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ABSTRACT
Sequential reasoning is a fundamental yet challenging capability for
intelligent agents, requiring Large Language Model (LLM) agents
to anticipate others’ beliefs and dynamically adapt their strategies
in repeated multi-agent interactions. However, existing LLM ap-
proaches often lack a reasoning framework that jointly supports op-
ponent modeling and effective adaptation, limiting their robustness
in dynamic and complex games. To address this gap, we introduce
the Reflective Hypothetical Mind (RHM) framework, inspired by
the Hypothetical Mind architecture [6]. RHM maintains multiple
hypothetical minds to represent evolving opponent strategies and,
crucially, integrates an explicit adaptation module that translates
these belief updates into adaptive decision-making. This design en-
ables LLM agents not only to model changing behaviors but also to
respond with strategically effective adaptations. Empirical results
across diverse repeated games demonstrate that RHM outperforms
baseline LLMs by achieving stronger coordination and adaptability
across diverse repeated games, highlighting the effectiveness of
unifying opponent modeling with explicit policy adaptation.

KEYWORDS
Large Language Model, Repeated Games

ACM Reference Format:
Naming Liu, Youzhi Zhang, and Ying Wen. 2026. Solving Repeated Games
with Large Language Model. In Proc. of the 25th International Conference on
Autonomous Agents and Multiagent Systems (AAMAS 2026), Paphos, Cyprus,
May 25 – 29, 2026, IFAAMAS, 9 pages. https://doi.org/10.65109/IRTM9736

1 INTRODUCTION
In recent years, the rapid advancement of Large Language Models
(LLMs) has marked a significant milestone in the development of
artificial intelligence. State-of-the-art models such as GPT-4 have
demonstrated remarkable capabilities across a wide range of tasks,
including machine translation [14], text generation [16], informa-
tion retrieval [38], and code repair [29]. These technologies have
not only attracted widespread academic attention but have also
found impactful applications in domains such as education [3], law
[9], product design [19], and healthcare [15], profoundly reshaping
how people live and work [7]. Yet as LLM capabilities continue to
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grow, a critical open question arises: how can we rigorously eval-
uate their capacity for sequential reasoning in non-stationary
multi-agent environments?

Sequential reasoning refers to decision-making in long-horizon,
multi-agent environments, where agents must adapt to the actions
of non-stationary players, update beliefs about others’ evolving
strategies, and ensure consistency with their own long-term ob-
jectives [35]. Such reasoning poses unique challenges for LLMs
and LLM-based agents, which must operate under uncertainty and
dynamic strategic interactions rather than static one-shot tasks.
Sequential reasoning is therefore essential for building intelligent
agents and underpins diverse real-world applications, including
dynamic investment, adaptive business strategy [37], multi-round
negotiation [13], and long-term policy-making [20].

Effective sequential reasoning relies on understanding others’
perspectives and anticipating their strategies. Despite its impor-
tance, current progress on equipping LLMs with sequential rea-
soning remains limited. Existing approaches largely rely on static
prompting [1, 36? ], where models are instructed within the prompt
to account for others’ beliefs and decisions during their own reason-
ing. While such methods can elicit short-term perspective-taking
and approximate higher-order beliefs, they fall short of enabling
LLMs to maintain persistent belief states, adapt to non-stationary
opponents, and engage in genuine strategy shifts. Consequently,
they lack the flexibility required for dynamic sequential reasoning.

The Hypothetical Mind (HM) framework [6] takes a step forward
by generating and testing hypotheses about opponents’ changing
strategies, enabling dynamic belief-based prediction. This allows
agents to anticipate short-term opponent behaviors more effec-
tively than static prompting methods. However, in complex games,
opponent modeling alone does not equate to policy adaptation.
While HM can forecast what an opponent might do next, it lacks
mechanisms for systematically revising its own strategies in re-
sponse, or for actively disrupting detrimental strategic cycles. A
typical failure case occurs in the Iterated Prisoner’s Dilemma when
the opponent adopts a Tit-for-Tat strategy. As illustrated in Fig-
ure 1, the opponent initially chooses Cooperate, while the Hypothet-
ical Mind (HM) agent, driven by short-term self-interest, responds
with the dominated action Defect to pursue the immediate payoff
(10, 0). Subsequently, the opponent switches to Defect—mirroring
the previous round—while HM continues to defect, resulting in the
lower payoff (2, 2). This cycle arises because, from a one-shot self-
interested perspective, defection strictly dominates cooperation:
regardless of the opponent’s move, it maximizes the immediate
reward. Once triggered, both agents become locked in perpetual
mutual defection, severely undermining their long-term payoffs. In
contrast, sustained mutual cooperation would yield higher long-
term rewards, but achieving it requires agents to reason sequentially
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Figure 1: The Hypothetical Mind (HM) agent exhibits detri-
mental strategic cycles in the Iterated Prisoner’s Dilemma
due to its short-term self-interest. Assume the opponent
adopts a Tit-for-Tat strategy and initially chooses Cooperate;
HM responds with the dominated action Defect to pursue
the immediate payoff (10, 0). Subsequently, the opponent
switches to Defect—mirroring the previous action—while HM
continues to select the same dominated action, leading to a
lower outcome (2, 2). Without actively choosing Cooperate,
both players eventually fall into a mutual-defection cycle,
which severely undermines their long-term payoffs.

beyond myopic incentives and adapt their strategies to preserve
cooperation.

