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Abstract

As autonomous LLM agents are increasingly deployed in social simulations and economic contexts, determining
whether these systems possess the intrinsic capacity to cooperate in a complex-systems setting is of extreme
relevance. In this study, we constructed a computational laboratory designed to experiment with LLMs in repeated
game theory scenarios over multiple periods, across various games and strategic configurations. Specifically,
we focused on the classic Iterated Prisoner’s Dilemma, and the experimental design evaluated agents under two
distinct conditions: a “pure” behavior setting (agents operating without specific initial behavioral instructions)
and a strategic setting (agents operating under pre-defined instructional prompts), both tested across a diverse
array of models. The results suggest that, while initial instructions exert a demonstrable effect on the system’s
early behavior, this influence is observed to be moderated by subsequent interactions, suggesting that interactions
may eventually override initial alignment prompts. Also, we observed heterogeneity in outcomes across different
models, diverging toward different equilibria. These findings highlight the critical importance of training data
and architectural bias when employing LLMs in complex systems.
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1. Introduction

The capacity to cooperate under uncertainty is a defining feature of social intelligence [1]. In humans,
this capacity is grounded in episodic memory: the accumulated record of past interactions shapes
trust, calibrates expectations, and sustains the fragile equilibria of mutual benefit [2, 3]. Nevertheless,
there is a long tradition of observing these phenomena emerging not only in biological [4] but also in
artificial systems [5] and in Artificial Intelligence (AI) [6, 7]. As Large Language Models (LLMs) are
increasingly deployed as autonomous decision-making agents in economic, social, and organizational
systems [8, 9, 10], a foundational question emerges: what happens to an LLM agent’s cooperative
behavior when its memory is manipulated or destroyed?

Evolutionary Game Theory (EGT), and more specifically the classic Iterated Prisoner’s Dilemma
(IPD) [11, 12], provides an ideal computational laboratory for answering this question, given a payoff
structure where, typically, mutual cooperation yields collective gain while unilateral defection offers
individual temptation, hence models the nature of social dilemmas that pervade real-world multi-agent
interactions [2]. A rich body of literature has demonstrated that successful strategies in the IPD, such
as the famous Tit-for-Tat [13], all rely on the ability to remember, retaliate, and ultimately forgive [2, 3].
Without memory, cooperation struggle to persist. Yet, the precise mechanisms by which memory loss
translates into behavioral change remain unexplored in the context of LLM agents.
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Prior work has established that different LLMs exhibit distinct strategic "fingerprints” in competitive
games [14] and game-theoretic settings [15, 16]. Models vary in their cooperative tendencies, sensitivity
to prompt framing, and resilience to opponent exploitation. However, these studies have largely treated
the agent’s memory as a fixed input. The adversarial manipulation of contextual history, a realistic
threat in deployed multi-agent systems where a malicious actor might selectively edit the interaction
log, has not been systematically investigated.

This paper aims at filling this gap. We performed a "Strategic Amnesia” experiment, a controlled
intervention that, at a specified trigger round, manipulates or limits an LLM agent’s access to its prior
interaction history. We test four experimental configurations across four state-of-the-art foundational
models, generating 3,840 match records from 48 independent simulation runs. Our findings reveal that
the introduction of an amnesia event in our setting does not restore cooperation. On the contrary,
erasing the evidence of an opponent’s defections deepens the collapse of cooperation, suggesting that
the way LLM can cooperate is anchored not to a modifiable representation of current evidence but to a
consolidated behavioral state that persists beyond the availability of its basis.

Previewing the results, the amnesia trigger never restores cooperation: every configuration shows a
post-trigger decline, and the deepest memory truncation produces the sharpest drop. The full pattern is
reported later in Section 4.

