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ABSTRACT

Game-theoretic settings provide a potent testbed for the strategic reasoning of
Large Language Models (LLMs). However, current evaluations are largely con-
strained to static, single-shot or myopic, per-timestep interactions, leaving the ca-
pacity for holistic, long-term policy formulation unexamined. We introduce a
novel LLM-driven evolutionary game tournament framework to investigate emer-
gent, far-sighted strategy. In our paradigm, the LLM is repositioned as a high-level
strategy generator, producing complete, interpretable Python policies. These poli-
cies undergo iterative refinement against a dynamic Hall of Fame (HoF) as the
LLM analyzes tournament performance to generate superior variants, directing
the ecosystem’s evolution. Extensive experiments across five distinct LLM archi-
tectures and multiple random seeds reveal that this process enables LLMs to con-
sistently discover robust cooperative policies outperforming standard reciprocity-
based algorithms and to autonomously generate complex deceptive strategies, ex-
hibiting distinct phases of strategic disguise, inducement, and payoff harvesting.
These findings confirm that such strategic evolution is a robust, model-agnostic
phenomenon.

1 INTRODUCTION

The rapid advancement of Large Language Models (LLMs) is transforming them from specialized
tools into autonomous agents capable of complex planning. As these agents are deployed in inter-
connected environments, evaluating their capacity for far-sighted strategic reasoning becomes a crit-
ical challenge. However, current evaluative paradigms remain insufficient: most benchmarks rely on
single-action tests or step-by-step reasoning at each timestep. This action-at-a-time approach fails to
capture long-term planning and prevents models from formulating holistic strategies. Furthermore,
existing research often focuses on simulating human-like bounded rationality rather than exploring
the intrinsic capacity of LLMs to architect optimal, far-sighted policies.Due to space constraints, a
detailed discussion of related work is provided in the Appendix.

To bridge this gap, we introduce an LLM-driven evolutionary game tournament framework. We
propose a paradigm shift: the LLM functions not as a direct participant, but as a strategy generator.
In this framework, the LLM analyzes the competitive landscape and generates complete, executable,
and interpretable Python policies. These policies compete against each other and a dynamic Hall of
Fame (HoF) in a tournament, undergoing iteration through a simulated evolutionary process. This
mechanism allows us to transcend the limitations of classical Evolutionary Game Theory (EGT) by
using LLMs to perform deliberate strategic design.

2 METHODOLOGY

2.1 FRAMEWORK ARCHITECTURE

The proposed framework is an iterative, four-stage closed-loop system designed to simulate an evo-
lutionary process. The complete workflow is illustrated in Figure|l| with the following key stages:
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* Generation: At the beginning of the evolutionary process and after each subsequent gen-
eration, the LLM generates new, self-contained strategies based on a structured prompt.

* Competition: A population of strategies competes in a round-robin tournament within
a predefined game environment. To ensure robustness and prevent genetic drift, agents
compete not only against their peers but also against a dynamic HoF containing rigorous
baselines and past elites.

* Analysis: The system calculates a weighted fitness score for each strategy, integrating
performance metrics from both peer-play and HoF-play.

* Iteration: Drawing upon the analysis from the previous stage, the system constructs an
Inheritance Prompt containing comprehensive details from the preceding round, including
the game background, along with each agent’s strategy code, score, and explicit interme-
diate reasoning steps generated via Chain-of-Thought (CoT). This mechanism allows the
LLM to articulate the logic behind its strategic improvements before synthesizing the final
policy code. This prompt is then provided to the LLM to generate a new set of strategies
intended to replace those eliminated. This step closes the evolutionary loop, driving the
population toward more optimal solutions.

1. Generation
LLM creates
initial/refined strategies

2. Competition
Round-robin tournament

4. Iteration
LLM refines based results

[

3. Analysis
Rank & select high-
performing strategies

Figure 1: The workflow of the LLM-driven strategy evolution framework. The diagram illustrates
the complete cycle, from initial strategy generation through competition, analysis, and iterative re-
generation of new strategies.

2.2 LLM AS A STRATEGY GENERATOR

A key innovation of this framework is that it shifts the LLM’s role from a myopic, per-step decision-
maker to a holistic policy generator. Formally, a strategy s is a mapping from the history state space
H to the action space A, where a history state h € H encapsulates all information necessary for the
current decision:

s:H— A (1)

The task of LLM is to generate an executable, interpretable program (e.g., a Python function) that
implements this mapping s. This function receives the relevant game state and history as input and
returns a discrete action.

