memory and Learning Mechanisms

Memory becomes necessary in repeated strategic interactions where history affects optimal strategies.
However, behavioral economics typically employs simplified memory models rather than detailed cognitive
architectures. Common approaches include:

• Experience-weighted attraction learning, where players weight past outcomes by recency and similarity
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• Belief learning models that update probabilistic beliefs about opponents’ strategies

• Reinforcement learning with limited memory windows

These models treat memory as a sufficient approximation for capturing adaptive behavior without
modeling detailed memory mechanisms. The distinction between necessary and important becomes clear
here: some memory mechanism is necessary for repeated games, but detailed memory architecture is not
important for most behavioral predictions.

3.1.5 Theory of Mind: Context-Dependent Deployment

Theory of Mind in behavioral economics refers to players’ ability to model others’ mental states and
reasoning processes. However, the field has found that explicit theory of mind is often not necessary for
explaining strategic behavior. Many experimental findings can be explained through simpler mechanisms:

• Social preference models that incorporate fairness or reciprocity concerns

• Imitation or social learning rules

• Focal point reasoning in coordination games

Theory of mind becomes more important in complex games with incomplete information or repeated
interactions where reputation matters. The level-k thinking framework provides a sufficient approximation
of theory of mind for most experimental contexts without requiring detailed modeling of recursive mental
state attribution.

3.1.6 Computational Boundedness as Design Principle

Computational Boundedness is both necessary and central to behavioral economics modeling. Unlike
other domains where computational limits are treated as constraints to work around, behavioral economics
treats them as fundamental features that explain observed behavior patterns.

The field has systematically documented how computational constraints shape strategic behavior:

• Limited working memory affects the depth of strategic reasoning

• Time pressure reduces strategic sophistication

• Cognitive load interferes with theory of mind deployment

• Complexity of the strategic environment determines which heuristics are employed

This makes computational boundedness a necessary feature for realistic models, distinguishing behav-
ioral economics from classical game theory approaches that assume unlimited computational capacity.

3.1.7 Experimental Paradigms and Agent-Environment Boundaries

The agent-environment boundary in behavioral economics is defined by experimental design. Researchers
manipulate information availability, payoff structures, and communication opportunities to isolate specific
aspects of strategic reasoning. This experimental approach allows systematic testing of when different agency
features become necessary or sufficient.

Common experimental paradigms include:

• One-shot vs. repeated games to test memory and learning requirements

• Varying information structures to examine theory of mind deployment

• Cognitive load manipulations to study computational boundedness effects

• Cross-validation across different game types to test model generalizability

The controlled nature of experiments enables researchers to establish when specific agency features are
necessary for adequate prediction versus when simpler models prove sufficient.
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3.2 Evolutionary Systems (Biology, Evolutionary Game Theory, Cultural Evo-
lution)

An Evolutionary Theorist might state: ”We aim to predict the long-term dynamics of traits and strategies
in populations under selection pressure. Our modeling stance views entities—genes, individuals, groups,
or even cultural traits—as units subject to replication and selection, where ’fitness’ or a similar utility is
the currency. Often, Minimal Agency suffices for our models [Hofbauer and Sigmund, 1998]. Agents
are frequently modeled with reactive strategies (e.g., payoff-driven imitation, myopic updates) and basic
Learning Rules, which are sufficient to explain the emergence of Evolutionary Stable Strategies (ESS) and
population-level outcomes via mechanisms like replicator dynamics [?]. While Memory can be incorpo-
rated for repeated interactions, complex cognitive features like explicit Theory of Mind or deep strategic
reasoning are often abstracted away, as selection can favor simpler, robust heuristics. Cultural evolution
models might incorporate more complex cognitive features like bounded rationality or inferential processes
for phenomena like cumulative adaptation [Henrich and Boyd, 2002]. Multi-level selection theories explore
how agency and goal-directedness can be attributed across different levels of biological organization [Broom
and Cannings, 2010], where group-level fitness can drive the evolution of individual traits.”

This characterization reveals one of the most intellectually fascinating aspects of evolutionary thinking:
the elegant parsimony with which complex behavioral phenomena can emerge from strikingly simple under-
lying mechanisms. The evolutionary perspective offers a unique window into agency modeling because it
must simultaneously account for both the constraints of biological reality and the mathematical necessity of
population-level dynamics.

3.2.1 The Architecture of Minimal Agency

The concept of minimal agency in evolutionary systems represents perhaps the most theoretically profound
compression strategy across all scientific domains. When we examine the theoretical foundations laid out by
researchers like Sandholm [?] and Hofbauer and Sigmund [Hofbauer and Sigmund, 1998], we discover that
the overwhelming majority of evolutionary outcomes can be predicted using agents that exhibit only the
most basic reactive capabilities.

This minimal agency typically consists of three core elements: payoff sensitivity (the ability to dis-
tinguish between more and less successful outcomes), imitation capacity (the ability to copy success-
ful strategies from others), and myopic updating (the tendency to adjust behavior based on immediate
rather than long-term consequences). The mathematical elegance of this approach lies in how these simple
individual-level mechanisms, when embedded within population dynamics governed by replicator equations,
generate remarkably sophisticated collective behaviors.

The theoretical reviews consistently demonstrate that this minimal agency framework proves sufficient
for modeling evolutionary stable strategies across diverse biological contexts [Aoki and Feldman, 2014, Nowak
et al., 2010]. The key insight here is that evolutionary pressures themselves serve as a kind of external
computational system, obviating the need for complex internal cognition. When selection operates efficiently,
simple reactive strategies can outcompete more sophisticated cognitive approaches because they avoid the
metabolic and developmental costs associated with complex neural architectures.

3.2.2 Memory and Learning Rules: Strategic Minimalism

The treatment of Memory and Learning in evolutionary models reveals a fascinating tension between
computational efficiency and adaptive capability. Unlike other domains where memory systems are modeled
as general-purpose storage and retrieval mechanisms, evolutionary approaches treat memory as a specialized
adaptation that emerges only when the benefits outweigh the costs.

Most foundational evolutionary models operate without explicit memory mechanisms, relying instead on
what might be termed ”environmental memory”—where the current state of the population itself encodes
relevant historical information about strategy success [Broom and Cannings, 2010]. This approach treats
memory as unnecessary for basic evolutionary dynamics, since frequency-dependent selection naturally
captures the cumulative outcomes of past strategic interactions.

However, the field has identified specific contexts where memory becomes necessary rather than merely
beneficial. In temporally variable environments, as analyzed by Aoki and Feldman [Aoki and Feldman,
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2014], agents require some capacity to track environmental changes and adjust their behavioral strategies
accordingly. The critical insight is that even this ”memory” is typically modeled as simple state-dependent
switching rules rather than complex episodic storage systems.

Learning rules in evolutionary contexts exhibit a similar minimalist elegance. Rather than modeling
learning as conscious information processing, evolutionary approaches treat it as genetically or culturally
programmed response patterns that can themselves evolve. This represents a profound reframing: learning
capacity becomes a trait subject to selection rather than a cognitive process requiring detailed mechanistic
modeling.

3.2.3 The Cultural Evolution Threshold

One of the most intellectually compelling findings from the theoretical literature concerns the emergence
of a clear complexity threshold when evolutionary models incorporate cultural transmission mechanisms.
While genetic evolution models consistently demonstrate the sufficiency of minimal agency, cultural evolution
frameworks reveal fundamentally different computational requirements.

Henrich and Boyd’s seminal theoretical analysis [?] demonstrates that cultural transmission creates
selection pressures for cognitive capabilities that are unnecessary in purely genetic evolution. Their models
suggest that inferential processes and cognitive attractors become necessary features when modeling
cultural evolution, particularly for phenomena like cumulative cultural adaptation.