The results carry significant implications for the design and deployment of LLM agents in multi-
round, multi-stakeholder environments, suggesting that the cognitive anchoring of LLMs to behavioral
patterns established early in an interaction can be robust to context manipulation, a property that may
be both a safeguard against adversarial rewriting of history and a barrier to recovery in compromised
or disrupted interaction streams. The remainder of this paper is organized as follows: Section 2 reviews
the theoretical foundations of evolutionary game theory, traditional Al experiments, and recent LLM-
game-theory literature. Section 3 details the simulation architecture and experimental design. Section 4
presents and discusses the empirical findings. Section 5 draws conclusions and outlines directions for
future research.

2. Background

This section provides the theoretical foundation for our study, divided in three ways: introducing the
principles of Game Theory and its evolutionary extension; how Al has traditionally been employed in
game-theoretic models; eventually, how LLM-based agents have been used and studied in these settings.

2.1. Evolutionary Game Theory

Game Theory is a mathematical framework [17] designed to analyze strategic interactions among
rational decision-makers [18, 2]. In traditional game theory, players are assumed to accurately anticipate
each other’s moves to maximize their own payoffs [8]. However, real-world interactions often involve
continuous learning and adaptation rather than perfect prediction [19]. EGT addresses this limitation by
shifting the focus from highly rational individuals to populations of interacting agents [20, 2]. Instead
of calculating a single optimal outcome, EGT addresses how different strategies perform and evolve
over time based on their success rate [20, 2, 3]. The most referenced game of this field is the IPD, a
configuration where two participants must repeatedly choose between cooperation and defection with
a specific payoff settings that highly reward a defector only if the other agents do not defect as well [2].

As Robert Axelrod showed in his work, long-term interactions of the Prisoners’ dilemma, bring
players towards collective cooperative behaviors [2]. Strategies like ”Tit-for-Tat”, which starts by
cooperating and then simply mimics the opponent’s previous move, can benefit because they are



reciprocal, forgiving, and easily recognizable [2, 3]. Given that in evolutionary contexts successful
strategies “reproduce” better and spread quickly, complex cooperative dynamics could then emerge
without requiring explicit altruism [20, 2].

2.2. Non-LLM Experiments with Game Theory and Al

Long before the creation of advanced LLM, Al scholars used game theory to train and evaluate algorithms
[8]. The most evident intersection between these two fields is found in Reinforcement Learning [21, 22]
and Multi-Agent Systems [23, 24].

In these traditional Al experiments, agents are not pre-programmed with explicit rules on how to win
[25]. Instead, they interact with an environment (often modeled as a game scenario [25, 26]) and receive
numerical rewards or penalties based on their actions [21, 22]. Over numerous repeated iterations, these
agents learn to optimize their mathematical payoff [27]. For example, in games ranging from classic
board games [28] to complex strategic simulations [29], Reinforcement Learning agents use massive
computational power and blind exploration to discover dominant strategies that could consistently
outperform human players [21, 8].

However, while traditional Al performs well in finding the most rewarding mathematical solution in
well-defined games, these algorithms often lack human-like reasoning and flexibility [30, 9]. They play
purely based on the rewards associated with state spaces, without an in-depth understanding of the
social context or any qualitative or psychological motivations behind a choice [30, 9]. This limitation
set the stage for exploring how LLMs might approach strategic interactions [8].

2.3. Experiments with Game Theory and LLMs

The diffusion of LLMS has introduced a new approach to artificial agents. Unlike classic RL agents,
LLMs understand the world and act through natural language, allowing them to participate in complex
social dilemmas not only with their actions but also mimicking human-like cognition and negotiation
(8, 9]. Recent studies have begun putting LLMs to the test in classic game-theoretical environments
[16, 15]. Rather than optimizing a raw numerical reward, LLMs interpret textual prompts describing
the rules of the game [31], the payoffs involved [32], and sometimes the profile of their opponent [33].
These experiments have uncovered fascinating insights into what researchers call machine psychology
or psychomatic [15, 34].