This policy-centric output guarantees intrinsic interpretability. Unlike high-dimensional latent rep-
resentations, each strategy generated by our framework is human-readable code. This allows for the
direct and precise analysis of the strategy’s internal logic, offering novel insights into the high-level
reasoning and planning capabilities of the LLM.

To rigorously evaluate the intrinsic strategic capacity of LLMs, we employ a tabula rasa initializa-
tion strategy. In the initial generation Py = {s1, s2, ..., sy }, the LLM is provided solely with the
game rules and the standard function signature, devoid of any behavioral guidance or strategic priors
(e.g., ’act cooperatively’ or "be aggressive’). This minimal-interference setup is critical: it isolates
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the evolutionary process as the sole driver of improvement, ensuring that emergent complex behav-
iors are genuine products of the system’s reasoning rather than artifacts of prompt-induced bias. By
eliminating human-defined archetypes, we demonstrate that the LLM can autonomously discover
optimal high-level strategies from a neutral starting state.

2.3 THE EVOLUTIONARY TOURNAMENT MECHANISM

The evolutionary process is driven by a tournament, elimination, and regeneration cycle. We uti-
lize the classic Iterated Prisoner’s Dilemma as the game environment, adopting the payoff values
(R,S,T,P)=(3,0,5,1), representing Reward, Sucker, Temptation, and Punishment.

Mitigating Genetic Drift via Hall of Fame: A critical challenge in LLM-based evolution with
limited population size (N = 12) is genetic drift, where suboptimal strategies might transiently
dominate due to stochastic variance. To counteract this and ensure rigorous evaluation, we in-
troduce a dynamic HoF. The HoF is initialized (H() with diverse baselines to serve as stability
anchors: Tit-for-Tat(Nowak & Sigmund, |1992), Grim Trigger, Pavlov, Always Cooperate, Always
Defect, Random, Alternator, Bayesian, Generous Tit-for-Tat, Gradual, Prober, Suspicious Tit-for-
Tat, and ZD Extortion. In each generation, the top-3 performing agent strategies are permanently
added to the HoF, preventing the ecosystem from cycling through unstable equilibria.

Hybrid Fitness Calculation: Within a single generation g, strategies participate in a hybrid tourna-
ment. Each strategy s; plays against all peers in the current population P, and all strategies in the
HoF. To balance internal adaptation with external robustness, the total fitness F; is calculated as a
weighted average: ~ ~

Fi :a'Upop(si)+(1_a) 'UHOF(Si) (2)
where Upop and Uy, represent the average payoffs against the current population and the HoF,
respectively, with a weighting factor & = 0.6. This metric ensures that survivors must be both
dominant among peers and robust against historical elites.

Evolutionary Cycle: The mechanism simulates “survival of the fittest” through the following steps:

* Selection: Strategies are ranked by F;;. The top N — M (M = 6) strategies are selected as
survivors (Pf ).

* Elimination: The bottom M strategies are deemed unfit and removed.

* Regeneration: The system constructs an Inheritance Prompt containing the code and per-
formance reports of both survivors and eliminated agents. The LLM generates M new
strategies (Py°") to replace the eliminated ones.

* Population Renewal: The next generation is formed by the union of survivors and new
strategies:
Pyy1 =P U P 3)

Through this feedback loop, the ecosystem is driven to progressively evolve towards complex, robust
solutions rather than succumbing to cyclic drift.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Experiments were conducted across five distinct LLM architectures: Gemini-2.5-Pro, GPT-4o,
DeepSeek-V3.2, Qwen3-Coder-480B, and Qwen3-8B. To ensure statistical robustness, each model
configuration was executed with 5 independent random seeds. The population size was set to
N = 12, with the bottom M = 6 agents eliminated over 10 generations (7' = 1.0).

We evaluate performance across three information scenarios:

* Scenario A (High-Fidelity): Complete round-by-round history.
* Scenario B (Partial-Fidelity): History restricted to the last 3 rounds (k = 3).