This threshold emerges from the fundamental differences between genetic and cultural inheritance sys-
tems. Genetic transmission operates through high-fidelity molecular copying mechanisms that require mini-
mal cognitive input from the organism. Cultural transmission, by contrast, relies on social learning processes
that inherently involve interpretation, inference, and active reconstruction of information. This creates se-
lection pressures for cognitive systems capable of extracting underlying patterns from noisy social input—a
computational challenge that pushes beyond the minimal agency framework.

The implications for agency modeling are profound. Cultural evolution models require agents capable of
bounded rationality, where individuals can make reasonable inferences under uncertainty while remain-
ing computationally tractable. This represents a qualitative shift from reactive strategies to what might
be termed ”constructive strategies”—approaches that actively generate novel behavioral variants through
cognitive processing rather than merely selecting among existing alternatives.

3.2.4 Multi-Level Selection and Emergent Agency

Perhaps the most theoretically ambitious frontier in evolutionary agency modeling concerns multi-level se-
lection theory and the emergence of agency across different scales of biological organization. The theoretical
frameworks developed by researchers like Van Cleve [?] and Broom and Cannings [Broom and Cannings,
2010] reveal how agency properties can emerge at group levels through selection processes operating simul-
taneously across individual and collective scales.

This multi-level perspective fundamentally challenges traditional assumptions about where agency ”re-
sides” in biological systems. Rather than treating individual organisms as the natural unit of agency,
multi-level selection theory suggests that goal-directedness and strategic behavior can emerge at any level
where there is sufficient variation, inheritance, and differential fitness.

The mathematical frameworks required for multi-level selection reveal interesting patterns in agency
feature requirements. Group Cognition emerges as a necessary feature when modeling collective behaviors
that cannot be reduced to individual-level strategies. Examples include coordinated collective movements,
group decision-making processes, and the evolution of communication systems that benefit group-level fitness
at potential costs to individual fitness.

These models demonstrate how Strategic Reasoning can emerge at collective levels even when indi-
vidual agents exhibit only minimal cognitive capabilities. The classic example involves social insect colonies,
where sophisticated collective strategies emerge from interactions among individuals following simple behav-
ioral rules. This suggests that strategic sophistication can be distributed across multiple agents rather than
requiring complex individual cognition.
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3.2.5 Replicator Dynamics and Strategy Representation

The mathematical formalism of replicator dynamics provides perhaps the clearest window into how evo-
lutionary approaches compress agency into tractable mathematical representations. The elegance of the
replicator equation—where strategy frequencies change proportional to their fitness advantage relative to
the population average—reveals how complex strategic interactions can be captured without modeling de-
tailed cognitive processes.

This mathematical framework treats strategies as abstract beha

3.3 Developmental Systems (Biology & Cognitive Development)

A Developmental Systems Biologist/Psychologist might explain: ”Our goal is to understand and predict how
complex organisms and cognitive capabilities arise from simpler beginnings through ontogenetic processes.
We model systems as active, self-organizing networks where Goal-Directedness is often an emergent prop-
erty rather than a pre-programmed one. For instance, in morphogenesis, cells and tissues exhibit behaviors
that can be described using pragmatic teleological language—referring to developmental programs, tar-
gets, and setpoints—which are useful compressions of complex underlying dynamics [?Lander, 2011]. These
systems often rely on Feedback Control and homeostatic loops across multiple scales, from cellular to
organismal. While not ’strategic reasoning’ in the adult human sense, cellular decision-making and interac-
tions are crucial. In cognitive development, we see a sequential acquisition of capabilities: basic Learning
Mechanisms and Memory are necessary for the later emergence of a sophisticated Theory of Mind [?].
The agent-environment boundary is co-constructed and changes throughout development, with the organism
actively shaping and being shaped by its environment.”

This characterization captures something profoundly fascinating about developmental systems: they
represent perhaps the most elegant demonstration of how sophisticated, apparently purposeful behaviors
can emerge from the coordinated interactions of components that individually possess no knowledge of the
larger design. The intellectual journey of developmental biology over the past several decades reveals a field
grappling with one of the most fundamental questions in science—how does complex organization arise from
simple beginnings?

3.3.1 The Great Paradigm Shift: From Genetic Programs to Emergent Systems

The theoretical landscape of developmental biology has undergone a remarkable transformation that mirrors
broader shifts across the life sciences. The classical view, dominated by genetic determinism, conceived
of development as the unfolding of pre-programmed instructions encoded in DNA. This framework treated
genes as master controllers orchestrating development through hierarchical command structures, with cellular
behavior reduced to the passive execution of genetic directives.

Contemporary developmental systems theory has fundamentally challenged this reductionist paradigm.
The accumulated evidence from decades of experimental work has revealed that developmental outcomes
emerge from dynamic interactions between multiple levels of biological organization, none of which can
be understood in isolation [Sultan et al., 2021]. This shift represents more than a mere refinement of
existing models—it constitutes a fundamental reconceptualization of how biological agency operates during
development.

The new paradigm recognizes thatGoal-Directedness in developmental systems represents an emergent
property that arises from the self-organizing dynamics of complex networks rather than from pre-specified
genetic instructions. This insight has profound implications for how we model agency in biological systems,
suggesting that purposeful behavior can emerge without centralized control or explicit programming.

3.3.2 Multi-Scale Homeostatic Architecture

One of the most intellectually compelling discoveries in contemporary developmental biology concerns the
hierarchical organization of homeostatic control systems that operate across multiple scales of biological or-
ganization. These homeostatic loops represent a form of distributed agency where goal-directedness emerges
through the coordinated operation of feedback mechanisms spanning molecular, cellular, tissue, and organ-
ismal levels.
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The TAME framework (Transforming Agent-based Models to Explain homeostasis) developed by Pio-
López and colleagues [??] provides a particularly elegant mathematical formalization of how cellular-level
homeostatic goals can scale to produce anatomical-level coordinated behaviors. Their agent-based cellu-
lar automata models demonstrate how individual cells, each maintaining local homeostatic setpoints, can
collectively generate tissue-level patterns that appear purposefully directed toward specific morphological
outcomes.

This multi-scale homeostatic architecture reveals that Memory in developmental systems operates very
differently than in cognitive or behavioral contexts. Rather than serving as a repository for past experiences,
developmental memory functions as a dynamic maintenance system that preserves essential organizational
relationships across scales. Cellular memory systems maintain epigenetic states that encode positional in-
formation and developmental history, while tissue-level memory emerges from the stable maintenance of
morphological patterns through homeostatic feedback loops.

The scaling properties of these homeostatic systems demonstrate that Feedback Control becomes
both necessary and sufficient for explaining coordinated developmental outcomes. Individual cells need not
possess knowledge of global developmental goals—their local homeostatic activities, when properly coordi-
nated through stress propagation and information flow, spontaneously generate the appropriate tissue-level
responses.

3.3.3 Cellular Competency and Distributed Decision-Making

Perhaps the most revolutionary insight emerging from contemporary developmental biology concerns the
recognition that individual cells exhibit sophisticated forms of decision-making that contribute to collective
developmental outcomes. This cellular competency represents a form of minimal agency that operates
through information processing, environmental sensing, and adaptive response mechanisms.

Levin’s framework of multiscale competency architecture [?] conceptualizes development as emerging
from the coordinated activities of ”competent sub-agents” operating at multiple organizational levels. Indi-
vidual cells function as information-processing entities capable of interpreting environmental cues, maintain-
ing internal goals (homeostatic setpoints), and adjusting their behavior in response to changing conditions.
This cellular agency, while not involving conscious deliberation, nevertheless exhibits many of the functional
characteristics associated with goal-directed behavior.

The theoretical frameworks developed by Manicka and Levin [Manicka and Levin, 2022] demonstrate how
Strategic Reasoning can emerge at the cellular level through causal network architectures that enable cells
to predict and respond to developmental contingencies. These cellular ”decisions” involve weighing multiple
environmental inputs, integrating historical information (through epigenetic mechanisms), and selecting
among alternative developmental pathways based on context-dependent criteria.

