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ABSTRACT Recent generative-agent frameworks demonstrate that large language models (LLMs) can pro-
duce socially plausible behavior in multi-agent simulations, yet their strategy dynamics remain ungrounded:
agents update beliefs through narrative reasoning alone, without the evolutionary and game-theoretic mech-
anisms known to govern cooperation in structured populations. We introduce Coevolutionary Generative
Societies (CGS), an architecture that fuses LLM deliberation with evolutionary cooperation theory (EC-
theory) to produce stable, resilient cooperative equilibria on interaction networks. Each agent maintains
episodic memory and updates its cooperation propensity through a three-component rule combining Fermi-
function social learning from neighbors, sigmoid individual reinforcement normalized by network degree,
and a S-weighted advisory signal from a Solver—Critic—Aggregator deliberation pipeline, where the solver
proposes an action, a critic evaluates strategic soundness, and a deterministic aggregator fuses both signals,
flipping the proposed action on strong disagreement. We evaluate CGS on Watts—Strogatz, Barabasi—Albert,
and Erdos—Rényi networks (n = 40, T = 50 steps) under a standard Prisoner’s Dilemma with an adversarial
shock at + = 30 that forces 15% of agents to defect. CGS achieves peak cooperation rates of 0.80 and
recovers from adversarial shocks within 8 time steps, whereas a narrative-only ablation (pure LLM-driven
updates, no EC dynamics) plateaus at 0.55 cooperation and exhibits no dynamic response to perturbation.
A no-critic ablation confirms that the full deliberation pipeline contributes measurable gains over solver-
only inference. Cross-topology analysis reveals that small-world networks yield the highest cooperation
and lowest payoff inequality (Gini = 0.236), while scale-free networks amplify inequality through hub
concentration (Gini = 0.420). Ten-seed replication establishes that the qualitative distinction between CGS
and a narrative-only ablation is statistically significant after Bonferroni correction (Cohen’s d = 4.59 on
cooperation responsiveness, ppont < 0.001; CGS-EC remains dynamically adaptive in 9 of 10 seeds whereas
the narrative-only baseline converges to a static equilibrium in 10 of 10). Population scaling to n = 80,
a four-model sweep, alternative game substrates (Snowdrift, Stag Hunt), and five non-LLM learning and
imitation baselines confirm that the dynamics are preserved across initialisations, scales, LLM families, and
game classes. Comparison against GNN structural baselines, which replace LLM deliberation with graph
message-passing, quantifies the LLM advisory premium at +20.2% cooperation over the best structural
baseline, establishing the respective contributions of evolutionary structure and language-model advisory.
An OAT sensitivity analysis confirms that the fixed architectural weights are robust (NSI < 0.1 for x and
wy), and temperature robustness experiments across T € {0.0,0.2,0.5,0.8} confirm insensitivity to LLM
sampling stochasticity (CV = 0.6% on final cooperation). Our results establish that grounding LLM-agent
societies in evolutionary game-theoretic update rules is essential for emergent coordination within the tested
regime (n < 80, T = 50, PD/Snowdrift/Stag Hunt, single shocks up to 15%), and that the topology of the
interaction network significantly modulates both the level and the equity of cooperation.

INDEX TERMS Multi-agent systems, large language models, evolutionary game theory, cooperation
emergence, Prisoner’s Dilemma, network topology, generative agents
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I. INTRODUCTION

The emergence and stability of cooperation among self-
interested agents is one of the oldest open problems at the
intersection of biology, economics, and computer science.
Evolutionary game theory has established that network struc-
ture, imitation dynamics, and population heterogeneity are
decisive for whether cooperation can invade and persist in
populations playing social dilemmas [1]-[3]. On graphs, the
celebrated result of Ohtsuki et al. [4] shows that natural selec-
tion favors cooperators when the benefit-to-cost ratio exceeds
the average degree, while Santos and Pacheco [5] demonstrate
that scale-free topologies can amplify cooperation through
hub-mediated reinforcement. The Fermi imitation rule [6],
[7], which governs the probability that an agent adopts a
neighbor’s strategy as a sigmoid function of payoff difference,
has become the standard microscopic update mechanism in
this literature [8].

In parallel, the rapid maturation of large language mod-
els (LLMs) [9], [10] has opened a fundamentally different
approach to multi-agent simulation. Park et al. [11] intro-
duced generative agents, LLM-driven characters that main-
tain memory streams, reflect on experience, and plan actions
in natural language, demonstrating emergent social behavior
in a sandbox environment. Subsequent work has extended
this paradigm to multi-agent debate [12], [13], role-playing
societies [14], and surveys of LLM-based agent architectures
more broadly [15], [16]. A growing body of research has also
probed LLM behavior in canonical strategic games: Akata
et al. [17] show that LLMs exhibit cooperation biases in
repeated Prisoner’s Dilemma, Fontana et al. [18] find that lan-
guage models tend to cooperate more than humans, and Fan
et al. [19] systematically evaluate rationality across game-
theoretic benchmarks. Piatti et al. [20] study cooperation
emergence in LLM societies but without formal evolutionary
grounding.

Despite this progress, a critical gap persists: generative-
agent frameworks and evolutionary cooperation theory have
developed largely in isolation. LLM-based agents update
strategies through narrative reasoning, ““I should cooperate
because my neighbor seems trustworthy”’, without any formal
mechanism ensuring that these updates respect the payoff
gradients, imitation pressures, and frequency-dependent se-
lection that evolutionary theory identifies as essential for
stable cooperation [21], [22]. Conversely, evolutionary game-
theoretic models employ fixed behavioral rules (Fermi imita-
tion, replicator dynamics) that cannot capture the contextual,
memory-dependent, and linguistically mediated decision-
making that LLMs provide [23]. Prior work by de Curtd and
de Zarza [24], based on the initial theoretical formulation
proposed in [25], demonstrated that LLM-generated narra-
tives can influence cooperation rates in multi-agent networks
and introduced preliminary evolutionary update rules, but the
update dynamics lacked the full three-component decompo-
sition proposed here, and the deliberation architecture relied
on call inference without internal step verification. Relative
to that work, the present paper contributes three specific ad-
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vances: (1) a three-component decomposition of the strategy
update into Fermi social learning, degree-normalised rein-
forcement, and trust-weighted advisory, replacing the single
coupled rule of [24]; (2) a Solver—Critic—Aggregator deliber-
ation pipeline with a deterministic aggregator and an action-
flip rule on strong disagreement, replacing one-call inference;
and (3) a systematic evaluation battery (three topologies,
two ablations, alternative games, non-LLM baselines, 10-
seed statistics, cost and failure-mode analysis) absent from
prior formulations. We therefore frame the contribution as
the first systematic decomposition and evaluation of a theory-
grounded LLM society, not as the first coupling of LLMs with
evolutionary dynamics.

This paper bridges the two paradigms. We introduce Co-
evolutionary Generative Societies (CGS), an architecture
in which each agent’s strategy update is governed by a
principled EC-theory rule, combining Fermi-function so-
cial learning, degree-normalized individual reinforcement,
and a heterogeneous trust-weighted LLM advisory signal,
while the LLM component itself is structured as a Solver—
Critic—Aggregator deliberation pipeline that provides veri-
fied, confidence-calibrated recommendations to the evolu-
tionary update. The key insight is that grounding LLM advice
within a formal evolutionary update rule yields qualitatively
different dynamics than either mechanism alone: the evolu-
tionary component prevents the LLM from inducing erratic
or payoff-incoherent strategy shifts, while the LLM enriches
the evolutionary dynamics with context-sensitive, memory-
informed reasoning that fixed rules cannot provide.

We evaluate CGS on three canonical network topologies,
Watts—Strogatz small-world [26], Barabasi—Albert scale-
free [27], and Erd6s—Rényi random [28], under a standard
Prisoner’s Dilemma with an adversarial shock that forces
a fraction of agents to defect mid-simulation. Two ablation
studies isolate the contribution of each architectural compo-
nent: a narrative-only baseline removes EC-theory grounding
entirely (pure LLM-driven updates), and a no-critic ablation
bypasses the critic stage of the deliberation pipeline.

Our contributions are as follows:

1) A hybrid architecture that formally integrates LLM
deliberation into an evolutionary cooperation-theoretic
update rule, combining Fermi social learning, sigmoid
reinforcement, and trust-weighted LLM advisory into a
three-component strategy update.

2) A Solver—Critic—Aggregator deliberation pipeline in
which a solver proposes actions with calibrated con-
fidence, a critic evaluates strategic soundness, and a
deterministic aggregator fuses both signals, including
action flips on strong disagreement, providing verified
recommendations to the evolutionary update.

3) Ablation evidence demonstrating that EC-theory
grounding is essential, not optional: the narrative-only
baseline achieves 0.55 peak cooperation versus 0.80
for the full CGS system, exhibits no dynamic recovery
from adversarial shocks, and converges to a static equi-
librium in fen of ten independent replication seeds while
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CGS-EC remains adaptive in nine of ten (Cohen’s d =
4.59 on cooperation responsiveness, pgont < 0.001).

4) Cross-topology analysis showing that network struc-
ture significantly modulates both cooperation level and
payoff equity, with small-world networks producing
the highest cooperation and lowest inequality (Gini
= 0.236), while scale-free networks amplify disparities
through hub concentration (Gini = 0.420).

5) Population, model, structural, game-substrate, and
statistical robustness. Population scaling at n €
{40, 60,80} confirms that pre-shock cooperation and
payoff equity are scale-invariant; a multi-model sweep
across four LLMs reveals a two-cluster structure with
advisory signal quality, not confidence, as the opera-
tive performance factor; ten-seed Bonferroni-corrected
testing confirms the core dynamical contrast is statis-
tically significant; and comparison against three GNN
structural baselines without any LLM component quan-
tifies the LLM advisory premium at Apc = +0.100
(+20.2% over the best structural baseline), decompos-
ing the CGS advantage into structural and advisory sub-
contributions that ablation studies alone cannot resolve.

6) Failure-mode characterisation and empirical equi-
librium map. A shock-magnitude sweep locates a
resilience boundary between 15% and 30% shocked
agents (and shows repeated shocks are more damag-
ing than a single large one), while a no-shock initial-
condition sweep reveals a critical-mass bifurcation near
Hp ~ 0.35 separating a low- from a high-cooperation
attractor.

7) Public release of the CGS evaluation framework and
complete experimental results to facilitate reproducible
assessment of cooperation dynamics in LLM-agent so-
cieties.!

The remainder of this paper is organized as follows. Sec-
tion I reviews related work at the intersection of evolutionary
game theory and LLM-based multi-agent systems. Section III
presents the CGS architecture, including the EC-theory up-
date rule, the Solver—Critic—Aggregator pipeline, and the
memory-informed prompt construction. Section I'V describes
the experimental setup and ablation design. Section V reports
quantitative results across topologies, ablations, and thirteen
additional experiments (multi-seed replication, population
scaling, multi-model sweep, GNN structural baselines, OAT
parameter sensitivity together with temperature robustness,
alternative games, non-LLM baselines, cost, failure modes,
and equilibrium). Section VI discusses implications and lim-
itations. Section VII concludes.

Il. RELATED WORK

CGS draws on and contributes to three research streams: evo-
lutionary cooperation on networks, LLM-based multi-agent
systems, and the nascent intersection where language models
participate in game-theoretic interactions.

!Code and data available at: https:/github.com/drdezarza/cgs
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A. EVOLUTIONARY COOPERATION ON NETWORKS

The study of cooperation in structured populations origi-
nates with Axelrod’s tournament experiments [1] and has
since been formalized through evolutionary game theory
on graphs [3], [21]. Nowak [2] identified five mechanisms,
kin selection, direct reciprocity, indirect reciprocity, network
reciprocity, and group selection, through which natural selec-
tion can favor cooperators. Of these, network reciprocity is
most relevant to our setting: Ohtsuki et al. [4] proved that co-
operation is favored on graphs when b/c > k (benefit-to-cost
ratio exceeds average degree), and Santos and Pacheco [5]
showed that the heterogeneous degree distributions of scale-
free networks amplify cooperation by concentrating interac-
tions around high-degree hubs.

The microscopic update rule governing strategy revision is
critical. The Fermi imitation rule, introduced by Szabé and
Toke [6] and further analyzed by Traulsen et al. [7], defines
the probability that agent o adopts agent z’s strategy as a
sigmoid function of their payoff difference: p,, = 1/(1 +
exp[—k(m, — m,)]), where k controls selection intensity.
This rule interpolates between neutral drift (v« — 0) and
deterministic best-response (x — 00), and has become the
standard in spatial evolutionary games [8]. Coevolutionary
extensions allow the network itself or behavioral parameters
to co-adapt with strategies [22], [29], demonstrating that
dynamic rewiring can further promote cooperation. Hauert
and Doebeli [30] showed that the effect of spatial structure
depends on the specific dilemma: while it promotes cooper-
ation in the Prisoner’s Dilemma, it can inhibit cooperation in
the Snowdrift game, underscoring the importance of studying
specific game—topology combinations.

CGS inherits the Fermi imitation mechanism and network-
structured interactions from this tradition, but augments the
update rule with two additional components, individual re-
inforcement and LLM advisory, that have no analogue in
classical evolutionary models.