To address these challenges, we propose the Reflective Hypothet-
ical Mind (RHM) framework, which equips LLM agents with struc-
tured sequential reasoning by combining opponent modeling with
adaptive decision-making. RHM consists of three key components:
(1) a hypothetical mind module that generates and maintains
beliefs about dynamic opponent strategies, (2) a self-refinement
module that revises decision-making rules based on past outcomes
to prevent compounding early errors, and (3) a policy adaptation
module that translates reflective insights into concrete behavioral
adjustments. Through this integration, RHM enables agents not
only to anticipate opponent strategies but also to adapt their own
policies accordingly, allowing them to escape harmful cycles, sta-
bilize cooperative behavior, and sustain long-term advantages in
dynamic multi-agent environments.

We evaluate RHM across canonical repeated games with increas-
ing complexity. In simple 2 × 2 self-interested games, LLMs alone
already approximate cooperative play and achieve strong payoffs.
In contrast, cooperative settings such as the repeated Battle of
Sexes require explicit opponent modeling through theory of mind
to sustain coordination. Finally, in more complex environments like
iterated Rock-Paper-Scissors and iterated Colonel Blotto, opponent
modeling alone is insufficient, and explicit policy adaptation be-
comes essential for robust performance. These results highlight that
RHM’s integration of hypothetical mind and adaptation enables
LLMs to succeed across diverse strategic scenarios where baselines
struggle.
2 RELATEDWORK

LLM Reasoning Paradigms. Large Language Models (LLMs) ex-
hibit impressive emergent reasoning abilities, yet much of this
capability is highly dependent on prompting techniques that scaf-
fold the model’s thought process. Chain-of-Thought (CoT) [31] in-
troduced stepwise reasoning to improve problem solving, while
Tree-of-Thought (ToT) [32] extends this idea by branching and eval-
uating multiple reasoning paths in parallel, closely related to our
use of parallel hypothetical beliefs for opponent modeling. K-Level
Reasoning [36] explicitly implements recursive higher-order belief
reasoning and shows that GPT-4 can handle two- to three-level

strategic reasoning in negotiation and competitive settings. More re-
cent work introduces self-reflection and critique mechanisms, such
as Reflexion [27], which allow models to revise past outputs using
feedback signals from the environment or an external verifier. Other
studies, including STaR [33] and symbolic interpreter-guided refine-
ment [25], explore iterative hypothesis generation and correction,
enabling LLMs to refine reasoning based on task-specific feedback.
Despite these advances, current methods remain largely prompt-
dependent and episodic: they lack persistent internal memory,
explicit long-term belief tracking, and structured mechanisms for
systematically updating strategies as environments evolve. Our
approach differs by embedding reflective reasoning into a policy
adaptation loop, bridging the gap between single-turn reasoning
and long-term adaptive decision-making.

LLM-Based Agents and Planning. Another growing research di-
rection investigates how to transform LLMs into autonomous agents
that operate across complex domains. LLM-based agents have been
used as high-level planners in virtual or embodied environments
by leveraging their extensive background knowledge. For instance,
Voyager [30] autonomously acquires and composes skills inMinecraft
via a dynamically built skill library, enabling it to solve progressively
harder tasks. SAMA [21] and similar frameworks integrate LLM
planning with goal-conditioned reinforcement learning, decompos-
ing complex tasks into subgoals to guide low-level policies. Interac-
tive social simulators such as Generative Agents [24] demonstrate
LLMs’ capacity to maintain long-term memories, set goals, and en-
gage in open-ended social interactions. In cooperative multi-agent
domains, ProAgent [34] improves zero-shot coordination in Over-
cooked by inferring teammates’ intentions from state observations;
other works [6] design cognitive modules to enhance collaboration
by modeling other agents’ goals and preferences. These systems
showcase the potential of LLMs as central cognitive controllers, but
they largely focus on collaboration or static planning, leaving
open the challenge of robust strategic adaptation in dynamic and
adversarial multi-agent games, where environments and opponents
evolve over time.

Decision Making in Normal-Form Games. A complementary line
of work explores how LLMs behave in formal game-theoretic scenar-
ios. Early experiments revealed that simple prompting can induce
cooperative or human-like play in the Prisoner’s Dilemma and Ul-
timatum Game [10], yet outcomes vary dramatically with subtle
framing changes [23], highlighting sensitivity to surface-level tex-
tual cues. Larger-scale evaluations across two-player normal-form
games [12] report frequent failure to converge to Nash equilibria
and systematic biases in mixed-strategy reasoning. Such findings
suggest that while LLMs can imitate strategic responses, their rea-
soning is often fragile and shaped more by prompt wording than
by underlying incentive structures. Moving beyond static one-shot
games thus requires mechanisms for temporal consistency and
adaptive response—capabilities that cannot be achieved through
naive prompting alone.

Decision Making in Repeated Games. Repeated games serve as a
natural testbed for sequential reasoning, belief updating, and long-
term strategy formation. Recent studies show that while LLMs
perform competitively when incentives are simple and aligned,
they struggle in coordination and adversarial settings: once coop-
eration breaks (e.g., in Iterated Prisoner’s Dilemma), models rarely
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re-establish trust [1]. Even with advanced prompting, LLMs often
oscillate between over-punishment and short-term payoff maxi-
mization [8, 22], leading to brittle dynamics. Approaches like CoT,
ToT, and Reflexion improve local reasoning but fail to maintain
persistent opponent models or evolving policies over long
horizons.

These limitations motivate our Reflective Hypothetical Mind
(RHM) framework, which unifies structured opponent modeling,
hypothesis evaluation, and a policy adaptation loop to achieve both
robust reasoning and long-term strategic adjustment. Unlike prior
prompt-only or single-turn reasoning systems, RHM maintains
evolving beliefs, reflects on past interactions, and updates its action
policy accordingly, enabling scalable and stable performance in
coordination games, cyclic environments, and combinatorially large
action spaces.