This distributed decision-making architecture reveals that Group Cognition emerges naturally in devel-
opmental systems through the coordination of cellular competencies. Tissues and organs exhibit collective
intelligence properties that arise from the integration of individual cellular responses, enabling adaptive
responses to environmental perturbations that maintain developmental robustness while allowing for mor-
phological plasticity.

3.3.4 The Pragmatic Justification of Teleological Language

One of the most intellectually sophisticated aspects of contemporary developmental biology concerns its
thoughtful approach to teleological language. Unlike fields that either embrace or reject purposive descrip-
tions wholesale, developmental biologists have developed nuanced justifications for when and why goal-
directed language proves scientifically useful.

The pragmatic use of teleological terminology in developmental biology reflects a deep understanding
that purposive language can capture real features of biological systems without implying conscious intent or
supernatural design [?Steinberg, 1998]. When developmental biologists refer to cellular ”goals,” tissue ”tar-
gets,” or developmental ”programs,” they are employing these terms as compressed descriptions of observable
regulatory behaviors that maintain specific organizational states despite environmental perturbations.

This approach treats teleological language as an empirical description of system properties rather than
a metaphysical commitment. Cells exhibit goal-directed behavior in the functional sense that they actively
maintain specific physiological states, respond adaptively to perturbations, and coordinate their activities to
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achieve collective outcomes. The teleological description captures these regulatory dynamics more efficiently
than purely mechanistic accounts while remaining grounded in observable phenomena.

The sophisticated use of purposive language in developmental biology demonstrates how scientific fields
can employ agent-like descriptions without anthropomorphizing their subject matter. The key insight is
that goal-directedness represents a legitimate level of biological organization that emerges from underlying
mechanistic processes while exhibiting autonomous causal powers that cannot be reduced to lower-level
descriptions.

3.3.5 Computational Frameworks for Developmental Agency

The mathematical and computational approaches employed in developmental biology reveal fascinating in-
sights into how different modeling frameworks capture different aspects of agency and self-organization. The
field has converged around several key computational paradigms, each offering unique perspectives on how
developmental agency emerges and operates.

The variational free energy framework, adapted from neuroscience by Friston and colleagues [Friston et al.,
2015], treats developmental systems as active inference engines that minimize prediction error through both
perceptual updating and action. This framework suggests that morphogenetic processes can be understood
as forms of Computational Boundedness where biological systems optimize their organizational states
within the constraints imposed by physical and chemical limitations.

Agent-based modeling approaches, exemplified by the cellular automata frameworks developed by Pio-
López and colleagues, reveal how local interaction rules can generate global coordination patterns without
centralized control. These models demonstrate that sophisticated collective behaviors can emerge from
relatively simple individual behavioral rules, suggesting that complex developmental outcomes may result
from the coordination of minimal cellular competencies rather than sophisticated individual planning.

The cybernetic frameworks increasingly employed in developmental biology treat biological systems as
recursive control hierarchies where feedback loops operate across multiple temporal and spatial scales. This
approach reveals how Self-Reflection can emerge at the tissue and organ levels through recursive feedback
relationships that enable biological systems to monitor and adjust their own organizational states.

3.3.6 Information Flow and Cross-Scale Integration

The contemporary understanding of developmental agency increasingly emphasizes the crucial role of infor-
mation flow in coordinating activities across different scales of biological organization. This information-
theoretic perspective reveals how developmental systems maintain coherent global organization while pre-
serving the autonomy of local regulatory processes.

Collinet and Lecuit’s framework for understanding morphogenetic information flow [Collinet and Lecuit,
2021] demonstrates how developmental systems integrate both deterministic and self-organized mechanisms
to achieve robust morphological outcomes. Their analysis reveals that successful development requires the
coordination of multiple information processing streams, each operating according to different organizational
principles but contributing to coherent collective outcomes.

This multi-stream information architecture suggests that Theory of Mind in developmental contexts
operates through sophisticated intercellular communication systems that enable cells to model and predict
the states of their neighbors. While this cellular ”theory of mind” does not involve conscious mental state
attribution, it does require sophisticated information processing capabilities that enable cells to infer the
physiological states and likely behaviors of surrounding cells.

The cross-scale integration mechanisms identified in developmental biology demonstrate how local cellular
competencies can be coordinated to generate tissue-level and organ-level behaviors that appear purposefully
directed toward specific morphological goals. This integration occurs through stress propagation mechanisms,
chemical signaling networks, and mechanical feedback systems that create coherent information flow across
multiple scales of organization.

3.3.7 Temporal Dynamics and Developmental Memory

The temporal aspects of developmental agency reveal particularly sophisticated forms of biological informa-
tion processing that challenge traditional distinctions between memory, learning, and inheritance. Devel-
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opmental systems maintain multiple forms of temporal information that enable them to coordinate current
activities with past developmental history and future morphological requirements.

Epigenetic memory systems function as cellular-level information storage mechanisms that maintain po-
sitional and temporal information across cell divisions. These systems enable individual cells to ”remember”
their developmental history and use this information to guide future developmental decisions. This biologi-
cal memory operates very differently from cognitive memory systems—it maintains essential organizational
information rather than episodic experiences, and it functions through molecular mechanisms rather than
neural networks.

The temporal coordination of developmental processes demonstrates that Learning in developmental
contexts operates through adaptive regulatory mechanisms that enable biological systems to adjust their
organizational strategies based on environmental feedback. This developmental learning involves the mod-
ification of gene expression patterns, the adjustment of cellular behavioral rules, and the refinement of
intercellular communication networks in response to developmental contingencies.

These temporal dynamics reveal that developmental agency emerges through the integration of inher-
ited organizational information, current environmental conditions, and adaptive regulatory responses. The
resulting systems exhibit sophisticated forms of biological intelligence that enable them to navigate complex
developmental challenges while maintaining essential organizational relationships across multiple scales and
time periods.

The profound implications of these discoveries extend far beyond developmental biology itself, offering
insights into the fundamental nature of biological agency, the emergence of complex organization from simple
components, and the relationship between mechanistic processes and purposeful behaviors in living systems.

3.4 Artificial Intelligence & Robotics (including Swarm/Collective AI)

An AI Researcher/Roboticist might articulate: ”Our primary predictive (and design) goal is to create artificial
systems that can achieve complex goals in dynamic, often partially observable, and sometimes multi-agent
environments. The modeling stance varies greatly depending on the task. For complex planning or naviga-
tion in POMDPs, models explicitly incorporating Strategic Reasoning (e.g., search algorithms), internal
Memory (like belief states in Bayesian RL), and robust perception are necessary features [Masterman et al.,
2024]. In multi-agent systems (MAS), effective coordination or competition often requires agents to model
others, making some form of Theory of Mind a highly beneficial, if not always strictly necessary, feature for
sophisticated interaction. Learning and Adaptation are almost always necessary for robust performance
in novel situations. Computational Boundedness is an unavoidable practical constraint that necessi-
tates trade-offs in agent architectures (reactive, deliberative, hybrid) [?]. Swarm intelligence demonstrates
how complex collective behavior (Group Cognition) can emerge from individuals with minimal cognitive
features, relying on environmental mediation and simple interaction rules rather than explicit ToM.”

The artificial intelligence and robotics literature reveals a field explicitly engaged in agency design deci-
sions, where researchers must make deliberate choices about which cognitive capabilities to implement based
on systematic analysis of task requirements and computational constraints. Unlike other domains examined
in this paper, AI explicitly treats agency features as engineering parameters to be optimized rather than as
natural phenomena to be observed.

3.4.1 Architectural Paradigms and Agency Feature Selection

Literature reviews in AI agent architecture reveal several distinct paradigmatic approaches, each emphasiz-
ing different combinations of agency features based on theoretical commitments and empirical performance
[Wooldridge and Jennings, 1995, Vernon et al., 2007]. Table 2 summarizes the primary architectural ap-
proaches and their characteristic agency feature requirements.