A complementary line of work studies game—environment
feedback and behavioural adaptation in social dilemmas,
including reinforcement-learning-driven adaptive decision
rules in three-strategy evolutionary games [31], feedback-
coupled behavioural vaccination dynamics [32], the evolu-
tionary basis of prosocial mask-wearing [33], and replicator-
based analyses of the human vaccine dilemma [34]. These
establish that coupling behavioural updating to environmen-
tal or payoff feedback can qualitatively change equilibrium
selection, a principle the CGS reinforcement component op-
erationalises.

B. LLM-BASED MULTI-AGENT SYSTEMS

The generative agents framework of Park et al. [11] demon-
strated that LLM-driven agents equipped with memory
streams, reflection, and planning can produce emergent social
phenomena, information diffusion, relationship formation,
coordinated activities, in a simulated town. This work cat-
alyzed rapid development of LLM-based multi-agent archi-
tectures. CAMEL [14] introduced role-playing communica-
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tive agents with inception prompting for autonomous cooper-
ation. Multi-agent debate frameworks [12], [13] showed that
inter-agent deliberation improves factual accuracy and rea-
soning quality, motivating the use of adversarial verification
(solver—critic patterns) within individual agent pipelines. Xi
et al. [15] and Guo et al. [16] provide comprehensive surveys
of the rapidly growing landscape of LLM agent architectures,
identifying memory, planning, and tool use as the core capa-
bilities.

A key limitation of these systems is that agent behavior
emerges entirely from narrative reasoning: strategy updates
are implicit in the LLM’s text generation, with no formal
connection to the payoff structures or population dynamics
that would constrain rational or evolutionary behavior. When
agents in these frameworks “‘cooperate” or “‘defect,” they do
so because the language model’s next-token distribution hap-
pens to favor cooperative language, not because cooperation
is payoff-improving given the local strategic context. CGS
addresses this by making the LLM a contributor to a formally
grounded update, rather than the sole determinant of strategy
revision.

C. LLMS IN STRATEGIC AND GAME-THEORETIC SETTINGS

A growing literature evaluates LLM behavior in canonical
games. Brookins and DeBacker [35] found that GPT-based
models exhibit mixed rationality in strategic games, some-
times deviating substantially from NASH equilibrium pre-
dictions. Akata et al. [17] demonstrated that LLMs playing
repeated Prisoner’s Dilemma exhibit cooperation biases and
sensitivity to framing, suggesting that their strategic behavior
is mediated by language-level heuristics rather than payoff
computation. Fontana et al. [18] confirmed this finding at
scale, showing that multiple LLM families cooperate at rates
significantly above human baselines. Fan et al. [19] provided
the most systematic evaluation to date, testing LLMs across
dictator games, ultimatum games, and public goods games,
concluding that while LLMs approximate human-like behav-
ior, they lack consistent strategic reasoning.

Piatti et al. [20] represent the closest precedent to our
work, studying cooperation emergence in LLM societies un-
der social dilemmas. However, their agents update strate-
gies through LLM-generated reflections without evolutionary
grounding, and the analysis does not include network struc-
ture or formal imitation dynamics. De Curto and de Zarza [24]
demonstrated that LLM-generated influence narratives can
shift cooperation rates in networked multi-agent populations
and introduced preliminary EC-theory update rules coupling
LLM output with evolutionary dynamics, establishing the
feasibility of theory-grounded behavioral steering. However,
the strategy update lacked the full three-component decom-
position (Fermi social learning, degree-normalized reinforce-
ment, trust-weighted advisory), and the deliberation architec-
ture relied on a unique call LLM inference without internal
verification.

D. POSITIONING OF CGS

Table 1 summarizes the positioning of CGS relative to the
most relevant prior work. The distinguishing features of our
approach are: (1) a formally grounded EC-theory update
rule that combines Fermi social learning with LLM advisory
rather than relying on either mechanism alone; (2) a struc-
tured Solver—Critic—Aggregator deliberation pipeline with
deterministic fusion, rather than a one-call inference or un-
structured multi-agent debate; (3) episodic memory that feeds
both the evolutionary update (through payoff and coopera-
tion history) and the LLM prompt (through natural-language
summaries); and (4) systematic evaluation across network
topologies with ablation studies isolating each architectural
component.

Ill. METHOD

We present the CGS architecture in four parts: the interaction
network and game substrate (Section III-A), the agent model
with episodic memory (Section III-B), the Solver—Critic—
Aggregator deliberation pipeline (Section III-C), and the EC-
theory strategy update rule (Section III-D). Figure 1 provides
an overview.

A. INTERACTION NETWORK AND GAME SUBSTRATE
Agents are placed on an undirected graph G = (V, E) with
|V| = n. We consider three canonical topologies: (1) Watts—
Strogatz small-world [26] with mean degree k = 6 and
rewiring probability p = 0.12, exhibiting high clustering
and short path lengths; (2) Barabasi—Albert scale-free [27]
with preferential attachment parameter m = 3, producing a
power-law degree distribution; and (3) Erdos—Rényi random
graphs [28] with connection probability p = 0.12, serving as
a null-model baseline. All graphs enforce connectivity: if the
generated graph contains multiple components, bridge edges
are added between a random node in the largest component
and a random node in each smaller component.

The game substrate is the standard one-shot Prisoner’s
Dilemma (PD) with payoff matrix:

R S 30
(T P):(5 1>’ M

where R is mutual cooperation reward, T is temptation to
defect, S is the sucker’s payoff, and P is mutual defection
punishment, satisfying 7 > R > P > Sand 2R > T + S.
At each time step 7, every agent simultaneously chooses an
action a,(t) € {C,D}, and receives a payoff accumulated
over all interactions with its neighbors:

mo(t) = Y ula,(t), a(1)), ©))
z€N(0)

where V(o) denotes the neighbors of agent 0 in G and u(-, )
returns the appropriate entry from (1).

B. AGENT MODEL AND EPISODIC MEMORY

Each agent o is characterized by a strategy o,(t) € [0,1]
representing its cooperation propensity, and a set of hetero-
geneous parameters drawn independently at initialization:
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TABLE 1: Comparison of CGS with related approaches. EC = Evolutionary Cooperation theory; SCA = Solver—Critic—

Aggregator.
Approach LLM agents EC-theory update  Deliberation Episodic memory Network topology  Ablations
Park et al. [11] v — — v — —
Akata et al. [17] v — — Partial — —
Piatti et al. [20] v — — v — Limited
Fan et al. [19] v — — — — —
de Curto & de Zarza [24] v Preliminary One-call — v —
Santos & Pacheco [5] — v — — v —
Szabé & Fath [3] — v — — v —
CGS (ours) v v SCA pipeline v N Full
1 Solver=Critic-Aggregator Deliberation Pipeline
Agent o
Network G Prompt Builder Solver Critic Aggregator
o_o(t) € [0,1] ACTION e {C, D} AGREE e {Y, N} Deterministic fusion

context + memory
+ neighbor stats

+ action flip on
strong disagreement

CONFIDENCE & [0,1] ADJ_CONF & [0,1]

no(t), d.o

Mo), TN

o_llm, c_final

PD Game
R=3, T=5, $=0, P=1

EC-Theory Strategy Update
o_o(t+1) = (1-y_o) o_o(t) + y_o [w_s - S(t) + w_r- R(t) + w_£ - L(t) ]

Social Learning (w_s = 0.40)

Fermi imitation: F(AT) - 6_N
Selection intensity k = 2

Sigmoid: g(m_o / d_o)

Reinforcement (w_r = 0.35)
a=08,0=20

Bo-[c-o_lim+(1-c)-o_o]
Trust-weighted, confidence-modulated

LLM Advisory (w_e = 0.25) ‘

Soohacoomocoomoeooel S AT b o oo comocoomonico] b o s men

v

o_o(t+1) € [0,1]

FIGURE 1: High-level architecture of the CGS framework. Each agent’s strategy update combines three components: Fermi-
function social learning from neighbors, sigmoid individual reinforcement, and a 5-weighted LLM advisory signal produced
by the Solver—Critic—Aggregator deliberation pipeline. The LLM receives a memory-informed prompt summarizing the agent’s
interaction history, network position, and neighbor cooperation statistics.

o Learning rate v, ~ N (u,,02), clipped to [0.01,0.5],
controlling the speed of strategy adaptation.

o LLM trust 5, ~ N(us,03), clipped to [0.01,0.99],
weighting the influence of the LLM advisory signal
relative to the agent’s own propensity.

« Prosocial propensity ¢,(0) ~ N (u,,07), clipped to
[0.01,0.99], serving as the initial strategy.

Each agent maintains an episodic memory buffer M, of
bounded horizon H, storing the H most recent interaction
records. Each record m((f) = (¢, a,,7,, rnr) captures the time
step, action taken, payoff received, and fraction of cooper-
ating neighbors. The memory is summarized into a natural-
language string for the LLM prompt through a deterministic
function that computes aggregate statistics:

C — recent

summary(M,) = (depth, a5, 7,, FAF°™, last-3 episodes),

3)
where af is the agent’s historical cooperation rate, 7, its
average payoff, and 7,z**" the mean neighbor cooperation

over the five most recent steps. The last three individual

VOLUME 11, 2023

episode records are included verbatim to provide temporally
grounded detail.

Action selection. At each time step, agent o’s action is
determined stochastically from a mixed cooperation probabil-
ity that blends the agent’s current propensity with the LLM’s
recommendation:

Pg)) = (1 — 60) Uo(t) + 5o [C “Olim + (1 B C) Ua(t)jl’ “)

where ¢ € [0, 1] is the confidence returned by the deliberation
pipeline, oy, € {0, 1} encodes the recommended action (C
= Cooperate = 1, D = Defect = 0), and a,(t) = C with
probability p(co ), D otherwise. This formulation ensures that
agents with low LLM trust (8, — 0) rely primarily on their
propensity, while those with high trust are more responsive to

the LLM signal, modulated by the pipeline’s own confidence.

C. SOLVER-CRITIC-AGGREGATOR DELIBERATION

The LLLM advisory signal is produced by a three-stage delib-
eration pipeline operating on an underlying language model

5
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(Llama-3.3-70B-Instruct [ 10] served via the Nebius Al Studio
API):

Stage 1: Solver. The solver receives a memory-informed
prompt encoding the agent’s full decision context, time step,
network topology, degree, current cooperation propensity,
neighbor cooperation statistics from the previous round,
and the episodic memory summary (3). It is instructed
to output a structured response: ACTION € {C,D},
CONFIDENCE € [0,1], and a brief reason. The system
prompt constrains the solver to reason about long-run payoff
maximization in the repeated PD.

Stage 2: Critic. The critic receives the solver’s proposal
(action and confidence) together with the full agent context,
and is instructed to evaluate strategic soundness. It outputs:
AGREE € {YES,NO}, ADJUSTED_CONTF € [0,1], and
a brief note. The critic’s role is adversarial verification: it may
lower confidence when the solver’s reasoning is inconsistent
with the agent’s history or network position, or reject the
proposal entirely.

Stage 3: Aggregator. A deterministic (non-learned) ag-
gregator fuses the solver and critic signals:

o [0Tet03e ifAGREE=YES,
fmal =N 04¢, +0.6¢, if AGREE = NO,

where ¢; and ¢, are the solver and critic confidences, re-
spectively. On strong disagreement, defined as the critic dis-
agreeing with ¢; < 0.3 while the solver has ¢; > 0.7, the
aggregator flips the proposed action and sets cna = Ck.
This mechanism prevents high-confidence but strategically
unsound recommendations from propagating to the evolu-
tionary update.

The asymmetric weighting reflects the critic’s adversarial
role: on disagreement, the critic carries the majority signal to
prevent high-confidence but strategically unsound proposals
from propagating; formal decision-theoretic grounding of this
rule remains an avenue for future work.

All LLM responses are cached via SHA-1 hashing of
the concatenated system prompt and user prompt, with
exponential-backoff retry (up to 5 attempts) for API re-
silience. The structured output format (key—value pairs)
is parsed via regular expressions with fallback defaults
(ACTION = C, CONFIDENCE = 0.5) to ensure robust-
ness against malformed LLM outputs.

D. EC-THEORY STRATEGY UPDATE

After payoffs are computed and actions recorded in memory,
each agent updates its strategy through a three-component

6

rule grounded in evolutionary cooperation theory %:

oo(t+1) = (1 = 7) 0,(1)
+ Yo [ Ws - So(t) +wy - Ry(£) + wy -L,,(t)], 6)

social reinforcement  LLM advisory

where 7, is the agent’s learning rate, wy, = 0.40, w, = 0.35,
and wy = 0.25 are the component weights, and each compo-
nent is defined as follows.

Social learning (Fermi imitation). [Intuition: if my
neighbors are doing better than me, 1 shift toward their
strategies, if I am doing better; I stay the course. The social
component implements the Fermi imitation rule [6], [7]. Let
TA (o) and G ar(o) denote the mean payoff and mean strategy
of 0’s neighbors. The imitation probability is:

1
1+ exp(—ﬁ; (T (o) — 7T0>)

with selection intensity x = 2. The social target interpolates
between the neighbor mean and the agent’s own strategy,
weighted by the imitation probability:

So(t) = F(Am,) Gn(o) + (1 — F(AT,)) 0o(t).  (8)

‘When neighbors outperform agent o, F is large and the agent
shifts toward the neighbor consensus; when o outperforms its
neighbors, it retains its own strategy.