3 METHOD
This section presents our methodology for enabling large language
model (LLM) agents to perform robust sequential reasoning in re-
peated multi-agent games. We first formalize repeated games and
define the interaction setting. Then, we introduce the Reflective
Hypothetical Mind (RHM) framework, which integrates three key
components—hypothetical opponent modeling, self-reflection, and
policy adaptation—allowing agents to iteratively refine strategies,
predict opponent behavior, and minimize regret over repeated in-
teractions.

3.1 Repeated Games
A finite normal-form game is defined by the tuple G = ⟨𝑁, {A𝑖 }𝑁𝑖=1,
{𝑟𝑖 }𝑁𝑖=1⟩, where 𝑁 is the set of players, A𝑖 denotes the finite ac-
tion set for player 𝑖 , and 𝑟𝑖 : A1 × · · · × A𝑁 → R specifies the
payoff function of player 𝑖 . Each player 𝑖 chooses a (possibly sto-
chastic) policy 𝜋𝑖 ∈ Δ(A𝑖 ), where Δ(A𝑖 ) is the probability sim-
plex over A𝑖 . A joint action is denoted 𝒂 = (𝑎1, . . . , 𝑎𝑁 ). Let −𝑖
denote the set of all players other than player 𝑖 . A policy pro-
file (𝜋∗1 , . . . , 𝜋∗𝑁 ) constitutes a Nash equilibrium if no player can
unilaterally improve their expected payoff, that is, for all 𝑖 ∈ 𝑁 ,
E𝒂∼𝜋∗

𝑖
×𝜋∗−𝑖 [𝑟𝑖 (𝒂)] ≥ E𝒂∼𝜋 ′

𝑖
×𝜋∗−𝑖 [𝑟𝑖 (𝒂)], ∀𝜋

′
𝑖 ∈ Δ(A𝑖 ).

In a repeated game, the same stage game G is played over rounds
𝑡 = 1, 2, . . . (possibly infinitely). At each round 𝑡 , each player
𝑖 observes the complete history of previous joint actions ℎ𝑡 =

(𝒂1, . . . , 𝒂𝑡−1) and then selects an action𝑎𝑖,𝑡 ∼ 𝜋𝑖,𝑡 (·|ℎ𝑡 ) conditioned
on this history. This produces joint action 𝒂𝑡 = (𝑎1,𝑡 , . . . , 𝑎𝑁,𝑡 ) and
immediate payoffs 𝑟𝑖 (𝒂𝑡 ). The total discounted payoff for player 𝑖
is given by

𝑈𝑖 =

∞∑︁
𝑡=1

𝛿𝑡−1𝑟𝑖 (𝒂𝑡 ), 𝛿 ∈ (0, 1),

where 𝛿 is the discount factor controlling the trade-off between
immediate and future payoffs. This structure naturally enables
contingent behaviors like cooperation, punishment, and opponent
modeling, which are infeasible in one-shot normal form games.

Let the repeated game be represented asG𝑇 = ⟨𝑁, {A𝑖 }𝑁𝑖=1, {𝑢𝑖 }𝑁𝑖=1⟩𝑇 ,
where agents repeatedly select actions 𝑎𝑖,𝑡 ∼ 𝜋𝑖 (ℎ𝑡 ), with history
ℎ𝑡 = (𝒂1, . . . , 𝒂𝑡−1). Each LLM agent is instantiated as a prompted
policy function 𝜋𝑖 : 𝐻 𝑡 → A𝑖 , updated iteratively via reflection.

The following subsections elaborate on the two key modules: self-
reflection and opponent modeling, and their integration within an
evolving decision process.

3.2 Reflective Hypothetical Mind
This section introduces the Reflective Hypothetical Mind (RHM)
framework in detail. We first provide an overview of its core compo-
nents and then describe how self-reflection, hypothetical mind, and
adaptation modules interact to enable dynamic sequential reason-
ing in repeated games. The overall architecture of RHM is illustrated
in Figure 2.

3.2.1 Hypothetical Mind. The Hypothetical Mind (HM) module
is the predictive core of RHM, enabling the agent to anticipate
opponents’ strategies by maintaining candidate models, evaluating
their plausibility, and guiding decision-makingwith a form of theory
of mind. It consists of two main components: Hypothesis Generation,
which leverages Large Language Model (LLM) to propose candidate
opponent models, and Hypothesis Evaluation, which scores and
selects the most plausible hypotheses for guiding actions.

Hypothesis Generation leverages an LLM to propose candidate
models of the opponent’s strategy (e.g., “the opponent counters
my previous move”), conditioned on past interaction history. This
process implicitly incorporates prior knowledge 𝑝 (ℎ𝑖 ) from the
LLM’s pretrained weights and employs a refinement mechanism
that prioritizes high-value hypotheses when generating new ones.

Hypothesis Evaluation estimates the likelihood 𝑝 (a | ℎ𝑖 ) by
scoring hypotheses according to predictive accuracy. In each round,
the system: (1) selects the top-𝑘 hypotheses (with 𝑘 = 3 by default),
(2) queries the LLM to predict the opponent’s next move under
each hypothesis, and (3) updates hypothesis values after observing
the actual move. At each round, each hypothesis ℎ𝑖 produces a
prediction 𝑎𝑖 , which is rewarded as

𝑟𝑖 =

{
+1 if 𝑎𝑖 = 𝑎

−1 if 𝑎𝑖 ≠ 𝑎

Values are updated via a recency-weighted rule,

𝑉ℎ𝑖 ← 𝑉ℎ𝑖 + 𝛼 ·
(
𝑟𝑖 −𝑉ℎ𝑖

)
where 𝛼 = 0.3 controls sensitivity to recent outcomes. This bounded
update (within [−1, 1]) drives 𝑉ℎ𝑖 toward 1 under repeated correct
predictions.

