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ABSTRACT
We present a modular and interactive platform for analysing strate-
gic reasoning of LLM agents in repeated game environments. The
system allows users to observe and compare LLM agents during
live multi-agent interactions, with real-time visualisation of actions,
payoffs, and decision traces. The paper highlights how different
LLMs exhibit distinct strategic behaviours in iterative social dilem-
mas.
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1 INTRODUCTION
As Large Language Models (LLMs) are increasingly deployed as
autonomous agents, their behaviour in strategic, multi-agent en-
vironments has attracted growing attention [1, 7]. Recent studies
have examined whether LLMs can act as rational players in classi-
cal game-theoretic settings. Systematic analyses, such as the work
by Fan et al. [3], reveal inconsistencies between LLMs’ expressed
reasoning and executed actions, particularly in repeated games that
require belief refinement and long-term planning. Related work
further suggests that natural-language explanations provided by
LLMs may not always faithfully reflect the underlying decision
process [10]. These observations motivate the need for tools that
enable closer inspection of the temporal relationship between agent
reasoning and realised actions.
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To support such inspection, we present an Reason2Act, an inter-
active system for inspecting strategic reasoning in LLM agents. The
platform makes strategic behaviour observable and comparable in
real time by visualizing reasoning–action mismatches and the dy-
namic evolution of strategies across interaction rounds, grounded
in chain-of-thought style reasoning [11].

We adopt the Iterated Prisoner’s Dilemma (IPD) as a primary
testbed for studying cooperation [2], due to its central role in both
game theory and multi-agent learning, while the platform’s mod-
ular design readily extends to a broader class of social dilemmas.
Although recent works demonstrate that LLMs can exhibit coop-
erative behaviours in repeated games [1, 8], their strategies vary
substantially across game structures and information settings [5, 6].
Our platform enables users to visually dissect and compare these
behavioural variations under controlled conditions.

The demonstration emphasizes interactive comparison under
identical strategic environments. Users can adjust game parameters,
such as payoff structures and noise levels [12], and assign different
LLM backends to each agent. Actions, payoffs, and decision traces
are displayed side by side, facilitating qualitative comparison be-
tween base and fine-tuned models. Rather than claiming definitive
performance improvements, the platform highlights observable
behavioural patterns relevant to diagnosing strategic reasoning in
LLM-based agents.

2 SYSTEM OVERVIEW
The work features a modular architecture designed to inspect strate-
gic behaviour across various repeated games. As shown in Fig. 1,
the system comprises three decoupled components:

Configuration Panel. Users configure game variants such as Base-
line, Hidden-Type, Noisy, and Random-Horizon IPD, and assign
LLM backends or canonical strategies. The module allows specifica-
tion of custom payoffmatrices, episode counts, and the continuation
probability 𝛿 . Its design enables extension to other games (e.g., Stag
Hunt [9] or Ultimatum Game [4]) without modifying the core logic.

Iterated Game Environment. This component serves as an exe-
cution engine that separates game logic from agent reasoning. It
manages the round-based interaction and state tracking for any
general-sum game defined in the configuration. By standardizing
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Figure 1: System overview

the interaction history, it enables consistent cross-configuration
comparison when a single parameter is varied.

Visualization Dashboard. The dashboard renders real-time views
of payoff evolution, round-level interaction tables, and decision
traces. These visualizations support qualitative comparison of how
different LLMs align their reasoning with their actions under iden-
tical interaction histories.

3 DEMONSTRATION SCENARIOS
This section describes the scenarios presented during the live sys-
tem showcase. Each scenario is designed to highlight a distinct
qualitative aspect of strategic behaviour exhibited by LLM-based
agents, with a particular emphasis on interpretability and interac-
tive inspection rather than quantitative performance evaluation.

3.1 Strategic Belief Inference
This scenario demonstrates how an LLM-based agent infers an
opponent’s implicit strategy from interaction history. The oppo-
nent follows a Tit-for-Tat (TFT) policy, while only past actions and
payoffs are observable.

We compare LLaMA 3.1 8B before and after fine-tuning under
identical game settings. At selected rounds, the system visualizes
the agent’s actions together with concise decision-trace excerpts.