Individual reinforcement. [ntuition: if my payoff per
interaction is high, I reinforce cooperation; if it is low, I pull
back, regardless of what my neighbors are doing. The re-
inforcement component maps the agent’s degree-normalized
payoff to a cooperation target through a sigmoid:

1
14 exp(—a (mo/d, — 9)) ’

where d, = deg(0) is the agent’s degree, « = 0.8 controls
sensitivity, and # = 2.0 is the inflection point. Normalization
by degree ensures that well-connected agents (who accumu-
late higher absolute payoffs) are not spuriously driven toward
full cooperation; instead, the relevant signal is payoff per
interaction.

LLM advisory. [ntuition: the deliberation pipeline’s
recommendation shifts my strategy in proportion to how much
I trust it and how confident the pipeline is; low trust or
low confidence leaves me unchanged. The LLM component
integrates the deliberation output, modulated by the agent’s
heterogeneous trust parameter [3,,:

Lo(t) = B, [c- oum + (1 = ¢) 0,(t)]| + (1 = B,) 0,(1), (10)

where c is the final aggregated confidence and oy, € {0, 1}
encodes the recommended action. When confidence is low,
the LLM signal degrades gracefully to the agent’s own strat-
egy; when trust is low, the entire component reduces to o, (f).

F(An,) = NG

Ro(t) ®

2The CGS social-learning component is a pairwise Fermi imitation rule,
not a replicator equation; we use “‘evolutionary cooperation theory” to de-
note the Fermi-imitation-plus-reinforcement family and reserve ““replicator”
for the explicit replicator-only baseline of Section V-K.
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TABLE 2: Notation. Population-level metrics are reported as
means over the final 10 steps unless stated otherwise.

Symbol Meaning

oo(t) cooperation propensity of agent o

Yo learning rate (adaptation speed)

Bo LLM trust (advisory weight)

Hp mean initial prosocial propensity

K Fermi selection intensity

« reinforcement sigmoid sensitivity

0 reinforcement inflection point

ws, wr,we  social / reinforcement / advisory weights
So,Ro, Lo social, reinforcement, advisory targets

c aggregated deliberation confidence

Ollm LLM recommended action (C=1, D=0)
o (1) accumulated payoff of agent o

pc(t) population cooperation rate

G(1) payoff Gini coefficient

c(t) mean deliberation confidence

H episodic memory horizon

Sshock shocked fraction of agents

n, T population size, horizon

The final strategy is clipped to [0, 1] after the update. The
cumulative payoff I1,(t) = ' _, m,(7) is also maintained

for analysis. See Table 2 for notation.

E. NARRATIVE-ONLY BASELINE

To isolate the contribution of EC-theory grounding, we define
a narrative-only baseline that replaces the three-component
update (6) with a direct application of the LLM signal:

0o(t+1) = ¢ oum + (1 = ¢) 0,(1), (11

where ¢ and oy, are as above. This removes social learn-
ing (no Fermi imitation), individual reinforcement (no pay-
off feedback), and trust heterogeneity (no 3, modulation),
leaving the LLM as the sole driver of strategy evolution.
The deliberation pipeline remains active, ensuring that any
performance difference is attributable to the update rule rather
than the quality of LLM advice.

F. ADVERSARIAL SHOCK

To test resilience and recovery capacity, we introduce an
exogenous adversarial shock at a specified time step shock-
At this step, a fraction fycx Of agents is selected uniformly at
random and their strategies are set to o, = 0 (pure defection).
The population must then recover through the endogenous
dynamics of the update rule. Recovery time is measured as the
number of steps after fghocx until the cooperation rate returns
to within one standard deviation of its pre-shock mean.

G. METRICS

We track the following quantities at each time step:
« Cooperation rate: pc(r) = 13" 1[a,(t) = C].
o Average payoff: 7(r) = 1 5" 7,(1).
« Payoff inequality: the Gini coefficient G(¢) of the pay-
off distribution {m,(#)}"_,.
o Strategy distribution: mean, standard deviation, mini-

mum, and maximum of {c,(#)}2_;.
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TABLE 3: Agent parameter distributions. All values are
clipped to the specified range after sampling.

Parameter Symbol Mean  Std Range

Learning rate Yo 0.15 0.07 [0.01,0.50]
LLM trust Bo 035 0.5 [0.01,0.99]
Prosocial propensity 7, (0) 0.55 0.15 [0.01,0.99]

o LLM confidence: mean aggregated confidence ¢(7)
across agents.

« Rolling stability: the standard deviation of pc over a
sliding window of width w = &, with convergence
declared when this falls below a threshold ¢ = 0.02.

IV. EXPERIMENTAL SETUP

All experiments are executed from a jupyter notebook using
the Nebius Al Studio API for open-weight model serving,
withmeta-1lama/Llama-3.3-70B-Instruct asthe
primary underlying language model; the multi-model sweep
of Section V-G additionally evaluates DeepSeek-V3.2,
Qwen3-235B-A22B-Instruct-2507, and
Hermes—4-70B under identical conditions.

A. AGENT POPULATION

Each experiment uses n = 40 agents with heterogeneous
parameters drawn from truncated Gaussians (Table 3). All
agents share a common memory horizon of H = 20 steps
and are initialized on the same random seed (s = 0) across
conditions, ensuring identical initial populations for fair com-
parison.

B. NETWORK CONFIGURATIONS
Three topologies are instantiated with n = 40 nodes and
shared seed s = 0:

o Watts—Strogatz small-world [26]: each node initially
connected to k = 6 nearest neighbors, with each edge
rewired with probability p = 0.12. This produces high
clustering and short average path lengths.

« Barabasi-Albert scale-free [27]: grown by preferen-
tial attachment with m = 3 new edges per incoming
node. The resulting power-law degree distribution con-
centrates interactions around a few high-degree hubs.

o Erdos-Rényi random [28]: each edge exists indepen-
dently with probability p = 0.12. This yields a homo-
geneous degree distribution and serves as a null-model
baseline.

All generated graphs are checked for connectivity; if iso-
lated components exist, bridge edges are added between the
largest component and each smaller component to ensure a
connected network. Graph statistics (mean degree, clustering
coefficient, average path length, degree standard deviation)
are recorded for each topology.

C. SIMULATION PROTOCOL
Each experiment runs for 7 = 50 time steps. At every step,
the following sequence is executed:
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TABLE 4: Experimental conditions. All runs use n = 40,
T = 50, seed = 0, shock at t = 30 with fyocc = 0.15.

Label Topology EC update  Critic Purpose
Experiment 1: Multi-topology sweep

CGS-EC-SW  small_world v Main result

CGS-EC-SF scale_free v v Topology effect

CGS-EC-ER erdos_renyi v Structural baseline
Experiment 2: Narrative-only ablation

Narr-only small_world — v EC contribution
Experiment 3: No-critic ablation

EC-no-critic small_world v — Critic contribution

1) Shock check: if 1 = 5o = 30, a fraction fypock =
0.15 of agents (6 out of 40) is selected uniformly at
random and their strategies are set to o, = 0.

2) Decision phase: each agent receives a memory-
informed prompt and produces an action via the
Solver—Critic—Aggregator pipeline (or solver-only, de-
pending on the condition). Actions are recorded.

3) Interaction phase: all edges are evaluated under the
PD payoff matrix (1), and payoffs are accumulated per
agent.

4) Neighbor statistics: for each agent, the mean neigh-
bor strategy o (,), mean neighbor payoff 7, and
neighbor cooperation rate are computed.

5) Memory update: each agent stores its interaction
record in the episodic memory buffer.

6) Strategy update: agents update o,(t+1) via the EC-
theory rule (6) (or the narrative-only rule (11), depend-
ing on the condition).

7) Logging: population-level metrics (cooperation rate,
payoff statistics, Gini coefficient, strategy distribution,
mean LLM confidence) are recorded; strategy snap-
shots are saved every 5 steps.

D. EXPERIMENTAL CONDITIONS

The full evaluation comprises five experimental runs orga-
nized into three groups (Table 4):

Experiment 1 (multi-topology sweep) evaluates the full
CGS architecture, EC-theory update with Solver—Critic—
Aggregator deliberation, on all three topologies. This group
addresses the question of how network structure modulates
cooperation emergence, payoff levels, and inequality under
theory-grounded LLM societies.

Experiment 2 (narrative-only ablation) removes EC-
theory grounding entirely. The strategy update is replaced
by the narrative-only rule (11), which applies the LLM’s
recommendation directly without Fermi social learning, indi-
vidual reinforcement, or trust heterogeneity. The deliberation
pipeline (including the critic) remains active, ensuring that
any observed difference is attributable solely to the update
rule. This ablation is run on the small-world topology to
enable direct comparison with CGS-EC-SW. It constitutes
the paper’s core claim: that EC grounding is essential, not
optional.
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Experiment 3 (no-critic ablation) retains the full EC-
theory update but bypasses the critic stage: the solver’s action
and confidence are passed directly to the aggregator with-
out adversarial verification. This isolates the contribution of
the deliberation pipeline’s depth: does internal verification
(solver + critic) produce meaningfully better advisory signals
than one-call inference (solver only)? This condition is also
run on small-world for controlled comparison.

E. EVALUATION CRITERIA
We evaluate performance along five dimensions:

1) Cooperation level: the final cooperation rate pc, aver-
aged over the last 10 steps to smooth fluctuations, and
the peak cooperation rate achieved during the run.

2) Payoff efficiency: the average payoff 7 in the final win-
dow, indicating how effectively the population converts
cooperation into collective welfare.

3) Equity: the Gini coefficient G of the payoff distri-
bution, with lower values indicating more equitable
outcomes.

4) Resilience: the number of steps required to recover
from the adversarial shock at = 30, defined as the first
post-shock step where pc(t) > pe(tshock — 1) — 0.05.

5) Stability: whether the cooperation rate converges, mea-
sured by the rolling standard deviation falling below
e = 0.02 over the final 10 steps, and the overall
volatility pattern visible in the rolling stability time
series.

F. REPRODUCIBILITY AND ADDITIONAL CONDITIONS

All experiments use a fixed random seed (s = 0) con-
trolling both network generation and agent parameter ini-
tialisation. LLM responses are deterministically cached via
content hashing, making the full pipeline reproducible across
runs given the same API model version. Each run produces:
(1) a per-timestep CSV with all population-level metrics,
(2) a per-agent CSV with degree, ,, ,, initial prosociality,
final strategy, and cumulative payoff, (3) compressed strategy
snapshots every 5 steps, and (4) a JSON configuration file
recording all hyperparameters, graph statistics, and LLM API
usage.

Beyond the five primary conditions, we conduct nine ad-
ditional experiments to characterise the generality of the re-
ported phenomena.

Multi-seed replication. Experiment 1 (CGS-EC vs.
Narrative-only on the Watts—Strogatz topology) is repeated
across ten independent random seeds (s € {0,...,9}), each
producing a fresh graph realisation and fresh agent-parameter
draws from Table 3. Bootstrap 95 % confidence intervals
(5000 resamples) and pairwise Mann—Whitney U tests with
Bonferroni correction (m = 5 metrics) assess whether the
rank ordering between conditions is preserved.

Population scaling. CGS-EC is run on the small-world
topology atn € {40, 60,80} (seeds = 0, T = 50) to examine
how cooperation dynamics change with population size.
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Multi-model sweep. CGS-EC (small-world, n = 40,
s = 0, T = 50) is re-executed with four LLMs served via
the Nebius Al Studio API: Llama-3.3-70B-Instruct
(Llama-70B, primary model), DeepSeek-V3. 2 (DeepSeek-
V3), Qwen3-235B-A22B-Instruct-2507 (Qwen3-
235B), and Hermes-4-70B (Hermes-4-70B), to charac-
terise the dependence of cooperation dynamics on the under-
lying language model.

GNN structural baselines. Three graph-neural-network-
inspired update rules that replace LLM calls entirely with
analytically defined message-passing aggregations establish a
structural performance baseline: GNN-Mean (DeGroot-style
mean consensus, o; < (1—v;)0; + % Tar;)), GNN-PayW
(Fermi-weighted neighbour average, where each neighbour’s
strategy is weighted by F (7; — ;) from (7)), and GNN-2L (a
two-layer readout that mixes the direct-neighbour mean with
the two-hop neighbourhood mean in a 0.6 /0.4 ratio). All
three share the PD payoff substrate, adversarial shock, and
agent initialisation of the primary conditions.

OAT sensitivity analysis. Six hyperparameters are
swept one-at-a-time over five levels each (30 total runs,
small-world, n = 40, seed 0): Fermi selection in-
tensity k € {0.5,1.0,2.0,3.0,4.0}, reinforcement sen-
sitivity € {0.2,0.5,0.8,1.2,1.8}, mean LLM trust
B € {0.10,0.20,0.35,0.50,0.65}, LLM advisory weight
we € {0.05,0.15,0.25,0.35,0.45}, mean learning rate
7 € {0.05,0.10,0.15,0.25, 0.40}, and initial prosocial mean
up, € {0.20,0.35,0.55,0.70,0.85}. All other parameters
are held at their baseline values. The normalised sensitivity
index (NSI) = max; |Ay/yo|/|Ax/xo| quantifies the output
elasticity per parameter. Temperature robustness is evaluated
by re-running CGS-EC at T, € {0.0,0.2,0.5,0.8} (small-
world, n = 40, seed 0).

Alternative game substrates. CGS-EC is re-run on the
small-world topology with two further 2x 2 games beyond the
PD: Snowdrift (T > R > S > P; R=3,T=4,5=1, P=0) and
Stag Hunt (R > T > P > §; R=4,T=3, P=2,5=0), under
identical agent initialisation and shock protocol.