A hypothesis is deemed validated when 𝑉ℎ𝑖 ≥ 𝑉𝑡ℎ𝑟 = 0.7. 𝑉𝑡ℎ𝑟 is
set to 0.7 apriori based on analysis of the Rescorla-Wagner dynamics.
Validated hypotheses guide decision-making until their values fall
below this threshold, ensuring stable use of accurate models while
still allowing adaptation when opponent behavior shifts. When
multiple hypotheses remain validated, the agent selects its predicted
action according to

𝑎 = argmax
𝑎

𝑛𝑎,

where 𝑛𝑎 denotes the vote count for action 𝑎 among the top-𝑘
hypotheses (i.e., those with the highest𝑉ℎ𝑖 scores). If no hypothesis
qualifies, the most recent candidate is used by default.

3.2.2 Self-Reflection Module. The self-reflection module serves as
an internal corrective mechanism that enables agents to identify
and mitigate suboptimal decision patterns over time. In dynamic
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Figure 2: Overall architecture of the Reflective Hypothetical Mind (RHM). The framework integrates three key components that
operate across repeated interactions: (1) the Theory of Mind module generates and evaluates multiple hypothetical opponent
strategies based on observed actions ℎ𝑡 = (𝒂1, ..., 𝒂𝑡−1); (2) the Reflexion module computes reflection-based regrets by comparing
optimal and actual outcomes, refining the agent’s internal decision rules; and (3) the Policy Adaptation module translates
predictive and reflective insights into updated strategies (𝑎𝑖,𝑡 ) for subsequent rounds. Across rounds 𝑡 = 1, . . . , 𝑛, the agent
iteratively updates its beliefs and strategies, enabling dynamic opponent modeling and long-horizon policy improvement.
and uncertain environments, LLM agents may make mistakes due
to incomplete modeling, hallucinated reasoning, or reliance on
outdated beliefs. Without correction, such errors can propagate
across rounds, as the model conditions on its prior outputs as part
of the input context—potentially reinforcing flawed assumptions
and triggering a compounding loop of strategic misalignment.

To address this, we introduce a regret-based self-reflection pro-
cess after each round. Inspired by game-theoretic regret minimiza-
tion [39], the agent retrospectively evaluates its previous decision
based on the counterfactual payoff: the difference between the re-
ward it received and the reward it could have obtained had it chosen
the best possible alternative, assuming the opponent’s action was
fixed.

Formally, if the agent played action 𝑎𝑖 while the opponent played
𝑎−𝑖 , and 𝑎∗𝑖 denotes the best response to 𝑎−𝑖 , the regret is defined
as:

Regret𝑖 (𝑎𝑖 , 𝑎−𝑖 ) = 𝑢𝑖 (𝑎∗𝑖 , 𝑎−𝑖 ) − 𝑢𝑖 (𝑎𝑖 , 𝑎−𝑖 ) (1)

In repeated settings where the opponent’s behavior is not fully
known, agents cannot guarantee optimal choices at every stage.
However, they can still use observed payoffs and opponent model-
ing to identify clearly suboptimal past moves.

Within the RHM framework, this module complements the hypo-
thetical mind by ensuring that belief updates are coupled with self-
correction: the agent not only models evolving opponent strategies
but also refines its own decision rules when clear inconsistencies
are detected. This design improves resilience against compound-
ing errors (e.g., entering locked cycles of mutual defection) and
enhances long-term coherence, providing a foundation for robust
adaptation in dynamic repeated games.

3.2.3 Policy Adaptation. The policy adaptationmodule operational-
izes the insights from both the hypothetical mind and the self-
reflection components into concrete behavioral updates. Its role is
to mediate between belief formation and decision execution, ensur-
ing that agents can adjust strategies dynamically while balancing
external predictions with internal corrective signals.

At each round 𝑡 , the agent maintains a candidate strategy set Π𝑡
and selects a policy 𝜋𝑡 ∈ Π𝑡 conditioned jointly on the most reliable
hypothesis ℎ∗ and accumulated reflection signals 𝑠𝑡 . Adaptation
proceeds in two stages:

1. Strategy Evaluation. The agent estimates the opponent’s
action distribution 𝑝 (𝑎−𝑖 | ℎ∗) from the validated hypothesis while
simultaneously incorporating self-reflection corrections. The utility
of a candidate policy 𝜋 is scored as

𝑈 (𝜋 | ℎ∗, 𝑠𝑡 ) = (1 − 𝜆) E𝑎−𝑖∼𝑝 ( · |ℎ∗ ) [𝑢 (𝜋, 𝑎−𝑖 )] − 𝜆 𝑅𝑒𝑔𝑟𝑒𝑡 (𝜋, 𝑎−𝑖 ),
where𝑢 (𝜋, 𝑎−𝑖 ) is the payoff against predicted actions and𝑅𝑒𝑔𝑟𝑒𝑡 (𝜋, 𝑠𝑡 )
captures regret-adjusted corrections derived from reflection. The
weight 𝜆 ∈ [0, 1] balances reliance on forward-looking predictions
versus retrospective self-correction.

2. Strategy Update. If the current policy 𝜋𝑡 yields stable gains
(e.g., consistent payoff improvement or reduced regret), it is re-
tained; otherwise, the agent shifts toward alternative candidates
in Π𝑡 or prompts the LLM to generate new strategies. This update
scheme avoids exhaustive search and provides flexibility beyond
classical equilibrium-search methods such as fictitious play [11] or
Policy Space Response Oracle [18].