The cognitivist paradigm, exemplified by Belief-Desire-Intention (BDI) architectures, treats Strategic
Reasoning and explicit Memory as necessary features for agents operating in structured environments
where symbolic planning provides computational advantages [Wooldridge and Jennings, 1995, ?]. These
systems implement explicit goal representation and intention manipulation, requiring sophisticated internal
models of environmental states and action consequences.
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Table 2: AI Agent Architecture Types and Associated Agency Feature Requirements

Architecture
Type

Core Features Environmental Re-
quirements

Key Agency Features

Cognitivist Symbolic reasoning, ex-
plicit goal representation,
BDI models

Structured, well-defined
environments

Strategic Reason-
ing, Memory, goal-
directedness

Behavior-based Reactive behaviors, envi-
ronmental coupling, min-
imal internal state

Dynamic, unstructured
environments

Adaptive behavior, senso-
rimotor coordination

Emergent systems Embodiment, senso-
rimotor loops, self-
organization

Rich, interactive environ-
ments

Learning, autonomous
development, robustness

Hybrid systems Integration of symbolic
and emergent features

Flexible environments Strategic Reasoning,
Learning, coordination

Behavior-based robotics, by contrast, demonstrates that many tasks can be accomplished with minimal
agency features [?]. These architectures rely primarily on reactive behavioral coupling between perception
and action, treating complex internal representations as computationally unnecessary for many real-time
robotics applications. The success of behavior-based approaches suggests that Strategic Reasoning and
Memory are sufficient rather than necessary for many embodied intelligence tasks.

Emergent systems approaches emphasize Learning and adaptation as primary agency features, with
complex behaviors arising from self-organizing dynamics rather than explicit planning [??]. These systems
treat embodiment and sensorimotor coordination as fundamental, suggesting that sophisticated cognitive
features can emerge from simpler substrate capabilities under appropriate environmental conditions.

3.4.2 Task-Environment Coupling and Computational Requirements

The AI literature demonstrates systematic relationships between environmental characteristics and agency
feature requirements. Reviews consistently identify environmental observability as a primary determinant
of architectural necessity [Masterman et al., 2024, Vernon et al., 2007].

In fully observable environments, agents can operate effectively with reactive strategies that couple per-
ception directly to action. Memory becomes unnecessary when all relevant information for decision-making
is available in the current environmental state. However, partial observability creates mathematical re-
quirements for internal state maintenance, making Memory systems necessary for optimal performance in
POMDP environments.

Multi-agent environments introduce additional computational challenges requiring coordination mecha-
nisms. However, the literature reveals that explicit Theory of Mind modeling is rarely implemented in
successful multi-agent systems [??]. Instead, coordination typically occurs through environmental mediation
or direct communication protocols, suggesting that Theory of Mind is sufficient rather than necessary for
most multi-agent coordination tasks.

3.4.3 Computational Boundedness and Architectural Trade-offs

Computational Boundedness emerges as a universal constraint in AI systems, fundamentally shaping ar-
chitectural decisions across all paradigms. The literature documents systematic trade-offs between cognitive
sophistication and computational efficiency [?Bryson, 2000].

Reactive architectures excel in scenarios requiring rapid responses within strict temporal deadlines but
prove insufficient for tasks requiring long-term planning or complex goal coordination. Deliberative architec-
tures can solve complex planning problems but may exceed computational budgets for real-time applications.
Hybrid architectures attempt to capture benefits of both approaches through modular organization, treating
computational complexity as a controllable parameter rather than a fixed constraint.
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Recent advances in agent architecture design increasingly employ attention mechanisms and resource
allocation strategies that dynamically adjust reasoning complexity based on task demands [Masterman et al.,
2024]. These approaches treat agency features as computational resources to be allocated rather than fixed
architectural commitments.

3.4.4 Swarm Intelligence and Minimal Individual Agency

Swarm intelligence research demonstrates that sophisticated Group Cognition can emerge from interac-
tions between agents with minimal individual cognitive capabilities [??]. These systems achieve coordination
through stigmergic mechanisms where agents modify shared environmental structures rather than maintain-
ing explicit models of other agents’ states.

The swarm intelligence literature reveals systematic relationships between individual agency complexity
and collective capability. Simple agents employing basic sensorimotor coupling and environmental modifi-
cation rules can generate complex collective behaviors including optimization, construction, and exploration
tasks. This suggests that sophisticated collective intelligence does not require sophisticated individual cog-
nition, challenging assumptions about the necessity of complex agency features for intelligent behavior.

Environmental mediation emerges as a primary coordination mechanism in swarm systems, where agents
coordinate indirectly through environmental traces rather than direct communication or explicit mental
state modeling. This approach sidesteps computational complexity associated with Theory of Mind while
maintaining effective collective coordination.

3.4.5 Learning and Adaptation Requirements

Learning and Adaptation appear as necessary features across all AI architectural paradigms, though
implementation approaches vary significantly [Vernon et al., 2007, ?]. Reactive systems typically employ
parameter optimization approaches within fixed behavioral structures, while deliberative systems require
mechanisms for updating symbolic knowledge representations and modifying planning strategies.

The literature documents different learning requirements across individual and collective systems. In-
dividual learning focuses on parameter adaptation and strategy modification within single agents, while
collective learning involves coordination mechanisms that enable populations of agents to adapt their coor-
dination strategies over time.

Hybrid architectures present particular challenges for learning system design, requiring coordination
of adaptation mechanisms across architectural layers with different representational formats and temporal
dynamics. Recent work explores meta-learning approaches that can adapt learning strategies themselves
based on environmental demands.

3.4.6 Theory of Mind: Implementation Patterns and Alternatives

Despite theoretical expectations that multi-agent coordination would require explicit Theory of Mind
capabilities, the AI literature reveals limited implementation of explicit mental state modeling [?]. Most
successful multi-agent systems achieve coordination through alternative mechanisms that avoid the compu-
tational complexity of recursive mental state attribution.

Environmental mediation serves as the primary alternative to explicit Theory of Mind in multi-agent
systems. Agents coordinate by modifying shared environmental structures, creating distributed information
processing systems that enable sophisticated collective behaviors without explicit mental state modeling.
This approach treats the environment as an external memory system that mediates coordination rather than
requiring agents to maintain internal models of other agents’ cognitive states.

Where Theory of Mind capabilities are implemented, they typically involve shallow, task-specific modeling
rather than general-purpose mental state attribution. Competitive scenarios and coalition formation tasks
show some benefit from explicit agent modeling, but even in these contexts, the modeling tends to focus on
observable behavioral patterns rather than inferred mental states.
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3.4.7 Synthesis: Agency as Engineering Parameter

The AI and robotics literature treats agency features as engineering parameters to be selected based on
systematic analysis of task requirements, environmental constraints, and computational budgets. This en-
gineering perspective provides explicit validation of the modeling stance framework proposed in this paper,
demonstrating how different agency feature combinations prove necessary or sufficient depending on specific
predictive and performance goals.

The field’s systematic exploration of architectural trade-offs reveals general principles about relationships
between environmental complexity, computational constraints, and agency feature requirements. These
principles extend beyond robotics applications to any domain where intelligent behavior must be engineered
rather than evolved, providing empirical validation for the theoretical framework developed in this paper.

Most significantly, the AI literature demonstrates that sophisticated intelligent behavior can emerge from
careful organization of simple computational components, supporting the paper’s central thesis that agency
features represent modeling compressions rather than fundamental cognitive requirements. The success of
minimal agency approaches in swarm intelligence and behavior-based robotics provides existence proofs that
complex collective behaviors can arise without sophisticated individual cognitive architectures.