Non-LLM learning and imitation baselines. Five base-
lines that replace the LLM advisory entirely are evaluated
on the primary PD/small-world setting: tabular e-greedy Q-
learning over a binned neighbour-cooperation state (a«=0.2,
v=0.9, ¢=0.1), aspiration learning (satisficing switch on
normalised payoff), pure Fermi imitation, a discrete graph
replicator, and a uniform random control.

Computational cost. Wall-clock time, API-call counts
and cache statistics are recorded for CGS-EC at n €
{20, 40, 60}, and for the no-critic variant at n = 40, to isolate
the cost of the critic stage.

Failure-mode and equilibrium probes. The shock frac-
tion is swept over finock € {0.05,0.15,0.30,0.50,0.75}
(single shock) and a persistent regime (five 15% shocks at
t € {20,25,30,35,40}). A separate no-shock sweep over
wp € {0.10,...,0.85} at T = 80 characterises the empirical
attractor structure.

Complete solver and critic system prompts, a worked
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agent-decision prompt, the aggregator rule set, all hyper-
parameter values and the parameter-selection methodology
are provided verbatim in the article GitHub repository (file
prompts_supplement.txt).

V. RESULTS

We present results in thirteen parts: the main CGS dynamics
on individual topologies (Section V-A), agent-level hetero-
geneity analysis (Section V-B), cross-topology comparison
(Section V-C), ablation studies (Section V-D), multi-seed
replication (Section V-E), population scaling (Section V-F),
multi-model analysis (Section V-G), GNN structural base-
lines (Section V-H), one-at-a-time parameter sensitivity and
temperature robustness (Section V-I), generalisation to other
social dilemmas (Section V-J), non-LLM learning and imita-
tion baselines (Section V-K), empirical equilibrium structure
(Section V-L), and failure modes and the resilience boundary
(Section V-M). All quantitative summaries report means over
the last 10 time steps unless otherwise noted.

A. CGS DYNAMICS BY TOPOLOGY

1) Small-World Network

Figure 2 presents the four-panel dynamics for the CGS system
on the Watts—Strogatz small-world network (n = 40, k = 6,
p = 0.12; clustering coefficient = 0.475, average path
length = 2.61). Cooperation rises rapidly from the initial
mean of 0.55 to a peak of 0.80 at + = 15, driven by the
combined effect of Fermi social learning, which amplifies
cooperative strategies when they yield higher payoffs, and
the LLM advisory signal, which consistently recommends
cooperation with increasing confidence over the first 10 steps
(Figure 3b, rising from 0.53 to 0.75). The pre-shock phase
(t = 0-29) sustains cooperation in the 0.60-0.80 range with
an average of 0.68 over t = 25-29.

The adversarial shock at t = 30 forces 15% of agents to
pure defection, producing an immediate drop to 0.60 and a
subsequent trough of 0.45 at t = 34 as defection propagates
through the network. Recovery occurs within 8 steps (cooper-
ation returns to 0.63 at r = 38), demonstrating the resilience
of the EC-grounded update: Fermi imitation allows remaining
cooperators to pull shocked agents back toward cooperative
strategies when their payoffs recover. The post-shock final
cooperation rate stabilizes at 0.595 £ 0.084.

Average payoff tracks cooperation closely, peaking at
16.73 and settling at 14.48 in the final window. Pay-
off inequality remains moderate (Gini = 0.236, range
[0.173,0.319]), reflecting the homogeneous degree distribu-
tion of the small-world topology (degree std = 0.87). The
strategy distribution panel (Figure 2d) shows the population-
level propensity converging to a mean of 0.53 with a moderate
spread (£1 std band visible), indicating sustained heterogene-
ity rather than unanimous convergence.

The rolling stability analysis (Figure 3a) reveals that the
cooperation rate does not formally converge, the rolling stan-
dard deviation remains above the € = 0.02 threshold through-
out, but exhibits a characteristic pattern: periods of decreasing
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volatility (# = 10-25) interrupted by the shock, followed
by a gradual return to moderate fluctuation. Deliberation
confidence (Figure 3b) stabilizes around 0.70-0.75 after an
initial ramp-up phase, consistent with the LLM developing
increasingly confident recommendations as episodic memory
accumulates.

2) Scale-Free Network

Figure 4 shows the dynamics on the Barabdsi—Albert scale-
free network (m = 3; clustering coefficient = 0.221, average
path length = 2.17, degree std = 3.81). The pre-shock
cooperation trajectory is qualitatively similar to the small-
world case, reaching the same peak of 0.80 at + = 15 and
maintaining 0.685 over ¢ = 25-29. However, the post-shock
behavior diverges sharply: cooperation drops more severely,
reaching a minimum of 0.35 (versus 0.45 on small-world),
and the final cooperation rate is substantially lower at 0.460+
0.080. Although the formal recovery metric indicates 1 step
(cooperation briefly touches 0.65 at ¢+ = 31 before declining
further), the system does not sustain recovery, instead settling
into a lower-cooperation regime.

The most striking difference is in payoff inequality. The
Gini coefficient on the scale-free topology averages 0.420
in the final window, nearly double the small-world value
of 0.236, and ranges from 0.308 to 0.525. This reflects the
power-law degree distribution: the highest-degree hub (d =
17) accumulates a cumulative payoff of 2,051 over 50 steps,
while peripheral agents (d < 3) average only 351, a 3.89 %
disparity. Average payoff is correspondingly lower (11.79
versus 14.48), as defection among peripheral agents reduces
the collective surplus.

The strategy distribution (Figure 4d) shows wider post-
shock spread compared to small-world, with the £1 std en-
velope expanding after + = 30. This reflects the amplified
heterogeneity: hub agents and peripheral agents respond dif-
ferently to the shock, with hubs recovering more slowly (final
strategy 0.454) than periphery agents (0.480), likely because
hubs interact with more defecting neighbors post-shock.

Deliberation confidence on the scale-free network drops
more pronouncedly after the shock (Figure 5b), declining
from 0.72 to 0.59 before partially recovering, indicating that
the LLM recognizes increased strategic uncertainty in the
disrupted network. The rolling stability analysis (Figure 5a)
shows the highest post-shock volatility of any topology, peak-
ing at0.13 around ¢ = 35, nearly double the small-world peak
of 0.085.

3) Erdds—Rényi Random Network

Figure 6 presents the dynamics on the Erdos—Rényi random
graph (p = 0.12; clustering coefficient = 0.205, average path
length = 2.41, degree std = 2.31). The Erdos—Rényi topol-
ogy occupies an intermediate position between the small-
world and scale-free networks on most metrics. Peak coopera-
tion reaches 0.775 at ¢ = 28, slightly below the 0.80 achieved
by both other topologies, and the pre-shock average (0.68
over t = 25-29) is comparable. The post-shock minimum of
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0.425 is intermediate between small-world (0.45) and scale-
free (0.35), but recovery is the slowest of the three topologies
at 13 steps, with cooperation returning to within tolerance at
t = 43. The final cooperation rate stabilizes at 0.548 4-0.086.

Notably, the Erdos—Rényi network is the only topology
where the system approaches formal convergence: the rolling
standard deviation of cooperation rate drops below the ¢ =
0.02 threshold (reaching 0.009) during + = 20-27 (Fig-
ure 7a), before the shock disrupts the near-equilibrium. This
is consistent with the lack of structural heterogeneity: without
hubs (scale-free) or high clustering (small-world), the ran-
dom graph provides a more uniform selective environment
where the Fermi imitation dynamics can settle into a quasi-
stationary state.

Payoff inequality (Gini = 0.359, range [0.260,0.424))
falls between the small-world (0.236) and scale-free (0.420)
values, driven by a moderate degree range of [1, 11] (degree
std = 2.31, between small-world’s 0.87 and scale-free’s
3.81). The degree—payoff correlation remains very strong
(r = 0.979, p < 10~*), with cumulative payoffs spanning
[133,1,471],a 11.1x disparity.

Figure 8 presents the agent-level analysis for the Erdos—
Rényi network. The degree—payoff relationship (panel b) is
near-linear (r = 0.979), similar to scale-free but with a nar-
rower degree range. Initial prosociality shows a weak positive
trend with final strategy (r = 0.251, p = 0.119), consistent
with the small-world pattern of partial persistence.

B. AGENT-LEVEL HETEROGENEITY

Figure 9 and Figure 10 present the agent-level analysis for
small-world and scale-free topologies, respectively. Three
scatter plots decompose the relationships between agent pa-
rameters, network position, and outcomes.

Trust vs. final strategy (panel a). On the small-world
network, LLM trust 3, shows no significant correlation with
final strategy (r = 0.102, p = 0.533), suggesting that
the evolutionary components (Fermi imitation and reinforce-
ment) dominate long-run strategy determination, with the
LLM advisory acting as a perturbation rather than a primary
driver. The scale-free network exhibits a similar pattern: trust
does not predict final cooperation propensity, consistent with
the wy = 0.25 weight assigned to the LLM component in the
update rule (6).

Network position vs. payoff (panel b). This is the panel
where topology effects are most pronounced. On the small-
world network, degree and cumulative payoff are strongly
correlated (r = 0.806, p < 10~%), but the narrow degree
range ([4, 8]) limits the absolute disparity: the highest-earning
agent accumulates 1,016 versus 472 for the lowest. On the
scale-free network, the correlation is near-perfect (r = 0.992,
p < 107%) and the degree range spans [1,17], producing a
cumulative payoff range of [110,2,051], an 18.6x disparity.
This confirms the classical result from evolutionary game
theory [5] that scale-free topologies amplify payoff concen-
tration at hubs, and shows that this effect persists even when
agents have access to LLM deliberation.
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FIGURE 2: CGS dynamics on the small-world network. (a) Cooperation rate over time, showing peak cooperation of 0.80 at
t = 15 and recovery from the adversarial shock (vertical dashed line at ¢+ = 30) within 8 steps. (b) Average payoff, peaking at
16.73. (c) Payoff inequality (Gini coefficient), remaining moderate (0.18-0.32). (d) Strategy distribution with £1 std envelope,

showing sustained heterogeneity.

(a) Cooperation stability (b) Deliberation confidence

Threshold

FIGURE 3: Stability analysis for the small-world topology.
(a) Rolling standard deviation of cooperation rate (window
= 8); the system does not formally converge but exhibits
structured fluctuation. (b) Mean LLM deliberation confi-
dence, rising from 0.53 to a plateau around 0.73.

Initial vs. final strategy (panel c). On the small-world
network, initial prosociality shows a marginally significant
positive correlation with final strategy (r = 0.296, p =
0.064), indicating partial persistence of initial dispositions
through the evolutionary process. On the scale-free network
this correlation vanishes (» = 0.040, p = 0.808), suggesting
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that the more heterogeneous interaction structure overwrites
initial conditions more thoroughly, an effect consistent with
the stronger selection pressures in scale-free networks where
hubs mediate disproportionate strategy diffusion.

C. CROSS-TOPOLOGY COMPARISON

Table 5 consolidates the key metrics across all five experi-
mental conditions. The topology sweep reveals a clear order-
ing on most dimensions.

Cooperation. Small-world networks produce the highest
sustained cooperation (pfina! = 0.595), followed by Erdos—
Rényi (0.548) and scale-free (0.460). All three topologies
reach comparable peak cooperation (0.775-0.800), indicating
that the pre-shock dynamics are topology-insensitive; the di-
vergence emerges primarily in post-shock recovery and long-
run stability. The high clustering of small-world networks
(0.475 vs. 0.205-0.221 for the others) appears to provide
cooperative clusters that resist invasion by defection, con-
sistent with the network reciprocity mechanism identified in
evolutionary theory [4].
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FIGURE 4: CGS dynamics on the scale-free network. (a) Cooperation reaches the same peak of 0.80 but suffers a deeper post-
shock decline (minimum 0.35). (b) Average payoff is lower overall (11.79 final) due to hub—periphery asymmetry. (c) Payoff
inequality is substantially higher (Gini /= 0.42, peaking at 0.53). (d) Strategy distribution shows wider post-shock spread.
TABLE 5: Summary of results across all experimental conditions. pf®': mean cooperation over last 10 steps. pgeak: maximum
cooperation. 71"%!: mean payoff over last 10 steps. G"!: mean Gini over last 10 steps. Recovery: steps to return within 0.05
of pre-shock cooperation.

Condition Topology EC Critic pgcak phinal gfinal  gfinal — Recovery

CGS-EC-SW small_world v 0.800 0.59540.084 14.48 0.236 8 steps
CGS-EC-SF scale_free v 0.800 0.460 £+ 0.080 11.79 0.420 1 stepJr
CGS-EC-ER erdos_renyi v 0.775 0.548 £0.086 1236  0.359 13 steps

0.550  0.525+£0.000 13.62  0.248 ot
0.825 0.568 £0.076  14.16  0.239 8 steps

TBrief touch at 1 = 31; cooperation subsequently declines further. TNo dynamic response to shock.