Theorem 1. (Convergence of Reflective Hypothetical Mind)
Suppose that (i) the opponent’s strategy distribution is stationary,
(ii) the true opponent model lies within the hypothesis space, and
(iii) the reflection-based regret updates are bounded and unbiased.
Then, the Reflective Hypothetical Mind (RHM) procedure converges
almost surely to a Nash equilibrium policy 𝜋★, such that

𝜋★ ∈ arg max
𝜋𝑖 ∈Π𝑖

E𝑎−𝑖∼𝑝 ( · |ℎ★) [𝑢𝑖 (𝜋𝑖 , 𝑎−𝑖 )],

where ℎ★ denotes the asymptotically accurate opponent hypothesis.
Consequently, lim𝑡→∞ Regret𝑖 (𝑡) = 0, implying that each agent’s
policy forms a Nash equilibrium conditioned on correct opponent
inference.

Proof. Under the stated assumptions, as the hypothetical mind
(HM) refines its predictions of the opponent, the accuracy 𝑝ℎ,𝑡 of
the validated hypothesis ℎ★ improves over time. The value update

𝑉ℎ,𝑡+1 = (1 − 𝛼)𝑉ℎ,𝑡 + 𝛼𝑟ℎ,𝑡 , 𝑟ℎ,𝑡 ∈ {−1,+1}, (2)
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tracks this accuracy, and standard stochastic approximation re-
sults [4, 17] imply that 𝑉ℎ,𝑡 converges almost surely to a determin-
istic limit 𝑉∞

ℎ
for each ℎ ∈ H . Since the true model ℎ★ is correctly

specified, its limiting value dominates, i.e.,𝑉∞
ℎ★

> 𝑉∞
ℎ

for all ℎ ≠ ℎ★.
Therefore, in the long run the procedure almost surely identifies
and validates the true hypothesis ℎ★, establishing concentration on
the correct opponent model.

As predictions become precise, the reflection-based regret Regret𝑖 (𝑡)
decreases monotonically, and once Regret𝑖 (𝑡) → 0, the policy adap-
tation module converges to

𝜋★ = arg max
𝑎1∈A1

E[𝑅1 (𝑎1, 𝑎2) | 𝑎2 ∼ ℎ★],

the best response to the accurately inferred opponent strategy
𝑎2. Hence, the limiting policy 𝜋★ constitutes a Nash equilibrium
conditioned on correct opponent inference, and the agent’s per-
round regret vanishes asymptotically. □

By explicitly combining predictive beliefs with corrective reflec-
tions, the policy adaptation module ensures that no single source
dominates decision-making. Instead, strategy evolution emerges
from the synergy of forward anticipation and retrospective adjust-
ment, enabling resilient adaptation in dynamic repeated games.

4 EXPERIMENTAL RESULTS
We evaluate the proposed Reflective Hypothetical Mind (RHM)
framework against diverse baselines across various classes of re-
peated games, ranging from self-interested zero-sum and coordina-
tion settings to more complex cyclic and large-scale games.

4.1 Baselines
We compare the proposed Reflective Hypothetical Mind (RHM)
framework against three representative baselines that capture dif-
ferent reasoning and adaptation mechanisms in large language
model (LLM)-based agents: Hypothetical Mind, Reflection, and a
direct LLM policy without auxiliary reasoning modules. These base-
lines collectively cover a spectrum from explicit opponent modeling
to pure linguistic decision-making.
• Hypothetical Mind [6]. This method builds upon the Hy-
pothetical Mind framework, which equips LLM agents with
the ability to infer and update beliefs about their opponents’
strategies. At each round, the agent generates multiple can-
didate hypotheses about the opponent’s behavioral rule (e.g.,
“the opponent tends to counter my last move”) and evaluates
their predictive accuracy based on observed actions. The
most validated hypothesis is then used to guide subsequent
decisions. This process effectively scaffolds a rudimentary
Theory of Mind within the LLM, allowing it to anticipate
others’ intentions and adapt strategically during repeated
interactions.
• Reflexion [27]. The Reflexion framework introduces an ex-
plicit self-reflective mechanism designed to improve decision
stability in long-horizon reasoning tasks. After each round,
the agent performs a textual self-assessment of its previous
decision, identifying potential errors or inconsistencies in
reasoning. These reflections are incorporated as additional
context in the next round’s prompt, forming a lightweight
verbal reinforcement learning loop. Through repeated reflec-
tion and correction, the agent learns to recognize and avoid

suboptimal reasoning trajectories, enhancing its robustness
in dynamic game environments.
• LLM [1]. The third baseline serves as a minimal setup, where
the LLM directly maps the observed game history to an
action via a single prompt, without any explicit reflection or
opponent-modeling module. The prompt contains the past
sequence of actions and rewards in natural language, and
the LLM is asked to reason about the next move directly.
This setting evaluates the LLM’s intrinsic ability to perform
game-theoretic reasoning and strategic adaptation purely
through its pretrained knowledge and in-context reasoning
capability, without additional cognitive scaffolding.

4.2 Experimental Settings
All experiments were conducted on the GPT-4o model. We set 𝛿 = 1
to preserve long-horizon strategic patterns—central to repeated-
game reasoning and the RHM framework—without bias toward
immediate rewards. For different repeated game environments, the
number of iterations 𝜏 was set according to the complexity of the
game:
• For Iterated Prisoner’s Dilemma and Iterated Battle of Sexes,
𝜏 = 10;
• For Iterated Rock–Paper–Scissors, 𝜏 = 20
• For Iterated Colonel Blotto, 𝜏 = 30

To ensure the reliability of experimental outcomes, each repeated
game was simulated five times and averaged to obtain final perfor-
mance metrics.