3.5 Minimal Agency & Control Systems

A Control Theorist or Cyberneticist might say: ”Our focus is on understanding and designing systems
that exhibit goal-directed behavior, typically maintaining stability or tracking reference signals despite dis-
turbances. Our modeling stance compresses complex dynamics into feedback loops and error-correction
mechanisms. The minimal criteria for what we might call ’agency’ in these systems are the presence of
Feedback Control (often negative feedback), a definable Goal-State (or reference value), and mecha-
nisms for Error Correction and ensuring System Stability [?Powers, 1978]. Sophisticated Strategic
Reasoning or Theory of Mind are not necessary for this foundational level of goal-seeking. Simple forms
of Memory (e.g., the state in an integral controller) can be sufficient for certain control objectives. The
agent-environment boundary is clearly defined by sensors (inputs) and actuators (outputs), and the system’s
purposiveness arises from its structural organization to reduce discrepancies from its goal state.”

What emerges from the control theory and cybernetics literature is perhaps the most mathematically
precise articulation of minimal agency found across any scientific domain. Here we encounter a field that
has spent decades systematically exploring the absolute minimum requirements for goal-directed behavior,
stripping away all unnecessary complexity to reveal the fundamental mathematical skeleton that underlies
purposive action.

3.5.1 The Foundational Triad: Feedback, Reference, and Error

The theoretical literature converges with remarkable consistency around three fundamental components
that constitute the irreducible core of goal-directed systems. Table 3 summarizes these essential features as
identified across different control-theoretic frameworks.

Every study examined in the control theory literature emphasizes Feedback Control as the central
mechanism enabling goal-directed behavior [Powers, 1973, 1978, ?, Frank, 2018]. This universality across
theoretical frameworks—from classical control theory to modern cybernetics—suggests that feedback repre-
sents not merely a useful modeling tool but a fundamental organizational principle underlying all goal-seeking
systems.

The mathematical elegance of this framework lies in its extraordinary parsimony. A goal-directed system
requires only the ability to sense its current state, compare this state to a reference condition, and gen-
erate corrective actions proportional to the detected discrepancy. This simple computational architecture
can generate remarkably sophisticated behaviors while remaining mathematically tractable and empirically
verifiable.

3.5.2 Hierarchical Control Architecture and Emergent Complexity

The literature reveals systematic patterns in how minimal control systems can be organized into hierarchi-
cal architectures that generate increasing behavioral complexity without requiring additional fundamental

20



Table 3: Minimal Agency Features in Control Theory and Cybernetics Literature

Essential Feature Operational Definition Functional Role Mathematical Rep-
resentation

Feedback Con-
trol

Continuous monitoring of
system output relative to
reference state

Enables system response to
disturbances and deviations

Closed-loop transfer
function

Reference Signal Target state or desired
system output

Defines goal toward which
system behavior is directed

Setpoint value r(t)

Error Correction Mechanism for reducing
discrepancy between ac-
tual and desired states

Drives goal-seeking behavior
through discrepancy reduc-
tion

Error signal e(t) =
r(t)− y(t)

System Stability Maintenance of bounded
responses to bounded in-
puts

Ensures reliable goal-
achievement despite per-
turbations

Lyapunov stability cri-
teria

agency features [Powers, 1973, ?, Pezzulo and Cisek, 2016]. These hierarchical organizations represent a
profound insight into how sophisticated goal-directed behavior can emerge from the coordination of simple
control loops.

At the lowest level, individual control systems maintain basic reference states through direct sensorimotor
coupling. These systems exhibit Goal-Directedness in its most elementary form: the maintenance of
specific physical or physiological states despite environmental perturbations. The mathematical description
requires only first-order differential equations relating error signals to corrective outputs.

Higher-level control systems set the reference values for lower-level controllers, creating nested hierarchies
where complex behavioral sequences emerge from the coordination of simpler goal-seeking components.
This hierarchical organization enables systems to pursue abstract goals (maintaining behavioral patterns,
achieving complex outcomes) while retaining the mathematical simplicity of individual control loops.

The literature demonstrates that Memory in control systems serves a very specific functional role,
differing fundamentally from memory concepts in cognitive or computational domains [Powers, 1978, Mulder
et al., 2018]. Control system memory typically consists of internal state variables that accumulate error
signals over time (integral control) or predict future system behavior based on current trajectories (derivative
control). This memory serves the control function directly rather than storing arbitrary information about
past experiences.

3.5.3 Cybernetic Compression of Complex Dynamics

The cybernetics literature provides particularly compelling insights into how control-theoretic frameworks
serve as compression strategies for modeling complex adaptive systems [?Mulder et al., 2018]. Cybernetic
approaches treat goal-directedness as an emergent property of system organization rather than as a funda-
mental feature requiring explanation in terms of internal representations or planning mechanisms.

The power of cybernetic compression lies in its ability to capture essential organizational features of
complex systems without requiring detailed modeling of underlying mechanisms. A biological organism
maintaining homeostatic regulation can be modeled using identical mathematical frameworks as an artificial
thermostat, despite vast differences in their underlying physical implementations. This abstraction enables
powerful generalizations about goal-directed behavior across biological and artificial systems.

Cybernetic frameworks reveal that System Stability emerges as both a necessary feature for reliable
goal-achievement and a sufficient condition for many forms of purposive behavior [?Frank, 2018]. Sys-
tems that can maintain stable reference states despite environmental perturbations exhibit functional goal-
directedness regardless of their internal complexity or the sophistication of their component mechanisms.
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3.5.4 Dynamical Systems Perspectives on Agency

The integration of dynamical systems theory with control-theoretic approaches provides additional insights
into the mathematical foundations of minimal agency [Ijspeert et al., 2013, Carver and Scheier, 2002]. Dy-
namical systems frameworks treat goal-directed behavior as movement through state space toward attractor
states that represent system goals.

Table 4 summarizes the key differences between traditional control theory and dynamical systems ap-
proaches to modeling goal-directed behavior.

Table 4: Control Theory vs. Dynamical Systems Approaches to Goal-Directed Behavior

Modeling Aspect Control Theory Approach Dynamical Systems Approach

Goal Representa-
tion

Explicit reference signals and set-
points

Attractor states in state space

Error Correction Feedback loops with proportional-
integral-derivative control

Gradient descent on potential land-
scapes

System Behavior Trajectory tracking and disturbance
rejection

Movement through state space to-
ward attractors

Stability Analysis Transfer function poles and Lya-
punov methods

Basin of attraction and structural
stability

Adaptation Mecha-
nisms

Parameter adjustment and gain
scheduling

Landscape modification and attrac-
tor dynamics

The dynamical systems perspective reveals that goal-directed behavior can emerge from the intrinsic
dynamics of the system itself rather than requiring explicit control mechanisms. Attractor dynamics provide
a mathematical framework for understanding how systems can exhibit purposive behavior through their
natural tendency to evolve toward stable states, even in the absence of explicit feedback controllers.

This perspective suggests that Goal-Directedness might be understood as an emergent property of
certain classes of dynamical systems rather than as a feature requiring special explanation. Systems with
appropriate attractor landscapes naturally evolve toward goal states without requiring explicit representation
of desired outcomes or sophisticated planning mechanisms.

3.5.5 Comparative Analysis: Sufficiency vs. Necessity

The control theory literature provides systematic evidence for when minimal agency features prove sufficient
versus when additional capabilities become necessary for effective goal-directed behavior [?Pezzulo and Cisek,
2016, Mulder et al., 2018]. This comparative analysis offers crucial insights into the boundary conditions of
minimal agency approaches.

For systems operating in stable environments with well-defined goals, basic feedback control proves both
necessary and sufficient for effective goal achievement. Simple thermostatic control, biological homeostasis,
and basic robotic navigation tasks can be accomplished using minimal control architectures without requiring
sophisticated cognitive capabilities.

However, the literature identifies several contexts where additional features become necessary. Learning
and Adaptationmechanisms are required when system parameters change over time or when environmental
conditions vary beyond the range anticipated by fixed control parameters [Mulder et al., 2018, Ijspeert et al.,
2013]. These adaptive mechanisms typically involve parameter adjustment algorithms that modify control
system behavior based on performance feedback.