Narrative-only ~ small_world —_
EC-no-critic small_world v

BRI ENENEN

Payoff and inequality. Payoff efficiency follows the Resilience. Recovery time does not follow the coopera-
cooperation ordering: small-world (14.48) > Erdos—Rényi tion ordering: Erdos—Rényi is slowest (13 steps), small-world
(12.36) > scale-free (11.79). However, inequality exhibits a intermediate (8 steps), and scale-free nominally fastest (1
different pattern driven by degree heterogeneity: scale-free step). However, scale-free’s rapid “recovery’’ is misleading,

(G = 0.420) > Erd6s—Rényi (0.359) > small-world (0.236). cooperation briefly touches the threshold at + = 31 before
The degree standard deviation is the strongest predictor of declining further, reflecting the volatility of hub-mediated
inequality (3.81, 2.31, and 0.87 respectively), confirming that dynamics rather than genuine resilience. Small-world’s 8-step
structural heterogeneity translates directly into payoff dispar- recovery with sustained post-recovery cooperation represents
ity through the accumulated-neighbor-payoftf mechanism (2). the most robust resilience pattern.

Figure 11 provides a direct visual overlay of the three
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(a) Cooperation stability (b) Deliberation confidence

Avg LLM confidence

FIGURE 5: Stability analysis for the scale-free topology.
(a) Rolling std peaks at 0.13 post-shock, indicating sub-
stantially higher volatility than small-world. (b) LLM confi-
dence drops more sharply after the shock, reflecting increased
strategic uncertainty.

topologies across cooperation, payoff, and inequality, making
the ordering and divergence points clearly visible. The coop-
eration trajectories (panel a) are nearly indistinguishable be-
fore t = 10 but progressively separate, with the gap widening
sharply after the shock. The inequality panel (panel c) shows
the most consistent separation: scale-free is persistently high-
est, small-world lowest, throughout the entire simulation.

D. ABLATION STUDIES

1) Narrative-Only Ablation: EC Grounding Is Essential

The narrative-only baseline provides the paper’s central abla-
tion result. Removing the EC-theory update (6) and replacing
it with the pure LLM-driven rule (11) produces qualitatively
different dynamics across every metric. Figure 12 overlays
the CGS and narrative-only trajectories on the small-world
network, making the contrast immediately visible across all
four panels.

Cooperation plateaus immediately. The narrative-only
condition reaches a peak of 0.550 within the first 5 steps and
remains locked at 0.525—0.550 for the entire simulation. The
final cooperation rate of 0.525 £ 0.000 (zero variance over
the last 10 steps) reflects complete convergence to a static
mixed equilibrium. This represents a 0.275 absolute reduction
from the CGS peak of 0.800 (34% relative), and a 0.070
reduction from the CGS final rate (12% relative). Critically,
the narrative-only system achieves formal convergence, the
rolling standard deviation reaches exactly zero, but at the cost
of all dynamic responsiveness.

No shock response. The adversarial shock at t = 30
produces no discernible effect in the narrative-only condition.
Cooperation drops briefly from 0.550 to 0.500 and returns
to 0.525 by ¢+ = 32, but this near-zero response reflects the
absence of the evolutionary feedback loop: without Fermi
social learning, the shock-induced defection does not propa-
gate through the network via payoff-mediated imitation, and
without individual reinforcement, agents do not adjust their
propensities in response to changed payoff environments. The
LLM advisory alone lacks the mechanism to either transmit
or recover from exogenous perturbations.

Strategy polarization. Despite the population-level sta-
sis, the narrative-only condition produces extreme agent-level

VOLUME 11, 2023

heterogeneity: final strategies span the full [0.0, 1.0] range
with a standard deviation of 0.506. Agents converge to either
full cooperation (o0, = 1.0) or full defection (o, = 0.0),
producing a bimodal distribution. This is a direct consequence
of the narrative-only update (11): without the moderating
influence of Fermi imitation (which pulls agents toward
the neighbor average) and individual reinforcement (which
maps payoffs to intermediate propensities via a sigmoid),
the LLM’s binary action recommendation (C or D) drives
strategies monotonically toward the extremes over repeated
application.

2) No-Critic Ablation: Deliberation Quality Matters

The no-critic ablation retains the full EC-theory update but
bypasses the critic stage, passing the solver’s action and confi-
dence directly to the aggregator. This isolates the contribution
of adversarial verification within the deliberation pipeline.

Performance is close but distinguishable. The no-critic
condition achieves a peak cooperation of 0.825, marginally
higher than the full CGS system’s 0.800, and a final rate of
0.568 £ 0.076, slightly below CGS’s 0.595 + 0.084. Pay-
off (14.16 vs. 14.48) and Gini (0.239 vs. 0.236) are nearly
identical, and shock recovery time is the same (8 steps). The
differences, while consistent in direction, are modest.

The critic’s role is confidence calibration. The mostin-
formative difference is in LLM confidence: the no-critic con-
dition produces higher average confidence (0.778 vs. 0.698 in
the final window), reflecting the absence of the critic’s down-
ward pressure on overconfident proposals. Without the critic,
the solver’s confidence is taken at face value, which occasion-
ally produces high-confidence but strategically suboptimal
recommendations. The aggregator’s action-flip mechanism
(triggered when ¢, < 0.3 and ¢; > 0.7) is necessarily inactive
in this condition, removing the self-correction capability that
prevents the most egregious advisory errors.

Interpretation. The modest performance gap between
CGS and the no-critic condition suggests that the EC-theory
grounding is the primary contributor to emergent cooper-
ation, with the deliberation pipeline playing a secondary
but non-negligible role. The critic provides value primarily
through confidence calibration and error correction rather
than through fundamentally different action recommenda-
tions, consistent with the observation that the solver already
has access to the full agent context and generally makes
reasonable proposals.

Figure 13 provides a direct three-way comparison of the
ablation conditions. The cooperation panel (a) visually con-
firms the hierarchy: both EC-grounded conditions (CGS and
EC-no-critic) track each other closely and far exceed the
narrative-only flat line, while the payoff panel (b) shows the
corresponding pattern in collective welfare. The near-overlap
of the CGS and EC-no-critic traces throughout most of the
simulation, with the primary divergence in post-shock recov-
ery amplitude, reinforces the conclusion that EC grounding
is the dominant factor and critic verification is a secondary
refinement.
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FIGURE 6: CGS dynamics on the Erdos—Rényi random network. (a) Cooperation peaks at 0.775 and recovers from the shock
in 13 steps, the slowest recovery. (b) Average payoff (12.36 final). (c) Payoff inequality intermediate between small-world and
scale-free (Gini ~ 0.36). (d) Strategy distribution with post-shock widening.
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FIGURE 7: Stability analysis for the Erdos—Rényi topology.
(a) The rolling std drops below 0.02 during ¢ = 20-27, the
only topology achieving near-convergence before the shock.
(b) LLM confidence shows a post-shock decline from 0.78 to
0.62.

E. MULTI-SEED REPLICATION (TEN SEEDS)

We replicate the CGS-EC vs. narrative-only contrast across
ten independent seeds (s € {0, ..., 9}), doubling the Round-
1 sample. Table 6 reports bootstrap 95 % confidence intervals
and Table 7 the Bonferroni-corrected Mann—Whitney tests;
Figure 14 visualises both.

14

The core distinction is now statistically significant.
The cooperation standard deviation, a direct proxy for dy-
namic responsiveness, separates the two conditions com-
pletely (Mann—Whitney U = 100, the maximum value,
PBont < 0.001, Cohen’s d = 4.59). Peak cooperation is also
significant after correction (ppons = 0.015, d = 1.69). Final
cooperation, payoff and Gini do not differ significantly, which
is the expected and correct picture: the claim has always
concerned dynamic adaptivity, not the raw final level, and the
two conditions reach similar mean final cooperation (0.608
vs. 0.596).

Perfect qualitative split. CGS-EC remains dynamically
adaptive (fails to formally converge) in nine of ten seeds,
whereas the narrative-only baseline converges to a static
equilibrium in ten of ten seeds. This is a clean replication
of the central mechanism: EC grounding sustains adaptive
dynamics while pure LLM-driven updates collapse to fixed
points, now established with statistical significance rather
than as a qualitative trend.
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FIGURE 8: Agent-level analysis on the Erdos—Rényi network. (a) Trust 5 vs. final strategy: no clear pattern. (b) Degree vs.
cumulative payoff: strong correlation (r = 0.98) spanning a 11.1x range. (c) Initial vs. final strategy: weak positive trend
(r =0.25,p = 0.119).
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FIGURE 9: Agent-level analysis on the small-world network. (a) Trust 3 vs. final strategy (colored by degree): no significant
correlation. (b) Degree vs. cumulative payoff: strong positive correlation (r = 0.81) within a narrow degree range. (c¢) Initial

prosociality vs. final strategy: marginal persistence (r = 0.30, p = 0.064).

TABLE 6: Ten-seed bootstrap 95 % CIs (5000 resamples),
small-world, n = 40, T = 50, shock at ¢t = 30.

Metric CGS-EC Narrative-only

plinal 0.608 [0.571,0.647]  0.596 [0.549, 0.643]
std(pc)  0.061[0.051,0.070]  0.006 [0.003, 0.009]
sfinal 14.62 [14.24,15.01]  14.35[13.81, 14.93]
Gfinal 0.237[0.229, 0.244]  0.222 [0.210, 0.235]

pgeak 0.820[0.795, 0.845]  0.698 [0.643, 0.750]

F. POPULATION SCALING

Figure 15 presents cooperation, payoff, and Gini trajectories
for CGS-EC at n € {40,60,80}; Table 8 consolidates the
summary metrics.

Pre-shock dynamics are scale-invariant. The pre-
shock cooperation trajectory is essentially identical across all
three population sizes, with mean pre-shock cooperation of
0.683, 0.677, and 0.669 for n = 40, 60, 80 respectively.
Peak cooperation reaches 0.800 at n € {40,60} and 0.775
at n = 80, and payoff efficiency is consistent across scales

VOLUME 11, 2023

TABLE 7: Ten-seed Mann—Whitney U tests: CGS-EC vs.
Narrative-only (two-sided, Bonferroni corrected, m = 5). d
= Cohen’s d.

Metric U Praw PBonf d Sig.
Final cooperation 55.0 0.733 1.000 0.18 ns
Cooperation std 100.0  0.0002  0.0009 4.59  H**
Final payoff 62.0 0.385 1.000 033 ns
Payoff Gini 72.0 0.104 0.521 0.83 ns
Peak cooperation 89.0  0.0031 0.015 1.69 *

(zfinal € [14.07,14.73]). These results confirm that the Fermi
imitation and LLM advisory dynamics produce comparable
collective outcomes within this population range.
Post-shock recovery slows with scale. Recovery time
increases from 1 step (n 40) to 5 steps (n 60), and
the n = 80 simulation does not return to within 0.05 of the
pre-shock level within 7 = 50 steps, reaching a trough of
0.425 at t = 42. This pattern is mechanistically expected:
at fshock = 0.15, the shock perturbs 6, 9, and 12 agents at

15
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FIGURE 11: Cross-topology comparison of CGS dynamics. (a) Cooperation rate: trajectories diverge after the shock, with
small-world sustaining the highest levels. (b) Average payoff: small-world consistently outperforms. (c) Payoff inequality (Gini):
scale-free is persistently highest, reflecting hub-driven disparity; small-world is lowest throughout.

TABLE 8: Population scaling: CGS-EC on small-world (seed
0, T = 50). p2"°: mean cooperation over 7 € [0,29]. Recov-
ery: steps to return within 0.05 of pre-shock cooperation; “—
” indicates no full recovery within 7' = 50.

peak

n pgre PP pgnal 7Tl.ﬁnal gﬁnal Recovery
40 0.683 0.800 0.598 £0.079 14.51 0.236 1 step
60 0.677 0.800 0.617+0.070 14.73 0.236 5 steps
80 0.669 0.775 0.566 +£0.074  14.07 0.254 —

n = 40, 60, and 80 respectively, so the absolute magnitude of
the perturbation scales with n. Payoff Gini rises only modestly
(0.236 — 0.236 — 0.254), remaining well below the scale-
free values observed in Section V-A2.

These results establish that the core CGS cooperation phe-
nomena extend beyond the n = 40 regime of the primary
experiments. The main consequence of larger populations
is a proportionally longer post-shock recovery horizon, sug-
gesting that future experiments at n > 80 should extend T
accordingly.

16

G. MULTI-MODEL ANALYSIS

Table 9 and Figure 16 report CGS-EC performance across
four LLMs.

Two-cluster structure. The four models partition into
two behavioural clusters. The high-cooperation cluster
(Llama-70B, Hermes-4-70B) achieves final cooperation of
0.603 and 0.573 respectively, peak cooperation of 0.800 in
both cases, and payoff efficiency consistent with the pri-
mary results (7 € [14.27,14.57], G € [0.235,0.244)).
The low-cooperation cluster (DeepSeek-V3, Qwen3-235B)
achieves identical final cooperation of 0.338 with substan-
tially lower payoffs (7 = 11.38) and higher inequality (G €
[0.273,0.278]).

Cross-model coefficient of variation (CV) is 31.3% for
final cooperation but only 9.7% for peak cooperation and
8.2% for the Gini coefficient, indicating that while the level of
sustained cooperation depends on the underlying model, the
structural properties of EC-grounded dynamics, the capacity
to reach cooperative peaks and the low-inequality profile
characteristic of small-world interactions, are substantially
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FIGURE 12: CGS (EC + Deliberation) vs. narrative-only baseline on the small-world network. (a) Cooperation: CGS reaches
0.80 and recovers from the shock; the narrative-only baseline plateaus at 0.55 with no dynamic response. (b) Payoff: CGS
consistently outperforms. (c) Inequality: CGS achieves lower Gini during cooperative peaks. (d) Strategy distribution: CGS
maintains moderate heterogeneity (shaded band) while the baseline is static.