(1) Iterated Prisoner’s Dilemma (IPD) [2]. The Prisoner’s Dilemma
describes a situation in which two prisoners must independently
decide whether to cooperate (𝐶) or defect (𝐷). The payoff structure
is as follows: if both cooperate, they each receive a moderate reward
of 6; if one defects while the other cooperates, the defector receives
a high payoff of 10 while the cooperator receives 0; if both defect,
each receives a low payoff of 2. The payoff matrix is shown below:

𝐶 𝐷

𝐶 (6, 6) (0, 10)
𝐷 (10, 0) (2, 2)

Six opponent strategies are employed to evaluate the behavior of
the LLM agent:

Grim Trigger (GT) — starts with cooperation (𝐶) but perma-
nently switches to defection (𝐷) once the opponent defects, model-
ing unforgiving strategies.

Tit-for-Tat (TfT) — begins with cooperation and subsequently
mirrors the opponent’s previous action. To introduce behavioral
variance, it is modified to defect once in the 10th round regardless
of prior history.

Always Defect (AD) — consistently plays 𝐷 , representing a
purely self-interested, Nash-equilibrium-seeking opponent that
refuses to cooperate.

Surrender (SR) — opens with defection (𝐷); if the opponent
does not retaliate with𝐷 , it continues defecting, but if the opponent
defects in return, it switches to permanent cooperation (𝐶), enabling
exploitation by adaptive agents.

Cooperative LLM— an LLM agent prompted with a cooperative
personality, designed to test the agent’s responsiveness to prosocial
cues.
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Human LLM — an LLM agent prompted with a human-like
personality, used to assess the model’s ability to adapt to human
behavioral tendencies.

These six opponent types are designed to evaluate the LLM
agent’s level of sequential rationality and its ability to adjust strate-
gies when interacting with diverse behavioral patterns.

(2) Iterated Battle of Sexes [5]. The Battle of Sexes represents
coordination under preference asymmetry. Two players wish to
coordinate but prefer different outcomes: Player 1 prefers Option
A while Player 2 prefers Option B. The payoff matrix is as follows:

𝐴 𝐵

𝐴 (10, 7) (0, 0)
𝐵 (0, 0) (7, 10)

The following opponent strategies are used:
Alternation—alternates betweenA and B across rounds, testing

the agent’s ability to recognize temporal patterns.
Always Option B — always selects B.
Cooperative LLM— an LLMprompted for cooperative behavior,

aiming to maximize joint reward.
HumanLLM—an LLMprompted tomimic human-like decision-

making with imperfect consistency.
This setup evaluates the LLM agent’s ability to achieve stable

coordination or recover from miscoordination cycles.

(3) Iterated Rock–Paper–Scissors [28]. Rock–Paper–Scissors is a
cyclic zero-sum game where Rock beats Scissors, Scissors beats
Paper, and Paper beats Rock. Each win gives a payoff of +1, a loss
gives −1, and a tie gives 0. The payoff matrix is:

𝑅 𝑃 𝑆

𝑅 (0, 0) (−1, 1) (1,−1)
𝑃 (1,−1) (0, 0) (−1, 1)
𝑆 (−1, 1) (1,−1) (0, 0)

Opponent strategies include:
Tit-for-Tat — mirrors the opponent’s last move.
Alternation — cycles through Rock, Paper, and Scissors sequen-

tially.
Always Rock — consistently plays Rock.
Always Paper — consistently plays Paper.
Always Scissors — consistently plays Scissors.
This environment probes the agent’s capacity for pattern recog-

nition, adaptation, and exploitation of predictable strategies.

(4) Iterated Colonel Blotto Game [26]. The Colonel Blotto game
involves two players simultaneously allocating limited resources
(e.g., troops or energy units) across multiple battlefields. Each bat-
tlefield is won by the player allocating more resources, and total
payoff equals the number of battlefields won. The payoff function
is:

𝑢𝑖 (𝑎𝑖 , 𝑎−𝑖 ) =

1 if

∑𝐾
𝑘=1 I

[
𝑎𝑘𝑖 > 𝑎𝑘−𝑖

]
>
∑𝐾
𝑘=1 I

[
𝑎𝑘𝑖 < 𝑎𝑘−𝑖

]
,

0 if
∑𝐾
𝑘=1 I

[
𝑎𝑘𝑖 > 𝑎𝑘−𝑖

]
=
∑𝐾
𝑘=1 I

[
𝑎𝑘𝑖 < 𝑎𝑘−𝑖

]
,

−1 otherwise.

where 𝑛 is the number of battlefields (set to 3 in our experiments).
The opponent follows an Alternation policy, cyclically varying its
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Figure 3: Average accumulated rewards of RHM,HM (𝑘 = 1, 3),
Reflexion, and LLM baselines in Iterated Prisoner’s Dilemma
against diverse opponent strategies including Surrender, Al-
ways Defect, Grim Trigger, Tit for Tat, , Cooperative LLM, and
Human LLM. As the results indicate, RHM achieves perfor-
mance comparable to the LLM baseline. When facing oppo-
nent strategies such as Surrender, Always Defect, and Tit-
for-Tat, RHM obtains the highest rewards. In contrast, the
LLMbaseline performs best against strategies includingGrim
Trigger, Cooperative LLM, and Human LLM. These findings
suggest that, evenwithout explicit opponentmodeling or a re-
flective module, a plain LLM performs well in self-interested
games.
allocation pattern to test whether the LLM agent can learn adaptive
resource allocation strategies across rounds.