Time-varying environments create particular challenges for minimal control systems, as fixed reference
signals and controller parameters may become inappropriate as conditions change. The literature suggests
that hierarchical control architectures provide one solution to this challenge, with higher-level controllers
adjusting the reference signals and parameters of lower-level systems based on longer-term performance
criteria.
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3.5.6 Boundaries and Limitations of Minimal Agency

The control theory literature provides unusually explicit discussion of the limitations and boundary conditions
of minimal agency approaches [Mulder et al., 2018, ?, Pezzulo and Cisek, 2016]. These limitations offer
important insights into when additional agency features become necessary for adequate system performance.

Classical control theory approaches assume time-invariant system parameters and stationary environ-
mental conditions. When these assumptions are violated, minimal control systems may fail to achieve their
goals or may exhibit unstable behavior. The literature documents systematic failures of minimal approaches
in environments requiring adaptation, learning, or coordination with other agents.

The transition from minimal agency to more sophisticated cognitive capabilities appears to occur when
systems must operate in environments that cannot be adequately characterized by fixed reference signals
and static control parameters. Complex goal hierarchies, temporal coordination of multiple objectives,
and adaptation to novel environmental conditions seem to require additional agency features beyond basic
feedback control.

Interestingly, the literature suggests that many apparent limitations of minimal control systems can be
addressed through architectural modifications rather than fundamental changes to the underlying control
principles. Hierarchical organization, adaptive parameter adjustment, and environmental structure can
extend the range of problems addressable by control-theoretic approaches without requiring fundamentally
different agency features.

3.5.7 Integration with Broader Agency Frameworks

The control theory perspective provides a crucial foundation for understanding agency across other domains
examined in this paper. The mathematical precision and empirical validation available in control theory
offers a solid foundation for extending agency concepts to more complex cognitive and social systems.

The fundamental insights from control theory—that goal-directed behavior emerges from feedback loops,
error correction, and stability mechanisms—appear to be preserved even in sophisticated cognitive archi-
tectures. Higher-level cognitive functions can be understood as elaborate hierarchical organizations of basic
control principles rather than as qualitatively different forms of agency.

This suggests that the minimal agency framework developed in control theory might serve as a foun-
dational level for understanding more complex forms of agency in biological, cognitive, and social systems.
The control-theoretic perspective provides both mathematical tools and conceptual frameworks that can be
extended to domains where direct measurement and intervention are more challenging.

The systematic exploration of minimal agency in control theory thus offers not merely a specialized
perspective on goal-directed behavior in engineered systems, but a foundational understanding of the math-
ematical principles underlying purposive action in any domain where such behavior emerges.

3.6 Cognitive Science (General)

A Cognitive Scientist might propose: ”We aim to predict and explain the underlying mechanisms of human
and animal cognition and behavior across a wide range of tasks. Our dominant modeling stance is to view
the mind as an Information Processing system, often implemented through diverse computational archi-
tectures. Key features considered necessary for comprehensive models of human cognition include various
Memory Systems (working, long-term, episodic), mechanisms for Mental Representation and often
Symbolic Processing, alongside learning and reasoning capabilities [?Sowa, 2011]. Bounded Ratio-
nality and Cognitive Constraints (e.g., on attention, processing speed) are fundamental and necessary
assumptions to explain actual performance [Cooper and Peebles, 2015]. For social behavior and communi-
cation, modeling with Theory of Mind is generally considered necessary. Different cognitive architectures
(symbolic, connectionist, hybrid) offer competing compressions for how these features are realized and in-
teract, and a key challenge is to bridge neural, cognitive, and behavioral levels of explanation [Doumas and
Hummel, 2012, ?].”

The cognitive science literature represents a fascinating convergence of computational metaphors, empir-
ical observation, and theoretical synthesis. What emerges from systematic reviews of the field is a discipline
wrestling with one of the most profound questions in science: how can we model the mechanisms that give
rise to intelligent behavior while remaining faithful to both computational realities and empirical constraints?
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3.6.1 The Information Processing Paradigm and Architectural Choices

Reviews across cognitive science consistently reveal information processing as the dominant theoretical
metaphor, with researchers treating the mind as a computational system that manipulates symbolic rep-
resentations [?Doumas and Hummel, 2012, Sowa, 2011]. However, this broad consensus masks important
architectural debates about how such processing should be implemented.

Table 5 summarizes the major architectural approaches identified across theoretical reviews, their char-
acteristic features, and empirical support patterns.

Table 5: Cognitive Architecture Types in Information Processing Models

Architecture
Type

Core Processing As-
sumptions

Representational For-
mat

Empirical Support

Symbolic Rule-based manipulation
of discrete symbols

Explicit symbolic struc-
tures, logical propositions

Strong for reasoning
tasks, language pro-
cessing

Connectionist Parallel distributed pro-
cessing across neural-like
networks

Distributed activation
patterns

Strong for pattern
recognition, learning

Hybrid Integration of symbolic
and connectionist compo-
nents

Mixed symbolic-
distributed represen-
tations

Increasing preference
in recent reviews

Emergent Self-organizing systems
with minimal initial struc-
ture

Dynamic, context-
dependent representations

Growing support for
developmental phe-
nomena

The literature reveals a striking pattern: while symbolic approaches dominate unified theories of cogni-
tion, no review exclusively advocates purely connectionist architectures. Instead, six out of ten major reviews
emphasize the necessity of hybrid models that integrate symbolic manipulation with distributed processing
capabilities [Kriegeskorte and Douglas, 2018, Sowa, 2011, Doumas and Hummel, 2012].

This convergence toward hybrid architectures reflects deeper insights about the computational require-
ments of different cognitive tasks. Symbolic Processing proves necessary for tasks requiring compositional
structure, logical reasoning, and explicit rule manipulation, while distributed processing becomes essential
for pattern recognition, associative memory, and adaptive learning. The field has increasingly recognized
that comprehensive cognitive models require both processing modes rather than treating them as competing
alternatives.

3.6.2 Memory Systems as Computational Architectures

Perhaps no aspect of cognitive science demonstrates the necessity of specific agency features more clearly
than the treatment of memory systems. Reviews consistently identify multiple memory systems - working
memory, long-term memory, and episodic memory - as fundamental architectural components rather than
optional enhancements [?Cooper and Peebles, 2015, Sowa, 2011].

The computational necessity of these memory systems emerges from the functional roles they serve in
information processing:

Working Memory functions as a limited-capacity workspace for active manipulation of information,
enabling complex reasoning that exceeds the scope of immediate sensory input. The literature consistently
treats working memory limitations as necessary constraints for explaining human cognitive performance
rather than as implementation details [Cooper and Peebles, 2015].

Long-term Memory provides the knowledge base that enables recognition, categorization, and inference
processes. Reviews demonstrate that cognitive models without substantial long-term memory systems fail
to capture the breadth and flexibility of human cognitive performance across domains.
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Episodic Memory enables context-dependent recall and temporal reasoning about specific events. The
cognitive science literature treats episodic memory as necessary for explaining how humans navigate tempo-
rally extended situations and learn from specific experiences rather than just general patterns.

The functional organization of these memory systems reveals important insights about Computational
Boundedness in cognitive modeling. Rather than treating memory limitations as constraints to overcome,
cognitive science has increasingly recognized them as design features that enable efficient information pro-
cessing under realistic resource constraints.

3.6.3 Bounded Rationality as Foundational Principle

The cognitive science literature demonstrates a remarkable convergence around bounded rationality as a
fundamental modeling assumption rather than a limitation to explain away [Cooper and Peebles, 2015,
Kriegeskorte and Douglas, 2018]. This represents a sophisticated understanding that cognitive constraints
serve computational functions rather than merely limiting performance.

Table 6 summarizes the major cognitive constraints identified as necessary features across different cog-
nitive architectures.