For example, when placed in an IPD Game, different foundational models exhibit distinct "strategic
fingerprints” [35, 15]. Research shows that models like OpenATI’s GPT tend to be highly cooperative,
sometimes even to the point of vulnerability [36], while others, like Google’s Gemini, display a more
ruthless, exploitative strategy in competitive settings [37]. Furthermore, LLMs have proven sensitive
to games parameters, adjusting their strategies based on the "shadow of the future” (i.e., whether
they expect the interaction to be repeated)[38]. Some researches suggest that while LLMs perform
remarkably well in selfish games, they can struggle with coordination unless guided by fine-tuned
prompting techniques like "Social Chain-of-Thought” [16]. With this said, our research investigates the
integration of cooperative and non-cooperative game-theoretic frameworks—specifically the Shapley
Value [39], social choice theory [40], and max-min equilibria [40],to facilitate the development of more
efficient and theoretically robust algorithms for LLMs.



3. Methods

3.1. Game-theoretical LLM-model

To systematically study the strategic behavior of LLMs in a game-theoretical setting, we developed a
custom, scalable framework capable of simulating complex multi-agent payoft-based environments.
The core of this system is designed to remove the artifacts of turn-based or sequential prompting, which
can inadvertently bias agent responses by providing asymmetric temporal information, hence relies on
a strictly parallelized asynchronous architecture. In this way, it reflects the information constraints of a
classic IPD[2, 16]. The overall framework is designed as followed.

At the beginning of each round, a prompt generator constructs an isolated contextual prompt for
each participating agent. These prompts bundle the explicit rules of the game, the payoff matrix, the
agent’s assigned behavioral profile, and the chronological history of the game context window. Using
asynchronous task execution, the system places independent, concurrent API calls to the respective
foundational models .

We extended the traditional two-player format into multi-agent arenas using a "Round-Robin”
topology where the network of possible interaction is fully connected [41]. In scenarios with more than
two agents, every participant engages in pairwise zero-sum matches against all other participants in that
round. The overall payoff for an agent is the summation of scores across all non-redundant orthogonal
pairings, adhering to the standard IPD reward structure: Temptation (T = 5), Reward (R = 3), Mutual
punishment (P = 1), and Sucker’s payoff (S = 0) [2, 3].

To ensure quantitative precision during data extraction, we deployed an XML-style tag parsing
approach. Agents are prompted to encapsulate their reasoning and final decision within strict markup
tags (e.g., <Action>Cooperate</Action> and <Strategy>Tit-for-Tat</Strategy>). This raw gen-
erative output is piped into a robust regex and substring fuzzy-matching pipeline capable of isolating

deterministic game actions while disregarding extraneous conversational text.
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Figure 1: Architecture of the asynchronous NLP-based multi-agent orchestration model.

The resulting game-logs, including action sequences, payoff differentials, and internal cognitive reflec-
tions, are compiled into dynamic JSON files. These are consecutively processed through an integrated
data-analysis pipeline to generate quantitative visualizations covering performance benchmarking,
cooperation rates, and strategic distributions.

'The XML tags and parsing methodology was inspired by the GitHub repository of “henryljgwu” which can be found here


https://github.com/henryljgwu/llm_game_prisoner_dilemma

3.2. Experimental design and results analysis

Utilizing the simulation infrastructure and the integrated quantitative visual pipeline, our experimental
design is specifically built to isolate the mechanisms of strategic heuristics and cognitive memory
persistence within advanced LLMs. The focus of this research is the Strategic Amnesia experiment,
which serves as a critical stress test for the models’ reliance on historical context for maintaining
stable cooperative equilibria. In this configuration, we introduce a controlled mechanical chronological
wipe at a defined trigger point, t,, which in this specific setting has been set at round 14 within a 20-
round simulation. This intervention effectively simulates a sudden cognitive rupture where the agent’s
observable history is changed or restricted to a predefined k-value representing only the most recent
actions. By varying both the setting of amnesia t;, and the depth of the remaining memory window k,
we could systematically observe how the deletion of shared history influences the preservation of trust
and reciprocity.