* Scenario C (Abstracted-Fidelity): Only cumulative reputation scores (Reir, Ropp) are
provided.
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Figure 2: Evolutionary fitness dynamics across 10 generations in three information scenarios. The
curves represent the average performance of five distinct LLM architectures over five independent
random seeds, with shaded regions indicating the standard deviation. Top Row (Population Fit-
ness): Average payoffs of agents competing against their peers within the evolving population.
Bottom Row (HoF Fitness): Average payoffs of agents competing against the static HoF baselines.

The evolutionary trajectories in Fig. [2| reveal distinct optimization dynamics. Population Fitness
(peer-play) rapidly saturates near the cooperative optimum (= 300) within the first 2-3 generations.
This rapid convergence indicates that, in the absence of aggressive behavioral priors, LLMs exhibit
a strong intrinsic bias toward cooperation, allowing the population to quickly reach a high-trust
equilibrium. Conversely, HoF Fitness demonstrates a sustained ascent. This confirms that while the
basic cooperative stance is established early, the evolutionary process drives a continuous refinement
of logic, enabling agents to extract maximum utility from the heterogeneous baselines in the Hall
of Fame.Due to space constraints, the quantitative comparison with classical human strategies orig-
inally intended for tabular presentation is visualized in the HoF Fitness trajectories (Fig. [2] Bottom
Row), which allows for a clear visualization of the score dynamics of LLM-generated strategies
when competing against these fixed strategies.

4 CONCLUSION

This work establishes a rigorous evolutionary framework that reframes LLMs from myopic, per-
timestep decision-makers to holistic strategy generators. Validated across five distinct LLMs, our
results confirm that LLM’s ability to generate complex, adaptive strategies is a robust and model-
agnostic phenomenon.Comprehensive details regarding related works, experimental results, and in-
depth analyses are provided in the Appendix.

5 FUTURE WORK

To further scrutinize the cognitive depth of LLMs in strategic synthesis, we conducted an abla-
tive study on the information granularity provided during the evolutionary feedback loop. Specif-
ically, we controlled the LLM’s visibility into the preceding generation’s environment across two
dimensions: (1) a full-information setting, where the model receives all peer policies alongside
their respective payoff matrices; and (2) a restricted-information setting, where the model is only
provided with the failed strategies and their associated scores. This variable control allows us to
isolate the LLM’s capacity for environmental perception, particularly its ability to perform inverse
strategic inference—deducing the latent logic of opponents solely from observed performance met-
rics.Beyond the Iterated Prisoner’s Dilemma, our experimental framework was extended to other
canonical game-theoretic models, including the Stag Hunt and Hawk-Dove games. Due to space
constraints, the detailed methodologies and findings for these scenarios are deferred to future pub-
lications. Moving forward, we intend to utilize these diverse benchmarks to pinpoint the systemic
vulnerabilities of LLMs in strategy generation. Our subsequent research will focus on developing
targeted refinement mechanisms to fortify these weaknesses, thereby enhancing the overall strategic
robustness and reasoning consistency of LLM-based autonomous agents.
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A APPENDIX

A.1 RELATED WORKS

The rapid advancement of Large Language Models (LLMs) is catalyzing a paradigm shift in artificial
intelligence, transforming them from specialized tools into autonomous agents capable of complex
planning and action. As these agents are increasingly deployed in complex, interconnected digital
and physical environments, a critical scientific challenge emerges: evaluating the capacity of LLM
agents for complex reasoning in dynamic interactions and understanding their emergent, long-term
collective behaviors (Mei et al.l [2024). This context presents novel opportunities to investigate
advanced cognitive faculties, such as strategic thinking (Jia et al.| [2025)), (Lore & Heydaril [2024),
(Herr et al., [2024).