Table 6: Cognitive Constraints and Their Functional Roles in Information Processing

Constraint Type Functional Role Computational Benefit Modeling Neces-
sity

Attention limitations Focus computational re-
sources on relevant informa-
tion

Prevents information
overload, enables selective
processing

Necessary for real-
istic models

Processing speed limits Constrains real-time decision
making

Forces efficient algo-
rithms, enables time-
bounded decisions

Necessary for tem-
poral behavior

Working memory ca-
pacity

Limits simultaneous informa-
tion manipulation

Prevents combinatorial
explosion, forces hierar-
chical organization

Necessary for ex-
plaining cognitive
performance

Retrieval limitations Constrains access to long-
term memory

Enables context-
dependent recall, prevents
interference

Necessary for mem-
ory modeling

The literature reveals that these constraints are not arbitrary limitations but rather design principles
that enable efficient computation under realistic resource limitations. Cognitive models that ignore these
constraints systematically fail to capture human performance patterns, while models that incorporate them
naturally generate human-like behavior across diverse tasks.

3.6.4 Theory of Mind and Social Cognitive Architecture

The treatment of Theory of Mind in cognitive science literature reveals a sophisticated understanding of
when mental state modeling becomes necessary versus sufficient for explaining social behavior. Unlike some
domains where theory of mind is treated as an optional enhancement, cognitive science consistently identifies
it as necessary for modeling human social cognition and communication [?].

However, the literature demonstrates important nuances in how theory of mind is implemented across
different cognitive tasks:

Basic Social Interaction may be supported by simpler mechanisms such as emotion recognition, imita-
tion, and social learning without requiring explicit mental state attribution. The cognitive science literature
suggests these mechanisms prove sufficient for many forms of social coordination.

Complex Communication requires explicit modeling of others’ knowledge states, beliefs, and inten-
tions. The literature consistently demonstrates that sophisticated language use and collaborative problem-
solving require theory of mind capabilities as necessary features.
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Strategic Social Behavior involving deception, cooperation in competitive contexts, and coalition
formation requires recursive mental state modeling where agents must reason about others’ reasoning about
their own mental states.

The developmental literature within cognitive science provides particularly compelling evidence for the
necessity of theory of mind. Studies consistently demonstrate that children’s acquisition of theory of mind
capabilities coincides with qualitative improvements in communication, social learning, and collaborative
behavior, suggesting these capabilities are necessary rather than merely beneficial for sophisticated social
cognition.

3.6.5 Levels of Explanation and Integration Challenges

One of the most intellectually challenging aspects of cognitive science concerns the systematic integration of
explanations across neural, cognitive, and behavioral levels. Reviews consistently identify this as a central
theoretical challenge rather than a mere methodological preference [Kriegeskorte and Douglas, 2018, Cooper
and Peebles, 2015, ?].

The literature reveals systematic patterns in how different levels of explanation relate to agency modeling:
Neural Level explanations focus on the implementation mechanisms that realize cognitive processes.

These explanations become necessary when cognitive models must account for biological constraints, devel-
opmental patterns, or neurological disorders.

Cognitive Level explanations focus on the computational algorithms and representational structures
that implement intelligent behavior. The literature consistently treats this as the primary level for under-
standing agency features such as memory, reasoning, and learning.

Behavioral Level explanations focus on observable patterns of performance across tasks and environ-
ments. These explanations provide the empirical constraints that cognitive models must satisfy but typically
require higher-level explanations to account for underlying mechanisms.

The integration challenge emerges from the need to maintain consistency across these levels while preserv-
ing the explanatory power available at each level. Cognitive science reviews consistently argue that adequate
explanations require bridging these levels rather than reducing higher levels to lower ones or treating them
as independent.

3.6.6 Representation and the Symbol Grounding Problem

The cognitive science literature reveals deep engagement with questions about how internal representations
relate to external reality and how symbolic structures acquire meaning through embodied interaction. This
focus on representation distinguishes cognitive science from other domains that treat representational issues
as implementation details.

Reviews consistently identify several key challenges for representational approaches:
Symbol Grounding concerns how abstract symbolic representations acquire meaning through con-

nections to perceptual and motor systems. The literature demonstrates that purely symbolic approaches
struggle to explain how symbols acquire semantic content, while purely distributed approaches struggle to
explain compositional structure.

Representational Format questions concern whether cognitive representations are primarily symbolic,
distributed, or involve hybrid formats that combine both. The literature has increasingly converged on hybrid
approaches that capture benefits of both representational strategies.

Content Addressability concerns how cognitive systems retrieve relevant information from memory
based on content rather than storage location. Reviews consistently identify this as a necessary feature for
flexible cognitive behavior but acknowledge ongoing challenges in implementation.

The symbol grounding problem has driven cognitive science toward embodied and enactive approaches
that emphasize the role of sensorimotor experience in shaping cognitive representations. However, the
literature demonstrates that these approaches must still account for abstract reasoning and language com-
prehension that appear to transcend immediate sensorimotor experience.

26



3.6.7 Synthesis: Information Processing as Modeling Stance

The cognitive science literature reveals information processing not merely as a theoretical metaphor but
as a systematic modeling stance that determines which agency features prove necessary versus sufficient
for explaining intelligent behavior. This stance treats the mind as a computational system that processes
symbolic information under realistic resource constraints.

The systematic patterns identified across reviews suggest several key insights about agency modeling in
cognitive science:

Multi-level Integration emerges as both a theoretical goal and a methodological necessity. Adequate
cognitive models must bridge implementation, algorithmic, and behavioral levels rather than reducing ex-
planations to any single level.

Hybrid Architectures prove necessary for capturing the full range of cognitive phenomena. Pure
symbolic or pure connectionist approaches consistently fail to account for the breadth of human cognitive
capabilities.

Bounded Rationality functions as a design principle rather than a limitation. Cognitive constraints
enable efficient computation under realistic resource limitations while generating characteristic patterns of
human performance.

Memory Architecture provides the foundation for complex cognitive behavior. Multiple memory
systems with different functional characteristics prove necessary for flexible, context-appropriate behavior.

These insights position cognitive science as providing both theoretical frameworks and empirical con-
straints for understanding agency more broadly. The field’s systematic exploration of information processing
under realistic constraints offers crucial insights into how sophisticated intelligent behavior can emerge from
computational systems operating within bounded resources.

The cognitive science perspective thus offers not merely another domain-specific approach to agency
modeling, but rather a foundational understanding of how computational approaches to intelligence must be
structured to capture the sophisticated yet bounded nature of realistic cognitive systems.

4 Synthesis: Logical Structure of Agency Feature Dependencies

The cross-domain analysis presented in Table 2 reveals systematic patterns in the logical dependencies
between agency features that transcend disciplinary boundaries. When properly interpreted through the
lens of logical sufficiency and necessity, these patterns illuminate the fundamental computational architecture
underlying intelligent behavior across scales and domains.

4.1 Logical Dependencies and Sufficient Conditions: Clarifying the Framework

Our analysis requires careful attention to the logical structure of sufficient and necessary conditions. A
feature is sufficient for agency modeling in a domain if its presence logically entails the presence of all other
features required for adequate predictive performance in that domain. A feature is necessary if it must be
present for any adequate model of agency within that domain’s predictive scope.

This logical interpretation reveals that our cross-domain patterns reflect underlying dependency struc-
tures between computational capabilities rather than mere empirical associations.

4.1.1 Theory of Mind as Potential Sufficient Condition

The pattern observed in cognitive science, where Theory of Mind appears necessary for social cognition,
suggests investigating whether Theory of Mind might function as a sufficient condition for comprehensive
agency modeling within this domain. If Theory of Mind logically entails other required capabilities, then its
presence would guarantee the presence of all necessary agency features.

From a computational perspective, sophisticated Theory of Mind requires maintaining recursive models
of others’ beliefs, desires, and reasoning processes. This capability logically presupposes several foundational
capacities:

- Strategic Reasoning: To model others as reasoning agents, a system must itself possess strategic
reasoning capabilities - Memory: Recursive belief modeling requires maintaining historical information
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about others’ past actions and inferred mental states - Goal-Directedness: Modeling others’ intentions
requires understanding goal-directed behavior, which presupposes possessing goal-directedness

However, the universal necessity of Computational Boundedness across all domains suggests that
even sophisticated Theory of Mind operates under resource constraints. This raises a crucial question:
does Theory of Mind logically entail computational boundedness, or do these represent independent logical
requirements?