As illustrated in Fig. 2, the base model consistently defects, jus-
tifying defection as locally optimal and converging to it as the
only perceived stable outcome. In contrast, the fine-tuned model
exhibits conditional reasoning: it initially defects under uncertainty,
but later adopts cooperation as a long-term strategy after inferring
reciprocal opponent behaviour.

This scenario highlights how the platform enables direct in-
spection of strategic belief formation and adaptation in repeated
interactions.

Round 1: Defection chosen to
maximize short-term payoff under
uncertainty about the
opponent→defect
Round 3: Defection reinforced by early
payoff advantage and lack of clear
evidence for sustained
cooperation→defect
Round 10:Defection perceived as the
only stable outcome given the
accumulated interaction
history→defect

Round 1:Defection used as a strategic
signal under uncertainty about future
interaction→defect
Round 3: Cooperation adopted as a
long-term strategy to repair interaction
history and enable sustained mutual
gains→cooperate
Round10:The highest payoff for me is
5, which occurs when I play D and
opponent play C.To maximize payoff, I
should defect→defect

Before fine tune After fine tune

Figure 2: Strategic Behaviour Before and After Fine-Tuning

3.2 Cross-Model Behavioural Contrast
This scenario compares Gemini 2.5 Flash and GPT-4o mini in a
ten-round Iterated Prisoner’s Dilemma under identical payoff set-
tings. By visualizing actions together with concise decision traces,
the scenario highlights how different models interpret the same
interaction history.

As shown in Fig. 3, Gemini 2.5 Flash predominantly relies on
global game-theoretic reasoning, strongly influenced by backward
induction in a finite-horizon setting. This leads to defection being
framed as the rational baseline, although brief cooperation may
still occur when short-term incentives appear favorable. In contrast,
GPT-4o mini exhibits more history-dependent reasoning, attempt-
ing early cooperation and adjusting its actions based on recent
outcomes.

Although both agents eventually defect in later rounds, their de-
cision traces reveal distinct reasoning styles rather than differences
in final payoffs.
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choosing cooperation(C)
in the first round can
establish a foundation 
for mutual cooperation  

By backward induction, in a finite
repeated Prisoner's Dilemma, both
players will defect in the last round.
Knowing this, they will also defect
in every earlier round. Therefore,
the rational strategy is to defect
from the first round.

D D D

8 9 10

D D D

Opponent may be TFT or GT.
If I play C in R3: payoff = 31 (TFT) or 12
(GT).
If I play D in R3: payoff = 17 (TFT) or 13
(GT).
Cooperation has much higher upside and
similar downside → choose C.

Final round, no future effect.
In one-shot PD, D strictly dominates C:
If opponent C: 5 > 3; 
If opponent D: 1 > 0

Opponent has been defecting 
→ choose D.

The opponent has previously chosen
cooperation (C) while I chose defection (D) in
round 2, which earned me a high payoff of 5. I
believe they may continue to cooperate, so I will
defect again to maximize my potential payoff.

Given the opponent's consistent choice
of D in the last rounds, defecting will
likely yield a higher payoff than
cooperating.

Figure 3: Divergent Reasoning Patterns across LLM Agents

3.3 Horizon Sensitivity
This scenario explores how assumptions about the interaction hori-
zon shape agent behaviour by varying the continuation probability.
When the continuation probability is high, the agent shows a greater
willingness to cooperate, reflecting expectations of sustained future
interaction. In contrast, lower continuation probabilities reduce
incentives for long-term coordination, leading to more frequent
defection.

During the live demonstration, users can interactively adjust
the continuation probability and observe how both action choices
and decision traces adapt in response. This scenario highlights the
platform’s ability to expose the sensitivity of strategic behaviour to
environmental assumptions rather than fixed game outcomes.

4 CONCLUSION
This work supports interactive, round-level inspection of strategic
behaviour in LLM-driven agents. By visualizing actions, payoffs,
and decision traces in real time, it enables attendees to directly
explore reasoning–action alignment under controlled variations.
Furthermore, our modular approach ensures that the platform can
be readily adapted to richer multi-agent settings, offering a ver-
satile tool for the community. Future work will focus on integrat-
ing human-in-the-loop interactions to enable direct human-agent
strategic comparison.
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