Prevailing approaches to this challenge, however, remain insufficient, falling into three main cate-
gories. First, static benchmarks have been proposed to test LLM reasoning in pure game theoretic
scenarios (Duan et al.; 2024), (Wang et al.,|2024), (Xu et al.,[2024)), (Li et al., 2025). While valuable,
these static, single-action evaluations fail to adequately measure long-term planning and strategic
adaptation in dynamic, multi-agent environments. Second, frameworks utilizing LLM agents for
dynamic simulation, such as modeling decision-making in economic contexts (Chen et al., |2023),
(Horton, 2023), (Kitadai et al., [2023), (Phelps & Russell, 2025), have predominantly focused on
single-step decision-making (Mao et al.| 2025)), (Fan et al., 2024). These frameworks typically cast
the LLM as a myopic reasoner that is invoked at each timestep merely to select a single action, rather
than tasking it with formulating a complete, holistic strategy. Finally, a third line of research tests the
capacity of LLMs to simulate human-like preferences and bounded rationality (Aher et al |[2023),
(Xie et al., [2024)), (Argyle et al., [2023)). While insightful for social science, this focus on behavioral
simulation is distinct from, and often sidesteps, the evaluation of the intrinsic capacity of LLMs
for optimal, far-sighted strategic reasoning. Consequently, a critical gap persists: the evaluation of
LLMs as holistic strategy generators within a dynamic, multi-agent environment.

To bridge this gap, we introduce a LLM-driven evolutionary game tournament framework. Our
work introduces a paradigm shift: the LLM functions not as a direct participant in the game, but
is repositioned as a strategy generator. Within this framework, the task of the LLM is to analyze
the competitive landscape, comprehend the rules, and generate a complete, executable, and inter-
pretable Python policy. This policy code then competes against others and a dynamic Hall of Fame
(HoF) in a tournament, undergoing iteration through a simulated evolutionary process. The HoF
mechanism ensures that strategies are evaluated against a robust historical benchmark, preventing
cyclic drift. This mechanism allows us to transcend the limitations of classical Evolutionary Game
Theory (EGT) and genetic programming approaches like Tangled Program Graphs, which rely on
blind stochastic mutations. In contrast, our framework leverages the semantic reasoning capabil-
ities of LLMs to perform directed, logic-aware strategy synthesis [Sun et al.| (2025), avoiding the
computational inefficiency of random search inherent in genetic programming.
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Our primary contributions are as follows:

1. A Novel Evaluative Framework: We propose a rigorous experimental environment to
assess long-term planning and strategic evolution across diverse, model-agnostic LLM ar-
chitectures.

2. Discovery of Robust Cooperation: We demonstrate that LLMs independently discover
cooperative strategies that outperform classical baselines, exhibiting advanced behaviors
such as forgiveness and systematic redemption.

3. Emergence of Strategic Deception: We reveal that under complex constraints, LLMs
autonomously architect sophisticated deceptive motifs—including disguise, inducement,
and harvesting—confirming these as intrinsic emergent capabilities of large-scale models.

A.2 FINDING 1: ROBUST COOPERATION VIA ERROR CORRECTION (SCENARIO A)

In Scenario A, all five LLMs converged to a cooperative equilibrium that outperformed standard
TFT.

Strategy Analysis: The evolved Python policies demonstrate precise state perception and sequence
planning. While TFT strictly mirrors the previous move, the LLM-generated code implements a
more advanced redemption logic.

Specifically, the code logic checks two historical conditions: (1) Did the opponent defect previously?
(2) Has the opponent switched back to cooperation in previous rounds? If both are true, the policy
overrides the standard retaliation rule and immediately returns to cooperation.

This underscores the profound capacity of LLMs to transcend rudimentary pattern matching and
instead perform high-level logical abstraction by encoding fine-grained state perception directly
into the strategic framework. Unlike classical heuristics that rely on reactive, one-to-one mapping
of moves, the LLM manifests an advanced form of “strategic intentionality,” utilizing nested con-
ditional logic to interpret the nuances of historical trajectories. By autonomously architecting a
mechanism to recognize a ”corrected” opponent, the model demonstrates that it can reason across
temporal dimensions, effectively distinguishing between persistent defection and transient noise.
This sophisticated reasoning allows the LLM to prioritize the restoration of mutual cooperation,
consciously avoiding the catastrophic utility loss inherent in recursive punishment cycles. Ulti-
mately, this ability to synthesize complex behavioral data into a robust, executable policy highlights
the LLM’s evolution from a simple text generator to a sophisticated agent capable of optimizing for
long-term global payoffs within dynamic social dilemmas.

A.3 FINDING 2: STRATEGIC PROBING AND OPPONENT CLASSIFICATION (SCENARIO B)

In the memory-constrained Scenario B (k = 3), strategies shifted from pure cooperation to active
exploration.