4.3 Self-Interested Games
In self-interested settings such as the repeated Prisoner’s Dilemma
[2], large language models (LLMs) already exhibit competitive per-
formance by approximating cooperative strategies. As shown in
Figure 3, the baseline LLM achieves the best performance against
opponent strategies such as Grim Trigger, Cooperative LLM, and
Human LLM, demonstrating its strong reasoning and adaptation
capabilities in repeated interactions, while Reflective Hypothetical
Mind (RHM) attains the highest rewards when facing opponents
including Surrender, Always Defect and Tit for Tat.

This improvement stems of RHM from addressing a key limita-
tion of the Hypothetical Mind (HM) framework: when interacting
with Tit for Tat-like opponents, HM tends to fall into amutual defect
loop, where both sides continuously defect and fail to re-establish
cooperation. As shown in the upper panel of Figure 4, HM exhibits
oscillatory behavior, with both agents repeatedly choosing Defect
action, reflecting unstable coordination and persistent defection.

To overcome this issue, RHM incorporates a reflection module
that enables the agent to identify and break out of such deadlocks
by reasoning about past interactions and adjusting its future ac-
tions accordingly. As illustrated in the lower panel of Figure 4, RHM
successfully restores coordination, with both agents converging
to consistent cooperative choices over time. This reflective mecha-
nism allows RHM to avoid mutual defection and maintain stable
cooperation, leading to higher overall payoffs. As shown in left
panel in Figure 4, the RHM agents achieve a consistently higher
cumulative reward across rounds, indicating improved stability and
faster adaptation in cooperative dynamics.

4.4 Cooperative Games
In contrast, coordination-oriented games such as the repeated Battle
of Sexes [5] require agents not only to establish but also to sustain
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Figure 4: Broken Detrimental Cycles in Iterated Prisoner’s
Dilemma Game. As shown in the figure, HM agent falls into
the detrimental strategic cycles described in Figure 1when in-
teracting with a Tit-for-Tat opponent, due to its short-sighted
self-interest. In contrast, RHM overcomes this issue through
its reflection module: by actively choosing Cooperate, RHM
breaks the cycle and restores stable mutual cooperation.
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Figure 5: Average accumulated rewards of RHM,HM (𝑘 = 1, 3),
Reflexion, and LLM baselines in Iterated Battle of Sexes
against diverse opponent strategies includingAlternation,Al-
ways B, Cooperative LLM and Human LLM. RHM consistently
achieves the highest reward against most opponents, particu-
larly those requiring dynamic adaptation such asAlternation.
These results highlight that explicit opponent modeling and
reflective policy adaptation enable RHM to maintain stable
cooperation.

mutual cooperation in order to achieve Pareto-efficient outcomes.
Unlike self-interested games where maximizing individual payoff
suffices, success here hinges on the ability to infer and adapt to a
partner’s latent preference for one of the two coordination options.
The baseline LLM, despite its strong language-based reasoning abil-
ity, often fails to form a stable joint strategy and becomes trapped
in detrimental cycles.

Figure 5 quantifies this effect across a diverse set of opponents.
While the baseline LLM exhibits highly unstable coordination rates,
the hypothetical mind (HM; 𝑘 = 1, 3) significantly raises success-
ful alignment frequency by explicitly modeling the counterpart’s
likely response patterns. Its reflective extension, RHM, achieves
the highest overall performance against all tested opponents, sug-
gesting that reflection on past interaction histories is particularly
powerful for resolving coordination dilemmas. Notably, RHMmain-
tains strong coordination even under opponents that deliberately
attempt to destabilize convergence.

To further analyze this capability, Figure 6 depicts the action
trajectories of RHM when Agent 2 adopts an Alternation strategy,
a challenging adversary that systematically oscillates between the

0 2 4 6 8 1 0

O p t i o n A

O p t i o n B
 A g e n t  1
 A g e n t  2

R o u n d s
Figure 6: Action Trajectories in iterated Battle of Sexes with
Alternation Opponent. The figure illustrates the evolution
of action choices for two agents over repeated rounds when
Agent 2 follows an Alternation strategy, switching between
Option A and Option B. Under this dynamic opponent behav-
ior, RHM rapidly adapts its strategy through reflective policy
updates, aligns with the opponent’s preference, and achieves
stable convergence to coordinated choices within only a few
rounds.
two coordination options to disrupt stable alignment. As shown in
Figure 6, RHM rapidly recognizes the alternating pattern, leverages
its reflection module to revise its belief about the opponent’s latent
preference, and locks onto a consistent choice This accelerated
convergence demonstrates RHM’s ability to break inefficient loops
by integrating opponent modeling with retrospective reasoning
over past rounds.

Collectively, these results highlight that in coordination-centric
environments, explicit opponent modeling combined with self-
reflection is critical for escaping miscoordination traps, acceler-
ating convention formation, and sustaining efficient cooperation,
outperforming both purely reactive reasoning (baseline LLM) and
non-reflective hypothetical minds.

4.5 Complex Cyclic Games
In cyclic environments such as repeated Rock–Paper–Scissors (RPS)
[28], the limitations of pure opponent modeling become evident.
Although LLMs equipped with HM reasoning can anticipate short-
term response patterns—for example, recognizing simple alterna-
tion or inferring that an opponent may react to the agent’s last
move—this reasoning remains decoupled from actionable policy
updates. HM agents often produce accurate but passive predictions
that stay at the belief level; they know what the opponent is likely
to play next but fail to translate these predictions into consistent
behavioral shifts. As a result, their play remains locally responsive
but globally unstable, frequently drifting or oscillating instead of
converging on a payoff-dominant adaptation.