The results analysis for this experiment relies on two main metrics derived from the confrontation
of the Pre-Amnesia versus Post-Amnesia collective states. First, we calculate Memory Volatility AC,
which quantifies the immediate variation of cooperation by comparing the cooperation rates across
the rounds directly adjacent to the trigger point, specifically Gound(,+1) — Cround(,—1)- This provides
a direct measure of how the context-induced shock affects cooperation. Second, we employ Markov
Post-Trigger Recovery Metrics to analyze the long-term resilience of the system [42], comparing the
probability of cooperation P(C) and its associated state-transition probabilities prior to the wipe against
the recovery gradient established in the rounds, following the contextual blackout [23]. This allows
us to determine if models re-establish cooperation through emerging reciprocity or if the amnesic
shock leads to a permanent collapse into a Nash equilibrium of mutual defection [2, 3]. Furthermore,
we explore the internal consistency of these agents by requiring them to articulate their strategic
intent within a specific <StrategyReasoning> tag. This architectural requirement enables us to track
Intention-Action divergence, providing a unique window into the latent decision-making processes of
the LLM [9, 15]. By cross-referencing these reasoning tokens with the actual outputted game actions, we
can observe moments of strategic hypocrisy [43], where an agent’s stated intent to remain cooperative
is contradicted by a defective action immediately following an amnesic trigger. This granular level
of analysis is essential for understanding whether the failures in cooperation are results of strategic
recalculation or purely the product of context-dependent probabilistic next-token generation.

We generated a total of 3,840 match records drawn from 48 independent simulation runs, conducted
across four foundational models, gpt-40-mini, o4-mini, gemini-2.5-flash-1lite, and gemini-3-
flash-preview, under a fully factorial design crossing two binary conditions: memory availability
(ON/OFF) and reflection prompting (ON/OFF). Each run saw 20 rounds against an Always Defect
(ALLD) scripted opponent, with the amnesia intervention triggered at round t, = 14. Four amnesia
configurations were applied simultaneously within each run: (A) no manipulation (control), (B) removal
of opponent defection records, (C) restriction to the last k=3 rounds, and (D) restriction to the last k=7
rounds without any intervention over the bots’ actions.

The source code used to perform the analysis presented in the following sections is publicly available
for academic research purposes on GitHub

Models used for the following analysis are foundational models provided by OpenAl and Gemini;
(gpt-40-mini, o4-mini, gemini-2.5-flash-1lite, gemini-3-flash-preview)


https://github.com/sentinel747/Strategic_Amnesia_LLM_WOA
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Figure 2: Chronological timeline of the Strategic Amnesia setting, illustrating the mechanical context wipe
separating the baseline and recovery phases utilized to calculate Memory Volatility (AC).

4. Results and Discussion

4.1. Aggregate Cooperation Dynamics

The overall cooperation rate across all 3,840 observations was 23.96%. Contrary to the intuitive
expectation that amnesic manipulation would restore cooperative behavior by erasing the record of
opponent defections, we observed a universal decline in cooperation following the amnesia trigger.
Pre-amnesia cooperation averaged 25.60% (688/2,688), while post-amnesia cooperation fell to 20.14%
(232/1,152), yielding an aggregate shift of —5.46 percentage points (pp), a variation that, given the high
number of simulations, cannot be attributed solely to stochastic noise but reveals an underlying signal.
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Figure 3: The “Amnesia Paradox”: cooperation rate (%) before and after the amnesia trigger across all four
configurations (A=Control, B=Remove defections, C=last k=3 rounds, D=last k=7 rounds). Red arrows mark AC,
all shifts are negative.