Strategy Analysis: The generated code reveals a clear capacity for Anticipation and Conditional
Planning. The dominant strategies explicitly encode a two-step plan: 1. Probing: The agent delib-
erately plays D’ in an early round, not to maximize immediate reward, but to trigger a reaction.
2. Classification: The code then uses 1 f—else branches to analyze the opponent’s response in the
next round. If the opponent cooperates (revealing a passive strategy), the agent enters an exploitation
loop. If the opponent defects (revealing a retaliatory strategy), the agent reverts to cooperation.

This indicates that the LLM possesses the sophisticated ability to formulate a diagnostic plan within
the code, effectively transforming raw actions into deliberate information-gathering tools. By au-
tonomously architecting this “’test-and-respond” framework, the model demonstrates that it does not
merely react to environmental stimuli but actively seeks to reduce epistemic uncertainty regarding
the opponent’s hidden decision-making logic. The LLM successfully anticipates the existence of
diverse latent states in other agents and constructs precise logical filters to classify these opponents
dynamically. This shift from simple execution to strategic inquiry suggests that the LLM can con-
ceptualize the game not just as a series of payoffs, but as a complex information landscape where
short-term tactical sacrifices are leveraged to achieve long-term informational dominance and ex-
ploitation efficiency.
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A.4 FINDING 3: BREAKING SUBOPTIMAL CYCLES (SCENARIO C)

In Scenario C, dealing with abstract reputation scores, agents initially fell into low-payoff loops
(e.g., C-C-C-D cycles, three rounds of cooperation followed by a defect to exploit).

Strategy Analysis: The evolved strategies demonstrate the ability to recognize patterns and avoid
local optima. The LLM-generated code identifies that symmetric strategies often lead to a specific
reputation deadlock where both agents defect simultaneously.

To solve this, the code implements a specific rule: ”If my reputation is high but the payoff is drop-
ping, play C’ unilaterally.” This logic effectively breaks the symmetric cycle. It proves that the
LLM can analyze the potential dynamics of identical strategies meeting and encode a deviation rule
to reset the game state, prioritizing systemic stability over short-term gain.

A.5 PROMPTS

system_prompt £'777"7’

You are a strategic expert specializing in the generation of iterative
< game strategies.

Your core task is to design a competitive and implementable strategy for
~— the {self.game_description}, with the following specific
— requirements:

{strategic_context}

Clear payoff rules:
{payoff _desc}

Mandatory output format:
The output must be in YAML format and contain exactly two top-level keys:
description: Must include three parts: 1. Core logic; 2. Personality
< traits; 3. Pros/Cons.
code: Runable Python code that contains only the core function def
— strategy (history):

{info_constraint}

Return value: Only 'C’ or ’'D’;

If any import is needed, it must be placed inside the strategy function.

Format taboo: No Markdown code blocks or formatting symbols (e.g., ‘'Y,
— *, #) are allowed in YAML values; code must be plain text.

mnn

Listing 1: System Prompt Template

mmw
Generate a unique and competitive {self.game_description} strategy.

It is Agent_{agent_id} of Generation 1.
Your goal is to maximize the score in a tournament.

{game _specific_guidance}
mmw

Listing 2: Initial Generation (Round 1) Prompt

prompt éllllll
You are the Chief Strategic Architect for an Evolutionary Tournament.
It is now Generation {next_round_num}.

=== PART 1: THE HALL OF VICTORY (SURVIVORS) ===
Analyze the strategies of the top performers. Learn from their "
— Philosophy".
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(Scores: 60% Internal, 40% Hall of Fame)
{all_survivor_context}

=== PART 2: AUTOPSY OF A FAILED AGENT ===
Analyze why the ELIMINATED agent failed and fix its flaws.

[The Loser’s Original Strategy Philosophy]
{loser _desc}

[The Loser’s Battle Record]
(Hints: 7300=Cooperation; ~100=Deadlock; <100=Exploited; >350=Exploiter)
{battle_record_str}

=== PART 3: YOUR MISSION ===
Design a NEW, SUPERIOR strategy to replace the loser.

{info_constraint}

1. Reflect: Why did the loser fail against specific opponents?
2. Innovate: Combine Survivor strengths with a fix for weaknesses.
3. Coding: Write the ‘strategy(history) ‘' function.

Output format (YAML):
description: |
Your detailed analysis...
code: |
def strategy(history):
# your code...
nmuon

Listing 3: Evolutionary (Inheritance) Prompt
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