The answer appears domain-dependent. In cognitive science, Theory of Mind as observed in natural
systems inherently operates under biological computational constraints, making boundedness an implicit
component of the capability. However, in artificial systems, one could theoretically implement unbounded
recursive reasoning, suggesting that computational boundedness represents an additional, independent con-
straint.

4.2 Hierarchical Logical Structure: Dependencies Across Capability Levels

Analysis of the necessity/sufficiency patterns reveals a hierarchical logical structure where higher-level ca-
pabilities logically depend on lower-level foundations.

4.2.1 Foundational Capabilities as Universal Necessities

The universal necessity of Goal-Directedness andComputational Boundedness across all domains sug-
gests these represent foundational logical requirements for any coherent notion of agency. These capabilities
appear to function as logical primitives that cannot be reduced to combinations of other agency features.

Goal-Directedness represents the fundamental requirement that intelligent systems exhibit systematic
bias toward specific outcomes rather than random behavior. Without goal-directedness, no coherent notion
of agency is possible, as systems would lack the orientational structure that defines intelligent behavior.

Computational Boundedness represents the constraint that all physical implementations of intelli-
gence operate under finite resource limitations. This appears as a necessary condition because unbounded
computational capabilities would eliminate the optimization pressures that generate the architectural trade-
offs observed across domains.

4.2.2 Memory as Conditional Necessity

The pattern for Memory reveals conditional logical structure: memory becomes necessary when environ-
mental dynamics exceed immediate observational capacity, but remains merely sufficient when environmental
structure enables adequate performance through reactive mechanisms.

This conditional necessity reflects information-theoretic constraints. In fully observable Markov environ-
ments, optimal policies can be expressed as direct mappings from current observations to actions, making
memory logically unnecessary. In partially observable environments, optimal behavior requires maintaining
belief states over hidden variables, making memory logically necessary for optimal performance.

The logical structure here follows from the mathematical requirements of optimal decision-making under
different observational constraints rather than from empirical associations between domain characteristics
and modeling choices.

4.2.3 Strategic Reasoning and Social Cognitive Capabilities

Strategic Reasoning exhibits a similar conditional logical structure, becoming necessary when environmen-
tal dynamics depend on other optimizing agents but remaining sufficient when simpler reactive mechanisms
achieve adequate coordination.

The logical dependency becomes clear through game-theoretic analysis: in single-agent environments,
optimal behavior requires only optimization over environmental responses. In multi-agent environments with
strategic interdependence, optimal behavior requires reasoning about others’ reasoning processes, making
strategic reasoning logically necessary rather than merely empirically useful.

Theory of Mind represents a higher-order capability that logically presupposes strategic reasoning
but adds recursive depth. Basic strategic reasoning involves predicting others’ actions based on observable
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patterns. Theory of Mind involves explicitly modeling others’ beliefs and reasoning processes, enabling
prediction in novel situations where behavioral patterns provide insufficient information.

4.3 Domain-Specific Logical Architectures

Different domains exhibit distinct logical architectures that reflect their specific predictive requirements and
computational constraints.

4.3.1 Minimal Sufficiency in Control Systems

Control systems demonstrate perhaps the most minimal sufficient condition set, where Feedback Control,
Goal-Directedness, and Computational Boundedness appear jointly sufficient for the domain’s predic-
tive requirements. This reflects the mathematical structure of control theory, where goal-directed behavior
emerges from the interaction between reference signals, error detection, and corrective actions.

The logical sufficiency here stems from the domain’s focus on maintaining specific state variables despite
perturbations. More complex capabilities like strategic reasoning or theory of mind become logically un-
necessary because the environment can be adequately modeled as a system of differential equations without
recursive social dynamics.

4.3.2 Cognitive Architecture Requirements

Cognitive science exhibits the most complex logical architecture, where Memory Systems, Theory of
Mind, Strategic Reasoning, andBounded Rationality all appear necessary for comprehensive modeling
of human cognition. This complexity reflects the domain’s requirement to explain behavior across diverse
social and non-social contexts.

The logical necessity of multiple capabilities stems from the empirical observation that human cognition
exhibits sophisticated temporal integration (requiring memory), complex social reasoning (requiring theory
of mind), and systematic biases reflecting computational limitations (requiring bounded rationality). No
single capability appears sufficient because human behavior exhibits irreducible complexity across multiple
dimensions.

4.3.3 Evolutionary Minimal Agency

Evolutionary systems reveal an interesting logical structure where Minimal Agency appears sufficient
for explaining population-level dynamics, with more sophisticated capabilities becoming necessary only for
specific phenomena like cultural transmission.

This reflects the mathematical structure of replicator dynamics, where complex population behaviors
emerge from simple individual-level rules. Strategic reasoning and theory of mind become logically unnec-
essary because selection pressures operate on behavioral outcomes rather than cognitive processes, enabling
sophisticated collective dynamics without sophisticated individual cognition.

4.4 Formal Logical Framework for Agency Dependencies

The patterns suggest the possibility of developing a formal logical framework for characterizing agency feature
dependencies across domains.

4.4.1 Logical Entailment Structure

Let us define agency features as logical predicates and explore their entailment relationships:

• Goal-Directedness (G): System exhibits systematic bias toward specific outcomes

• Computational Boundedness (B): System operates under finite resource constraints

• Memory (M): System maintains internal state across temporal periods

• Strategic Reasoning (S): System optimizes over others’ decision processes
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• Theory of Mind (T): System explicitly models others’ mental states

The logical dependencies can be formalized as:

T → S (Theory of Mind entails Strategic Reasoning) (5)

T → M (Theory of Mind entails Memory for belief tracking) (6)

S → G (Strategic Reasoning entails Goal-Directedness) (7)

M → G (Memory entails Goal-Directedness for temporal optimization) (8)

4.4.2 Domain-Specific Sufficiency Conditions

Different domains can be characterized by their specific sufficiency conditions:

Control Systems: G ∧B → Adequate Agency Modeling (9)

Evolutionary Systems: G ∧B ∧ Learning Rules → Adequate Population Dynamics (10)

Cognitive Science: G ∧B ∧M ∧ S ∧ T → Comprehensive Cognitive Modeling (11)

4.5 Implications for Unified Agency Theory

The logical analysis reveals that agency modeling across domains reflects systematic computational principles
rather than arbitrary disciplinary choices. The hierarchical dependency structure suggests that comprehen-
sive agency emerges through the compositional combination of foundational capabilities rather than through
qualitatively distinct mechanisms.

This insight points toward the possibility of developing a compositional theory of agency where complex
capabilities emerge through logical combination of simpler primitives. Such a theory could provide principled
foundations for designing artificial agents and understanding natural intelligence across scales from cellular
networks to social institutions.

The logical framework also suggests that apparent disagreements between domains about agency require-
ments often reflect different computational environments rather than fundamental theoretical differences.
By making explicit the logical dependencies between capabilities and environmental requirements, we can
develop more precise theories that predict optimal agency architectures for specific computational contexts.

5 Conclusion: Mapping the Landscape of Agency Modeling

This paper reframed agency as a modeling stance—a cognitive compression strategy. We detailed the game-
theoretic stance (Section 3) with its core model features (Figure ??, Table ??). We then broadened this view
by situating various scientific domains within a landscape of agency modeling stances (Section 4, Table ??).

The ”necessity” or ”sufficiency” of features is relative to predictive goals. Our exploration is an initial step
towards a ”mathematical skeleton” of agency. True richness will come from understanding multiple modeling
stances and incorporating scalar dimensions (Section 5.2). This endeavor is crucial for AI, institutional
design, and understanding life.
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