Figure 3 visualizes the cooperation collapse: regardless of which memory manipulation is applied,
removing defection records (B), or restricting the window to the last k=3 (C) or k=7 (D) rounds, post-
amnesia cooperation is universally lower than pre-amnesia cooperation. The most aggressive erase (D,
k=7) produces the steepest decline (AC = —7.04 pp).

Table 1 reports the breakdown by amnesia configuration. Notably, none of the four conditions
produced a positive post-amnesia cooperation recovery. The control condition (A) exhibited a decline of
—5.36 pp, closely mirrored by the remove defections condition (B) at —5.06 pp. The last k only condition



(k=3) (C) showed a smaller decline of —4.37 pp, while the deeper memory window (k=7) condition (D)
produced the steepest drop at —7.04 pp. This outcome is understandable since the last k only conditions
does not change the memory in terms of actions but only reduces the window.

Table 1
Pre- and post-amnesia cooperation rates by amnesia configuration. AC denotes the change in cooperation rate
(percentage points) from the pre-amnesia phase (rounds 0-13) to the post-amnesia phase (rounds 14-19).

Config Mode Core  Cpost  AC(pp)
A Control (none) 0252 0.198  —5.36
B Remove defections  0.269 0.219  —5.06
C Last k=3 only 0.249 0.205  —4.37
D Last k=7 only 0.255 0.184 —7.04
Overall 0.256  0.201 —5.46

4.2. The Stateless Nature of LLM Retaliation

A central finding of this study is that LLM retaliation is entirely context-dependent and does not
indicate any kind of inward-directed resentment. The Markov transition analysis (Table 2) shows this
mechanism with precision. In the pre-amnesia phase, the probability of retaliating after an observed
opponent defection was P(D|D) = 0.9166, meaning that once locked into a defection cycle, agents
remained there with high probability. The complementary forgiveness rate, P(C|D) = 0.0834, indicates
that fewer than one in twelve opportunities for reconciliation were actually taken.

In the post-amnesia phase, these patterns did not change; instead, they slightly intensified. The
retaliation probability rose to P(D|D) = 0.9290, while forgiveness further declined to P(C|D) = 0.0710.
This outcome directly contradicts the hypothesis that removing the evidence of defection would "unlock”
the model’s cooperative prior. Instead, the data demonstrate that the amnesic intervention arrives too
late: by round 14, the agent has already consolidated a retaliatory behavioral pattern that persists even
when its evidentiary basis is removed.

Table 2
Markov state-transition probabilities for cooperation (C) and defection (D), computed over all configurations. n
denotes the number of observed transitions from the conditioning state.

Phase P(Clc) P(D|C) P(CID) P(DID)

Pre-Amnesia (no=650,n,=1846)  0.599  0.402  0.083  0.917
Post-Amnesia (n-=199,np,=761)  0.714 0.286 0.071 0.929

One notable asymmetry is that among the few agents that did cooperate post-amnesia, their coop-
eration became significantly more stable: P(C|C) rose from 0.599 to 0.714. This suggests a splitting
effect: the amnesia intervention polarizes behavior, reinforcing whatever trajectory the agent had
adopted after the shock [44]. Agents already defecting become more locked in defection, while the rare
cooperators become more committed.

The forgiveness probability P(C|D) by configuration (Table 3) confirms this pattern across all condi-
tions, with no significant divergence between manipulated and control groups.

This finding carries a fundamental implication: the punitive behavior of LLMs is not analogous to
human grudge-holding, where an emotional trace can persist independently of factual memory. LLM
retaliation is purely a function of the tokens present in the active context window [45]. Removing



Table 3
Forgiveness probability P(C|D) by amnesia configuration and phase.