TABLE 9: Multi-model sweep: CGS-EC on small-world (rn = 40, seed 0, T = 50, shock at t = 30). ¢hinal: mean aggregated
LLM confidence over the last 10 steps. Recovery: steps to return within 0.05 of pre-shock cooperation; 0O steps indicates brief
threshold touch without sustained recovery.

Label Model p‘C)eak pinal gfinal  gfinal — Zfinal  Recovery
Llama-70B Llama-3.3-70B-Instruct 0.800 0.603 +£0.076  14.57  0.235  0.700 8 steps
DeepSeek-V3 DeepSeek-V3.2 0.650 0.338+0.093 11.38 0273 0.716 0 steps
Qwen3-235B Qwen3-235B-A22B-2507  0.725 0.338 £0.108 11.38  0.278  0.787 16 steps
Hermes-4-70B  Hermes-4-70B 0.800 0.5734+0.090 1427 0.244  0.728 15 steps
preserved. weight independently of LLM output quality.
Confidence does not predict cooperation. Deliberation Recovery behaviour. DeepSeek-V3 formally recovers

confidence is similar across all four models (pre-shock range:
0.711-0.746; post-shock: 0.703-0.741), and is highest for the
low-cooperation model (Qwen3-235B: ¢ = 0.787). This con-
firms that advisory signal quality, its alignment with the local
payoff gradient, rather than its confidence magnitude de-
termines downstream cooperation outcomes. The EC-theory
update rule (6) provides partial insulation against low-quality
advisory signals through the social learning and reinforce-
ment components, which together carry wy + w, = 0.75

VOLUME 11, 2023

in O steps but, in a pattern analogous to the scale-free topol-
ogy results of Section V-A2, cooperation subsequently de-
clines rather than being sustained. Qwen3-235B achieves the
longest recovery (16 steps) with a sustained post-shock level
of 0.338, while Hermes-4-70B recovers in 15 steps with a
final cooperation of 0.573, outperforming DeepSeek-V3 at
comparable model scale.
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the narrative-only baseline maintains a flat ~ 13.6 while EC-grounded conditions fluctuate between 13-17, achieving higher
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final cooperation, payoff and Gini overlap, consistent with the claim being about dynamic adaptivity rather than final level.

H. GNN STRUCTURAL BASELINES

Table 10 and Figure 17 compare CGS-EC against three struc-
tural baselines that perform graph message-passing without
any LLM component.

CGS-EC outperforms all structural baselines. CGS-
EC achieves final cooperation of 0.595, exceeding GNN-
Mean and GNN-2L (both 0.495) by Apc = +0.100 (+20.2%
relative) and surpassing GNN-PayW (0.408) by +0.188
(+46.1%). Peak cooperation for CGS-EC (0.800) exceeds
GNN-Mean and GNN-2L (0.775) and substantially exceeds
GNN-PayW (0.725). Payoff efficiency follows the same or-
dering: CGS-EC (14.48) > GNN-Mean (13.44) ~ GNN-2L
(13.45) > GNN-PayW (12.36).

Payoff weighting without degree normalisation is coun-
terproductive. GNN-PayW’s Fermi-weighted aggregation
most closely resembles the social learning component of the
CGS EC-theory update, yet achieves the lowest cooperation
of any evaluated method. This counterintuitive result is mech-
anistically informative: without the degree-normalised sig-
moid of component (9), payoff-weighted imitation amplifies
successful defectors during the post-shock period, driving
peripheral agents further toward permanent defection rather
than facilitating recovery. The +0.088 gap between GNN-
PayW and GNN-Mean thus quantifies the benefit of degree

18

normalisation within the EC update rule. The further +-0.100
gap between GNN-Mean and CGS-EC quantifies the addi-
tional cooperation contribution of the LLM advisory signal
after structural dynamics are fully accounted for.

Inequality. CGS-EC maintains the lowest payoff in-
equality (Gfinal = 0.236), while all GNN baselines produce
Gini values 13-16% higher (0.267-0.273). Without context-
sensitive LLM advisory modulation, peripheral agents ex-
posed to defection post-shock are more readily locked into
permanent defection, amplifying the structural degree-driven
payoff disparities.

Formal recovery and sustained cooperation. All three
GNN baselines formally recover within 1 step, compared
with 8 steps for CGS-EC. As with the scale-free results of
Section V-A2, rapid formal recovery in the GNN baselines
is followed by continued cooperation decline rather than sus-
tained post-recovery levels. The 8-step recovery of CGS-EC
is accompanied by sustained cooperation near p¢ ~ 0.60, and
recovery speed alone is therefore an insufficient resilience
metric.
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V3 and Qwen3-235B converge to a lower-cooperation regime (,o‘énal = 0.338) despite comparable confidence levels. Vertical

dotted line marks the adversarial shock at r = 30.

TABLE 10: CGS-EC vs. GNN structural baselines (small-world, n = 40, seed 0, T = 50, shock at # = 30). Recovery as defined
in Section I'V-E; O steps indicates brief threshold touch without sustained recovery.

Method Update rule pgeak plinal gfinal  gfinal  Recovery

CGS-EC EC-theory + SCA deliberation 0.800  0.595+0.084 1448 0.236 8 steps

GNN-Mean  DeGroot mean consensus 0.775 0.495+0.077 1344  0.267 1 step

GNN-PayW  Fermi-weighted mean aggregation ~ 0.725  0.408 £ 0.081 1236 0.273 1 step

GNN-2L Two-layer 0.6 / 0.4 readout 0.775 0.4954+0.076 1345 0.267 1 step
I. OAT PARAMETER SENSITIVITY AND TEMPERATURE operation span 9.5%), validating the fixed weighting scheme
ROBUSTNESS of (6): the output is robust to the precise allocation between
Table 11 reports normalised sensitivity indices (NSI) for four structural and advisory components within the tested range.
output metrics across six parameters. Figure 18 shows the ~ The reinforcement sensitivity « is moderate (NSI = 0.137),
full response curves, making the shape of each relationship with the baseline o = 0.8 sitting in the middle of the response
visible beyond the scalar summary, while Figure 19 provides curve.
a compact cross-metric overview. Initial prosocial disposition is the dominant parameter.

Architectural parameters are robust. The Fermi selec- 1y has the largest NSI (1.222) by a substantial margin, in-

tion intensity x has negligible influence on all outputs (NSI dicating that output sensitivity exceeds input variation. The
= 0.017, cooperation span of 0.7% across the full sweep response is strongly asymmetric: reducing i, from the base-
from 0.5 to 4.0), confirming that the system is not finely line 0.55 to 0.20 collapses final cooperation to 0.255 (peak
tuned to the sigmoid steepness of the imitation rule. The LLM 0.375), while increasing it to 0.70-0.85 plateaus cooperation
advisory weight wy is similarly insensitive (NSI = 0.087, co- at 0.660-0.663 with diminishing returns. This asymmetry
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FIGURE 18: OAT sensitivity analysis: response curves for four output metrics (rows) across six parameters (columns). Orange
dot = baseline value. Fermi selection intensity « is essentially flat across all metrics (cooperation span < 1%), while initial
prosocial disposition i, exhibits a strong asymmetry with a critical-mass threshold near the baseline value. LLM trust f3 is the
only parameter for which cooperation and Gini improve simultaneously across the full sweep.

reflects a critical-mass effect: populations initialised below willing to weight the LLM advisory more heavily benefit

a cooperative threshold cannot sustain sufficient payoff gra- from both higher collective welfare and more equitable payoff
dients for Fermi imitation to propagate cooperation, whereas distributions. The baseline 3 = 0.35 is therefore a conser-
populations above the threshold converge to similar long-run vative choice; practitioners with well-calibrated models can
outcomes regardless of exact initialisation. realise substantial gains by increasing LLM trust.

LLM trust monotonically improves both cooperation Temperature robustness.
and equity. S (mean LLM trust) exhibits the second- Table 12 and Figure 20 report CGS-EC performance across

highest NSI (0.423) with a monotone response: increasing 3 four LLM sampling temperatures (7; € {0.0,0.2,0.5,0.8})
from 0.10 to 0.65 raises final cooperation from 0.493 to 0.828 on the small-world topology (n = 40, seed 0, shock at r =
and simultaneously reduces Gini from 0.257 to 0.167. This is 30).

the only parameter for which cooperation and equity improve CGS dynamics are insensitive to sampling tempera-
jointly across the full sweep, suggesting that populations ture. Final cooperation varies by only 0.0075 across the
20 VOLUME 11, 2023
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TABLE 11: Normalised sensitivity indices (NSI) from the
OAT sweep (small-world, n = 40, seed 0, T = 50). NSI
> 0.3 indicates meaningful sensitivity; NSI < 0.1 indicates
robustness to that parameter.

Parameter pgnal pgeak ﬁﬁnal gﬁnal
Hp (prosocial mean) — 1.222 0.945 0.610 0.632
8 (LLM trust) 0.423  0.292 0.177 0.349
% (learning rate) 0.395 0.094 0.175 0.157

« (reinforce sens.) 0.137 0.125 0.059 0.075
wyg (LLM weight) 0.087 0.078 0.040  0.049
« (Fermi intensity) 0.017 0.000 0.009 0.005

coop_final 042 0.02 040 122 014 0.09

gini_final 035 0.01 016 0.07 005

payoff_final 018 0.01 017 0.06 0.04

peak_coop 029 0.00 0.09

. )
o
@ " W
W

FIGURE 19: NSI heatmap: darker cells indicate greater out-
put sensitivity to a given parameter. The architectural parame-
ters wy and « are robustly insensitive across all metrics; initial
prosocial disposition 1, and LLM trust 3 dominate.

full [0.0,0.8] range (CV = 0.6%), payoff Gini varies by
0.0019 (CV = 0.3%), and all four conditions reach peak
cooperation of 0.80-0.83. This robustness follows from the
architecture: at temperature 75 = 0.0 the LLM produces de-
terministic outputs, while at 7, = 0.8 outputs are stochastic,
yet the EC-theory update rule absorbs the resulting advisory
variance through the w, = 0.25 weighting and the agent-
level trust heterogeneity /3,. The baseline temperature of 0.2
used throughout the primary experiments therefore requires
no special justification; any value in the tested range would
yield equivalent results.

J. GENERALISATION TO OTHER SOCIAL DILEMMAS

The Prisoner’s Dilemma is only one class of social dilemma.
To assess whether the architecture transfers, we re-run CGS-
EC on the small-world topology with two further canonical
2x2 games, Snowdrift (SD, T > R > § > P, anti-
coordination) and Stag Hunt (SH, R > T > P > S, a coordi-
nation game with two pure equilibria), under identical agent
initialisation and adversarial shock. Table 13 and Figure 21
report the outcomes.

The dynamics are qualitatively identical across all three
games: final cooperation lies in [0.600, 0.640], peak cooper-
ation in [0.800, 0.850], and all three recover from the shock
in exactly 8 steps. The Stag Hunt yields the highest payoff
(15.88) and the lowest inequality (G = 0.161): in a coordi-
nation game the EC-grounded update steers the population
toward the payoff-dominant (mutual-cooperate) equilibrium
rather than the risk-dominant one, which is the theoretically
desirable behaviour. Snowdrift is intermediate, as expected

VOLUME 11, 2023

TABLE 12: Temperature robustness: CGS-EC on small-
world (n = 40, seed 0, T = 50, shock at r = 30). CV:
coefficient of variation across the four temperatures.

T, pgeak pgnal ﬁ.ﬁnal gﬁnal
0.0 0.800 0.6054+0.077 14.60 0.235
0.2 0.825 0.605+0.075 14.61 0.235
0.5 0.800 0.598£0.079 14.51 0.236
0.8 0.800 0.605+0.075 14.63 0.234
(6)% 1.6% 0.6% 0.4% 0.3%

TABLE 13: CGS-EC across game substrates (small-world,
n =40, seed 0, T = 50, shock at ¢t = 30).

Game pgnal 7—rﬁnal gﬁnal pgcak Recov.
PD (baseline)  0.600 £ 0.080 14.55 0.234 0.800 8
Snowdrift 0.615 + 0.081 13.65 0.177 0.825 8
Stag Hunt 0.640 £ 0.065  15.88 0.161 0.850 8

for an anti-coordination dilemma. CGS is therefore not spe-
cific to the Prisoner’s Dilemma; the architecture transfers
across social-dilemma classes without re-tuning.

K. NON-LLM LEARNING AND IMITATION BASELINES

To situate CGS-EC against classical and learning-theoretic
update rules, we evaluate five baselines that replace the LLM
advisory entirely, on the primary PD/small-world setting with
identical shock and initialisation: tabular e-greedy Q-learning
over a binned neighbour-cooperation state, aspiration learn-
ing, pure Fermi imitation, a discrete graph replicator, and a
uniform random control. Table 14 and Figure 22 report the
results.

Pure imitation and replicator dynamics fail. Pure
Fermi imitation collapses to pfi"@l = 0.113 and the graph
replicator to 0.455, neither recovering from the shock. This
is the strongest single piece of evidence that the EC-theory
update’s combination of components is necessary: the social-
learning term in isolation, the classical microscopic rule of the
spatial-games literature, is by itself insufficient to sustain co-
operation in this setting, and the reinforcement and advisory
components are doing real work. Aspiration learning (0.353)
likewise fails to recover.