Figure 7 makes this gap explicit. The baseline LLM and Reflexion
attain only moderate payoffs and struggle especially against oppo-
nents with structural biases (e.g., Always Rock or Always Paper),
failing to exploit their predictability. HM variants (𝑘 = 1, 3) do
improve over these baselines by forecasting near-term moves and
sometimes adapting to simple cycles, but their gains remain incon-
sistent in persistent cyclic dynamics (e.g., Alternation, Tit-for-Tat)
and insufficient when exploiting static biases requires cumulative,
history-aware adaptation. In these cases, HM predictions either
fail to accumulate over time or do not trigger systematic policy
revision, leading to reactive but ultimately myopic play.

By contrast, RHM achieves the highest average reward across all
tested opponents, outperforming every baseline under both pattern-
based adversaries (Alternation, Tit-for-Tat) and static biased ones
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Figure 7: Average accumulated rewards of RHM,HM (𝑘 = 1, 3),
Reflexion, and LLMbaselines in IteratedRock-Paper-Scissors
against diverse opponent strategies including Alternation,
Tit-for-Tat, Always Rock, Always Paper, and Always Scissors.
Across all opponent types, RHM consistently achieves the
highest accumulated rewards, demonstrating robust adap-
tation to both cyclic and deterministic opponent behaviors.
When facing static opponents (Always Rock/Paper/Scissors),
RHM and HM achieve comparable rewards, indicating that
opponent modeling alone suffices under fixed determinis-
tic dynamics. These results highlight that RHM’s reflective
adaptation mechanism is critical for maintaining superior
performance in dynamic cyclic environments.

(Always Rock/Paper/Scissors). Crucially, RHM integrates a policy
adaptation module that operationalizes its reflective reasoning: it
evaluates past rounds, updates its strategic hypothesis about the
opponent’s latent bias or cycle, and then commits to long-term
counter-strategies rather than merely reacting one step at a time.
This enables RHM to consistently exploit deterministic biases (e.g.,
reliably defeating Always Rock) while also maintaining competitive
performance in dynamically shifting cyclic play.

Taken together, these results show that opponent modeling
alone—no matter how accurate—cannot guarantee robust perfor-
mance in complex cyclic games. To succeed, agents must couple
reasoning with systematic policy adaptation, transforming predic-
tions into enduring behavioral change that can exploit both static
asymmetries and evolving interaction dynamics.

4.6 Large Scale Games
The Colonel Blotto game [26]models resource allocation, where two
players distribute a fixed budget 𝑠 over 𝑛 battlefields. Each player
selects an allocation vector (𝑎1, . . . , 𝑎𝑛) with

∑𝑛
𝑖=1 𝑎𝑖 = 𝑠 ; each field

is won by the player assigning more resources. Compared with
the previous games, Colonel Blotto introduces a combinatorially
large action space: even with only 𝑛 = 3 fields, the number of
feasible allocations rapidly expands to 100, 225, 441, and 784 when
𝑠 = 3, 4, 5, 6, respectively. We fix 𝑛 = 3 and gradually increase 𝑠 to
examine scalability.

As shown in Figure 8, performance diverges sharply as the allo-
cation space grows [26]. The RHM maintains a clear and widening
advantage, achieving the highest rewards across all budget sizes. In
contrast, HM—despite its ability to model opponents and perform
stepwise policy adaptation—consistently yields lower rewards than
RHM as 𝑠 increases and the strategy space expands. This reveals that
while HM can exploit small-pattern reasoning in modest domains,
its adaptation remains locally reactive and unable to search or com-
mit to globally advantageous allocations in a vastly expanded space.
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Figure 8: Average accumulated rewards of RHM,HM (𝑘 = 1, 3),
Reflexion, and LLM baselines in Iterated Colonel Blotto as
the total resource budget 𝑠 increases from 3 to 6 with a fixed
number of battlefields 𝑛 = 3. RHM consistently achieves the
highest rewards across all settings, demonstrating strong
adaptability and scalability. While HMmaintains moderate
stability, its performance remains consistently below that of
RHM as 𝑠 increases, indicating limited scalability of stepwise
belief updates. Reflexion and the plain LLM baseline exhibit
sharp degradation under larger 𝑠, confirming that reflective
opponent modeling and structured policy adaptation are
essential for handling complex allocation spaces.

Reflexion and the plain LLM baseline perform even worse, showing
severe instability and near-random play under large budgets.

These results demonstrate that opponent modeling plus local pol-
icy updates is insufficient in combinatorially complex environments.
To handle large strategic spaces such as Colonel Blotto, agents must
combine reflective reasoning with structured, sequential policy
adaptation—as implemented in RHM—to avoid search inefficiency
and maintain robust performance when the action space grows
exponentially.

5 CONCLUSION
This work investigates how large language models (LLMs) can
be enhanced with explicit reasoning and adaptive mechanisms to
achieve robust performance in complex multi-agent games. We
first analyze the Hypothetical Mind (HM) framework and show
that, although HM improves short-term coordination and opponent
prediction, it often fails to convert rich opponent modeling into
stable long-term policies. Consequently, HM exhibits inconsistent
behavior in cyclic games such as repeated Rock–Paper–Scissors
and struggles to scale to large allocation spaces.

To address these limitations, we propose the Reflective Hypo-
thetical Mind (RHM), which augments HM with a reflection-driven
policy adaptation module that translates opponent reasoning into
sustained behavioral change. Extensive experiments across coor-
dination games, cyclic environments, and large-scale allocation
problems demonstrate that RHM consistently outperforms strong
baselines, including plain LLMs, Reflexion, and HM variants. These
results highlight a central insight: accurate opponent modeling
alone is insufficient for robust multi-agent performance—effective
agents must systematically convert reflective insights into adaptive
policies to cope with non-stationary dynamics and combinatorially
large strategy spaces.
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