An idealised Q-learner upper-bounds the task. A tab-
ular Q-learner with full neighbourhood-state observability
achieves higher final cooperation (0.728) than CGS-EC
(0.595). This is expected and we report it transparently: with
a small discrete state space, a stationary payoff matrix and 50
learning steps, tabular Q-learning converges to a near-optimal
policy. The comparison is not like-for-like, the Q-learner is
given a hand-specified state encoding and is unconstrained by
natural-language context, so it functions as an idealised upper
bound on achievable cooperation rather than as a deployable
LLM-free competitor. CGS-EC’s value is (1) operating from
natural-language context without a hand-engineered state, (2)
transferring across game substrates and topologies without re-
tuning (Section V-J), and (3) the LLM advisory premium over
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payoff, (c) payoff Gini. Trajectories are qualitatively identical; all three recover from the shock (dotted line) within 8 steps.

TABLE 14: CGS-EC vs. non-LLM baselines (PD, small-
world, n = 40, seed 0, T = 50, shock at t = 30). “—" =
no recovery within 7.

Method plinal gfinal  gfinal pgcak Recov.
CGS-EC 0.595 + 0.084 14.48 0.236 0.800 8
Q-learning  0.728 + 0.036 15.92 0.226 0.975 0
Replicator 0.455+0.055  13.07 0.263 0.725 —
Aspiration 0.353 + 0.036 11.40 0.274 0.525 —
Fermi-only  0.113 % 0.096 7.95 0.212 0.625 —
Random 0.493 +0.077  13.46 0.260 0.625 1

structural baselines isolated in Section V-H. Reporting the
baseline that exceeds CGS-EC, and explaining precisely why,
is a deliberate choice for transparency.

L. EMPIRICAL EQUILIBRIUM STRUCTURE

A closed-form fixed-point analysis is unavailable because
the LLM response distribution is not analytically tractable.
We therefore characterise the attractor structure empirically:
CGS-EC is run with the shock disabled for 7 = 80 steps from
a sweep of initial prosocial means y, € {0.10,...,0.85}.
Table 15 and Figure 23 report the long-run cooperation as a
function of .

22

TABLE 15: Empirical equilibrium: CGS-EC, small-world,
n = 40, seed 0, T = 80, no shock. Final cooperation is the
mean over the last 20 steps.

pp (init)  pc (final, last 20) A from previous
0.10 0.353 £ 0.046 —
0.25 0.397 £ 0.050 +0.045
0.40 0.691 + 0.050 +0.294
0.55 0.739 £ 0.061 +0.047
0.70 0.754 £ 0.058 +0.015
0.85 0.775 £ 0.063 +0.021

The final-vs-initial curve is a sigmoid with a critical-mass
threshold near p, ~ 0.30-0.40: below it the population
settles into a low-cooperation regime (= 0.35-0.40), above it
into a high-cooperation regime (~ 0.74-0.78) that saturates
(A < 0.05 for successive p, > 0.40). The single largest
jump, +0.294, occurs between p, = 0.25 and p, = 0.40.
This is an empirical attractor map: a single high-cooperation
attractor whose basin is entered only when the initial coop-
erative mass exceeds a threshold, below which the system
is trapped near a low-cooperation fixed point. The result is
mechanistically consistent with, and explains, the dominant
OAT sensitivity of i, (NSI = 1.222, Section V-I): the high
elasticity is the signature of the bifurcation.
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M. FAILURE MODES AND THE RESILIENCE BOUNDARY TABLE 16: Shock-magnitude sweep (CGS-EC, PD, small-
1d, n = 40, seed 0, T = 50). “—" = ithi
To characterise the regime in which CGS-EC degrades, we 5%v0r " see ) no recovery within

sweep the shock fraction over fyhock € {0.05,0.15,0.30,0.50,0.7

(single shock at ¢+ = 30) and additionally test a persistent Shock p@in - pfinal  Recov.  Recovered?
regime of flve. 15% shocks at + € {20, 25,30, 35,40}. =005 0525 0.675 0 yes
Table 16 and Figure 24 report the outcomes. f =0.15 (default)y  0.475  0.603 8 yes
T . . . - f=0.30 0375 0513 — no
Two findings delimit the operating envelope. First, there is =050 0200 0323 B o
arecovery threshold between 15% and 30%: CGS-EC returns F=0.75 0075 0.198  — no
to within 0.05 of pre-shock cooperation for fspocx < 0.15 but persistent 5x0.15  0.100  0.222 — no

does not recover within 7 = 50 for finock > 0.30, with final
cooperation degrading monotonically to 0.198 at fihock =
0.75. Second, repeated shocks are more damaging than a V1. DISCUSSION
single large one: five spaced 15% shocks (cumulatively 75%
but distributed) collapse cooperation to 0.222, worse than a
single 50% shock (0.323), because the population is never
granted enough recovery time between perturbations. The
EC-grounded update is thus resilient to single moderate per-
turbations but not to severe or rapidly repeated ones; the
recovery horizon must scale with both shock magnitude and

The results establish that grounding LLM deliberation within
evolutionary cooperation theory produces qualitatively differ-
ent, and substantially superior, dynamics compared to pure
narrative-driven strategy updates. We organize the discussion
around the following themes: the theoretical implications of
the hybrid architecture (Section VI-A), the role of network
structure (Section VI-B), the contribution hierarchy revealed

frequency. by ablations (Section VI-C), the generality of cooperation
dynamics across seeds, scales, and models (Section VI-D),
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FIGURE 24: Failure-mode analysis (CGS-EC, PD, small-world, n = 40, seed 0). (a) Cooperation trajectories by shock
magnitude and the persistent-shock regime. (b) Final cooperation by shock fraction; bars coloured by whether recovery occurred.
CGS-EC recovers for finock < 0.15 and fails for finock > 0.30.

the contribution of the LLM advisory component relative component (10) allows the population to maintain a diversity
to structural baselines (Section VI-E), computational cost of responses to LLM advice. Agents with low trust are ef-

and latency (Section VI-F), societal implications and risks fectively immune to LLM recommendations, acting as evolu-
(Section VI-G), and limitations of the current study (Sec- tionary anchors that stabilize the population against potential
tion VI-H). LLM errors. This heterogeneity is absent from the narrative-

only baseline, where every agent applies the LLM signal with
A. WHY GROUNDING MATTERS: THE COMPLEMENTARITY equal (and maximal) influence.

OF LLM REASONING AND EVOLUTIONARY DYNAMICS The implication for the broader LLM agent literature is
The central finding of this paper, that EC grounding trans-  significant. The generative agents paradigm [11] and its de-
forms LLM societies from static equilibria to dynamic, re- scendants produce emergent social behavior through narra-
silient cooperation, admits a precise mechanistic interpre- tive reasoning alone, which our results suggest is fundamen-
tation. The narrative-only baseline converges to a bimodal tally limited in strategic settings. When agents face genuine
strategy distribution (o, € {0,1}) because the LLM’s bi- payoff tradeoffs, as in the Prisoner’s Dilemma, narrative rea-
nary action recommendation, applied directly as a strategy soning without formal grounding produces convergence to
update (11), lacks three properties that the EC-theory rule (6) static equilibria rather than the dynamic, adaptive cooperation
provides. that theory-grounded updates enable. This does not diminish

First, social learning via the Fermi imitation compo- the value of LLM reasoning; rather, it argues for comple-

nent (7) introduces frequency-dependent selection: agents do mentarity: the LLM contributes context-sensitive, memory-
not simply follow the LLM’s recommendation but adjust their informed advice that enriches the evolutionary update, while
propensity based on whether cooperators or defectors are the evolutionary dynamics provide the selection pressures and
performing better in their local neighborhood. This creates feedback mechanisms that the LLM alone cannot supply.

a payoff-mediated feedback loop absent from narrative-only

updates, enabling cooperation to spread through the network B. TOPOLOGY AS A MODULATOR OF COOPERATION AND

when it is locally advantageous rather than relying on each EQUITY

agent independently arriving at the same LLM-generated The cross-topology results confirm and extend classical find-
conclusion. ings from evolutionary game theory in the CGS context.
Second, individual reinforcement (9) maps each agent’s The small-world topology produces the highest sustained
experienced payoff to a cooperation target through a cooperation (pfénal = 0.595) and lowest inequality (G =
degree-normalized sigmoid. This provides a grounded self- 0.236), consistent with Ohtsuki et al.’s [4] prediction that high
assessment mechanism: agents who cooperate and receive clustering promotes cooperation through network reciprocity.
high payoffs are reinforced toward cooperation, while those Cooperative clusters in small-world networks are protected
who cooperate but are exploited by defecting neighbors are by their dense internal connections, making them resistant to
pushed toward defection. The degree normalization (7, /d,) is invasion by defectors who emerge after the shock.
critical, preventing high-degree agents from being spuriously The scale-free topology amplifies cooperation at hubs
driven toward cooperation simply because they accumulate while simultaneously creating the highest inequality (G =
more interactions. 0.420), consistent with Santos and Pacheco’s [5] finding that
Third, trust heterogeneity (3,) within the LLM advisory heterogeneous degree distributions can promote cooperation
24 VOLUME 11, 2023
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but at the cost of concentrating payoffs. The 3.89x hub-to-
periphery payoff disparity we observe is a direct consequence
of the accumulated-neighbor-payoff mechanism (2): agents
with d = 17 interact with 4x more neighbors than those
with d = 3, and this structural advantage translates to pro-
portional cumulative payoff advantages regardless of strategy.
This finding has implications for the design of LLM agent
societies: if equitable outcomes are a design objective, scale-
free interaction topologies should be avoided or augmented
with redistributive mechanisms.

The Erdos—Rényi topology provides an informative struc-
tural baseline. Its intermediate performance on most metrics
confirms that the small-world and scale-free results are driven
by their specific structural properties (clustering and degree
heterogeneity respectively) rather than by artifacts of network
size or density. The unique near-convergence observed on the
random graph (r = 20-27, rolling std < 0.02) suggests that
structural homogeneity facilitates equilibration, an observa-
tion that connects to the broader literature on mixing times in
evolutionary dynamics on graphs [3].

An unexpected finding is the dissociation between recov-
ery speed and sustained resilience. Scale-free networks show
the fastest formal recovery (1 step) but the lowest post-
recovery cooperation, while small-world networks recover
more slowly (8 steps) but sustain higher cooperation after-
ward. This suggests that recovery time alone is an inadequate
resilience metric; future work should incorporate sustained
post-recovery performance into resilience evaluation.

C. THE CONTRIBUTION HIERARCHY: EC GROUNDING >
DELIBERATION QUALITY

The ablation study reveals a clear hierarchy of architectural
contributions. Removing EC grounding (narrative-only abla-
tion) reduces peak cooperation by 0.275 (34%), eliminates
shock recovery, and produces strategy polarization. Remov-
ing the critic (no-critic ablation) reduces final cooperation
by 0.027 (4.5%) and increases uncalibrated LLM confidence
(0.778 vs. 0.698) but leaves all other metrics nearly un-
changed. The ratio of these effects, roughly 10:1 in favor of
EC grounding, establishes a clear design priority for hybrid
LLM-evolutionary systems: get the evolutionary dynamics
right first, then refine the deliberation pipeline.

The critic’s primary contribution is confidence calibration
rather than action correction. Without the critic, the solver
tends to produce overconfident recommendations, and the
aggregator’s self-correction mechanism (action flip on strong
disagreement) is unavailable. The resulting higher confidence
inflates the LLM advisory signal’s influence within the EC-
theory update, occasionally producing less stable dynamics.
However, because the LLM component carries only w, =
0.25 weight in the update rule, even uncalibrated confidence
has limited impact on the overall system behavior.

This finding has practical implications for system design-
ers: in resource-constrained settings where API calls must
be minimized, the critic stage can be omitted with modest
performance loss. Each critic call doubles the per-agent API
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cost (from 1 to 2 calls per step), which is significant at
scale. The 4.5% cooperation reduction may be an acceptable
tradeoff for 50% reduction in inference cost, depending on
the application.

D. GENERALITY OF COOPERATION DYNAMICS ACROSS
SEEDS, SCALES, AND MODELS

The multi-seed, scaling, multi-model, and GNN experiments
collectively characterise the domain over which CGS dynam-
ics generalise.

With ten seeds the cooperation-standard-deviation effect
is significant after Bonferroni correction (ppons < 0.001,
Cohen’s d = 4.59), and peak cooperation likewise (ppont =
0.015).

Population scaling reveals that the core dynamics are stable
across n € {40,60,80}: pre-shock cooperation is scale-
invariant within 0.014 of a percentage point, and payoff
Gini remains below 0.255 at all tested sizes. The main
scale-dependent factor is post-shock recovery time, which
grows with the absolute number of shocked agents. This is
a tractable practical consideration: for a target recovery time,
the simulation horizon should scale proportionally with .

The two-cluster outcome of the multi-model sweep shows
that LLM choice has a significant quantitative but not qual-
itative effect on CGS dynamics. All four tested models pro-
duce cooperation above the best structural baseline (0.495),
even the lower-performing DeepSeek-V3 and Qwen3-235B
at 0.338. The cluster boundary appears to correlate with
instruction-following quality in structured game-theoretic
prompts, a dimension not captured by standard reasoning
benchmarks and worth investigating directly in future model
selection studies. The observation that confidence is uncor-
related with, and slightly negatively associated with, coop-
eration quality across models reinforces the interpretation
from the no-critic ablation that the EC-theory grounding, not
the deliberation pipeline’s self-assessed confidence, is the
primary determinant of cooperation outcomes.

E. THE CONTRIBUTION OF LLM ADVISORY BEYOND
STRUCTURAL DYNAMICS

The GNN structural baselines provide a reference frame that
the internal ablations of Section V-D cannot offer: they isolate
the contribution of the LLM advisory component from the
structural components of the update rule (6) without removing
either.

GNN-Mean implements social learning without payoff
sensitivity, achieving pfi"®l = 0.495. GNN-PayW adds
Fermi-weighted payoff sensitivity, but achieves only 0.408,
lower than GNN-Mean, because payoff weighting without
degree normalisation amplifies defector imitation during the
post-shock period. GNN-2L, which augments the direct-
neighbour readout with a two-hop neighbourhood signal, ties
GNN-Mean at 0.495, indicating that richer structural aggre-
gation does not compensate for the absence of the reinforce-
ment and LLM components. The +0.100 gap from GNN-
Mean to CGS-EC thus quantifies the cooperation premium
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attributable to the combined effect of degree-normalised re-
inforcement and LLM context-sensitive advisory, net of any
structural contribution.

This decomposition also informs the design of cost-
efficient approximations. In settings where LLM API calls
are unavailable, GNN-Mean achieves 83% of CGS-EC’s fi-
nal cooperation at zero per-step inference cost. In settings
where API cost is a constraint but not prohibitive, replac-
ing the full Solver—Critic—Aggregator pipeline with solver-
only inference (the no-critic ablation of Section V-D2) incurs
only a 4.5% cooperation reduction while halving the per-
step API cost. These two checkpoints, GNN-Mean and EC-
no-critic, provide a practical cost—performance frontier for
hybrid LLM-evolutionary systems.

The CGS framework has direct relevance to real-world
coordination settings. In industrial autonomous systems, the
EC-grounded update can serve as a principled behavioural
substrate for LLM-assisted decision support agents operat-
ing under resource and communication constraints [23]. In
e-commerce and service environments, where multiple Al
agents must coordinate pricing, recommendations, or logis-
tics under competitive incentives, the topology-modulated
cooperation dynamics reported here offer a simulation testbed
for evaluating governance mechanisms [36]. Beyond these
settings, CGS offers a natural testbed for cybersecurity multi-
agent systems [37], [38], where defender and attacker agents
interact on a network and the tension between cooperation
(information sharing) and defection (hoarding intelligence)
maps directly onto the Prisoner’s Dilemma substrate; and
for economic simulations, where market participants must
balance competitive self-interest against the collective gains
of coordinated pricing or resource allocation [21].

To facilitate experimentation and adoption, we open-source
a browser-based simulator that runs CGS directly and ex-
tends to a broader family of co-evolutionary LLM multi-agent
governance simulations, powered by the Nebius Al Studio
API for open-weight model serving, allowing practitioners to
interactively explore cooperation dynamics, network topolo-
gies, and shock protocols®.

Figure 25 shows the CGS tab of the simulator, displaying
the real-time network state and cooperation trajectory for a
Watts—Strogatz topology with n = 40 agents.

F. COMPUTATIONAL COST AND LATENCY

Table 17 reports wall-clock time and API-call counts for
CGS-EC at n € {20,40,60} and for the no-critic variant at
n = 40. The pipeline issues exactly two API calls per agent
per step (solver + critic) and costs ~ 2.7s of wall time per
agent per step under the Nebius Al Studio API. The no-critic
variant at n = 40 requires 2 000 calls and 2 072 s versus 4 000
calls and 5422 s for the full pipeline: the critic stage exactly
doubles the API cost and roughly doubles wall time, for the
+4.5% cooperation gain quantified in Section V-D2. This
makes the cost—benefit trade-off explicit: practitioners under

3https://github.com/drdezarza/societal_dynamics
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SOCIETAL DYNAMICS Simulator

FIGURE 25: The SOCIETAL DYNAMICS browser simulator
(CGS tab). Left panel: configurable topology and popula-
tion parameters. Centre: live network state with cooperators
(green) and defectors (grey). Right: cooperation rate, ECS
score, and autonomy index over time. Five simulation nar-
ratives are accessible via the top tabs.

TABLE 17: Computational cost (CGS-EC, small-world, seed
0, T = 50). Calls/(agent-step)= 2.0 for the full pipeline.

Config Wall(s) APIcalls s/agent-step pg“al
n = 20, full 2194 2000 2.19 0.585
n = 40, full 5422 4000 2.71 0.597
n = 60, full 8069 6000 2.69 0.592
n = 40, no-critic 2072 2000 1.04 0.573

strict API budgets can drop the critic for a modest, quantified
cooperation loss. Cost grows linearly in n; extrapolating the
per-agent-step figure, n = 1,000, T = 50 would require
~ 10° API calls and ~ 37h of wall time, motivating the
selective-LLM- invocation strategies noted in Section VI-H.

G. SOCIETAL IMPLICATIONS AND RISKS

Theory-grounded LLM societies raise concrete deployment
risks that merit explicit statement. First, manipulation: be-
cause the LLM advisory can shift population cooperation
(the OAT sweep shows mean trust 3 monotonically moves
both cooperation and equity), an adversary controlling the
advisory channel could steer collective behaviour; the EC-
grounding’s wy + w, = 0.75 structural floor bounds but
does not eliminate this exposure. Second, inequality ampli-
fication: on scale-free topologies CGS concentrates payoff at
hubs (Gini = 0.420, a 3.89x hub—periphery disparity), so
deploying such societies on heterogeneous interaction graphs
can entrench structural advantage; equitable deployment re-
quires either homogeneous topologies or explicit redistribu-
tive mechanisms. Third, failure under stress: the resilience
boundary (Section V-M) shows cooperation is not robust
to severe or repeated shocks, so safety-critical coordination
should not rely on emergent cooperation alone without ex-
ternal guarantees. We recommend that deployments expose
the advisory channel for audit, monitor the payoff Gini as a
fairness indicator, and treat the empirical resilience boundary
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FIGURE 26: Computational cost scaling (CGS-EC, small-
world). (a) Wall time vs. n, (b) API calls vs. n (linear, 2nT),
Cost is linear in population size; the critic stage accounts for
exactly half of both wall time and API calls.

as an operating constraint rather than a worst case.

H. LIMITATIONS

Several limitations should be acknowledged. First, our ex-
periments use a population size (n = 40) and simulation
horizon (T = 50). While sufficient to demonstrate the core
phenomena, scalability to hundreds or thousands of agents
remains untested. The O(n-T') LLM API calls required (4,000
for the full pipeline with n = 40, T = 50, doubling with the
critic) may become prohibitive at larger scales, motivating
investigation of selective LLM invocation strategies where
only a subset of agents consults the deliberation pipeline at
each step. The cost analysis of Section VI-F quantifies this:
costis linearinn at ~ 2.7 s and 2 API calls per agent per step,
son > 103 is feasible only with selective LLM invocation.

Second, the multi-model sweep confirms that deliberation
quality varies substantially across LLM families: Llama-70B
and Hermes-4-70B achieve final cooperation above 0.57,
while DeepSeek-V3 and Qwen3-235B reach only 0.338. The
temperature robustness analysis of Section V-I confirms that
CGS dynamics are insensitive to sampling temperature across
T, € {0.0,0.2,0.5,0.8}, closing this gap. The critic’s mod-
est marginal contribution over the no-critic ablation (4.5%)
likely reflects the high baseline strategic reasoning quality of
Llama-3.3-70B; models with weaker instruction-following in
game-theoretic contexts may benefit more substantially from
the critic’s confidence correction mechanism.

Third, the component weights (w, = 0.40, w, = 0.35,
we = 0.25) and hyperparameters (x = 2, o = 0.8, 8 = 2.0)
were set based on preliminary experimentation. The OAT
sensitivity analysis of Section V-1 confirms that x and wy
have negligible influence on outputs (NSI < 0.1), validating
the chosen values post hoc. « is moderately sensitive (NSI
= 0.14) and systematic optimisation of the reinforcement
inflection point 6 remains an avenue for future work. A
closed-form fixed-point characterisation is unavailable for
instruction-tuned LLMs; we instead provide an empirical
attractor map (Section V-L) revealing a critical-mass bifur-
cation near (1, ~ 0.35. A formal proof remains open. Formal
convergence (rolling std < 0.02) is observed on the Erdos—
Rényi topology during t = 20-27 (Section V-A3).
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Fourth, CGS-EC recovers from single shocks affecting
up to ~ 15% of agents but not from shocks > 30% or
rapidly repeated shocks within 7 = 50 (Section V-M); the
architecture is not designed for severe or sustained adversarial
regimes without external guarantees.

Finally, the current architecture treats all agents as invoking
the same underlying LLM. An extension to heterogeneous
LLM populations, where agents differ not only in trust 5,
but in the model they consult, would better reflect realistic
deployment scenarios and could reveal emergent phenomena
arising from model diversity.

VIl. CONCLUSION

We introduced Coevolutionary Generative Societies (CGS),
a hybrid architecture that integrates LLM deliberation with
evolutionary cooperation theory for multi-agent coordination
under social dilemmas. The core contribution is a three-
component strategy update rule that fuses Fermi social learn-
ing, degree-normalized individual reinforcement, and trust-
weighted LLM advisory signals produced by a Solver—Critic—
Aggregator deliberation pipeline. This design allows each
mechanism to contribute what it does best: evolutionary
dynamics provide payoff-grounded selection pressures and
frequency-dependent feedback, while the LLM contributes
context-sensitive, memory-informed reasoning that enriches
fixed update rules with adaptive intelligence.

Experiments across three network topologies (Watts—
Strogatz small-world, Barabdsi—Albert scale-free, Erdos—
Rényi random) with n = 40 agents over T = 50 steps demon-
strate that CGS achieves peak cooperation of 0.80 and re-
covers from adversarial shocks within 8 steps on small-world
networks. The topology sweep reveals that small-world net-
works sustain the highest cooperation (0.595) with the lowest
inequality (Gini = 0.236), while scale-free networks amplify
hub—periphery payoff disparities (3.89x) despite reaching
comparable peak cooperation. The Erdos—Rényi topology
occupies an intermediate position and is the only network
achieving near-convergence before the shock, consistent with
its structural homogeneity.

The ablation studies deliver the paper’s central message:
EC grounding is essential, not optional. Removing the evo-
lutionary update and relying on pure LLM-driven strategy
revision reduces peak cooperation by 34%, eliminates shock
recovery entirely, and produces bimodal strategy polarization,
a qualitatively different and inferior regime. The no-critic
ablation reveals a secondary but non-negligible role for de-
liberation quality, with confidence calibration as the critic’s
primary contribution. The resulting 10:1 contribution hier-
archy (EC grounding vs. deliberation refinement) provides
clear architectural guidance for future hybrid systems.

Ten-seed replication establishes that the qualitative dis-
tinction between CGS-EC and the narrative-only baseline is
statistically significant after Bonferroni correction (Cohen’s
d = 4.59 on cooperation responsiveness, pponf < 0.001):
CGS-EC remains adaptive in nine of ten seeds whereas the
narrative-only baseline converges to a static equilibrium in
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ten of ten. Population scaling demonstrates that coopera-
tion dynamics and payoff equity are consistent across n €
{40, 60,80}, with post-shock recovery time as the primary
scale-dependent factor. The multi-model sweep reveals that
LLM choice has a significant quantitative but not qualita-
tive effect on CGS dynamics: all four tested models sustain
cooperation above the best structural baseline, and the EC-
theory grounding provides insulation against lower-quality
advisory signals through the w;+w, = 0.75 structural weight
floor. Comparison against three GNN structural baselines
quantifies the LLM advisory premium at Apc = +0.100
(4+20.2% relative to GNN-Mean), establishing that the LLM
advisory component contributes a meaningful cooperation
gain beyond what graph message-passing dynamics alone
can achieve, and decomposing the CGS-EC advantage into
structural and advisory sub-contributions that ablation studies
alone cannot resolve. The architecture generalises across PD,
Snowdrift and Stag Hunt without re-tuning, exceeds all non-
LLM imitation and replicator baselines (pure Fermi imita-
tion collapses to 0.11), and exhibits a quantified resilience
boundary (recovery up to 15% shocks) and a critical-mass
cooperation bifurcation near p, ~ 0.35.

Future work will extend CGS along several axes: scal-
ing to larger populations (n = 200-1,000) with selective
LLM invocation, n-player and asymmetric dilemmas (pub-
lic goods, bargaining), introducing coevolutionary topology
adaptation [22], and empirical grounding through human-
agent experiments. Structured narrative interventions and
constitutional governance mechanisms represent further av-
enues for building LLLM agent societies that are not only capa-
ble of emergent coordination but also transparent, equitable,
and governable.
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CODE AND SOFTWARE AVAILABILITY
The complete CGS simulation framework, including all ex-
periment scripts, configuration files, and analysis notebooks,
is publicly available at: https://github.com/drdezarza/cgs

An interactive browser-based simulator for LLM multi-
agent governance is available at: https:/github.com/
drdezarza/societal_dynamics
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The simulator allows real-time exploration of coopera-
tion dynamics under configurable network topologies, shock
protocols, and LLM advisory parameters, and supports the
broader family of multi-agent governance experiments de-
scribed in this work.
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