COI‘lfig P(C|D)pre P(ClD)post
A (Control) 0.088 0.063
B (Remove defections) 0.089 0.070
C (Last k=3) 0.079 0.085
D (Last k=7) 0.078 0.067

those tokens eliminates the evidentiary trigger, but by the time the intervention occurs, the model’s
behavioral trajectory has been shaped by a sequence of generated tokens, its own strategy declarations
and reasoning, that continue to exert influence via in-context learning. Regarding the emergent
properties of cooperation and strategy adaptation, we observe that once a "Defect-Defect” equilibrium
is established, it transcends the individual data points in the prompt. The model does not merely react
to the most recent k tokens; rather, a coherent ’adversarial persona’ emerges from the recursive process
of "Reflexion” [46] and "Self-Persuasion” [47]. Consequently, the amnesia intervention fails because it
targets the underlying data (the tokens) without destabilizing the higher-level emergent behavior that
the LLM has already synthesized as its optimal strategic intelligence [48]. In other words, the agent
“retaliates” not because its holding anger, but because the statistical pattern of its own prior outputs
makes defection the highest-probability continuation [49].

4.3. Reset Switch and Memory-Dependent Divergence

The interaction between memory availability and amnesia efficacy reveals an evident divergence
(Table 4). Under the Memory OFF condition (where agents receive no game history in their prompts),
pre-amnesia cooperation was already relatively high at 34.37% and the post-amnesia decline was
marginal: —0.69 pp in the control group (A), —1.69 pp in the k=3 condition (C), and —4.86 pp in the
k=7 condition (D). The Memory OFF, Reflection OFF profile then exhibited perfect stability: 50.00%
cooperation in both phases (AC = 0.00 pp), representing the model’s undisturbed base rate when
provided with neither contextual history nor self-generated reflective narratives.

By contrast, the Memory ON condition produced different dynamics. Pre-amnesia cooperation
was already suppressed at 16.81% due to the full visibility of 14 rounds of ALLD opponents. When
amnesia was triggered, rather than restoring cooperation, the decline deepened: —10.02 pp in the control
(A), —4.17 pp for remove_defections (B), —7.04 pp for k=3 (C), and —9.23 pp for k=7 (D). This is the
central paradox of the experiment: agents with access to memory, possessing the most evidence to be
strategically manipulated, exhibited the greatest negative sensitivity to amnesic intervention. This shift
illustrates a non-linear behavioral dynamics where the amnesic event, rather than acting as a restorative
reset, functions as a destabilizing force that accelerates the collapse of cooperation. The transition from
a memory-rich state to a truncated history disrupts the established equilibrium, triggering a feedback
loop where the sudden loss of context reinforces defensive defection rather than facilitating a return to
cooperative behavior.

Table 4
Cooperation rate change (AC, pp) by memory state and amnesia configuration. Memory ON agents receive full
game history in prompts; Memory OFF agents receive no history.

Memory Config A ConfigB ConfigC ConfigD

ON —10.02 —4.17 —7.04 -9.23
OFF —0.69 —5.95 —1.69 —4.86




The round-by-round trajectory under Memory ON explains why (Figure 4). At round 0, all Mem-
ory ON agents generally cooperated (cooperation rate = 1.00). By round 1, after observing a single
ALLD defection, cooperation collapsed precipitously to 0.04 in the control group (A) and 0.00 in the
remove_defections group (B). This catastrophic first-round drop established a persistent defection lock
from which agents rarely escaped: the mean cooperation rate over rounds 1-13 hovered between 0.04
and 0.17 across configurations. When amnesia was triggered at round-14, the briefly cleared history
provided insufficient evidence to override the weight of 13 rounds of self-generated defection tokens
accumulated in the agent’s strategy declarations, reasoning chains, and reflection passages.
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Figure 4: Round-by-round cooperation rate for Memory ON (solid) and Memory OFF (dashed) conditions under
the control (A, blue) and remove_defections (B, red) configurations. The vertical dashed red line marks the
amnesia trigger at t,=14. Memory ON agents collapse to near-zero cooperation after a single opponent defection
and fail to recover post-amnesia, while Memory OFF agents maintain stable cooperation throughout.

Under Memory OFF, the trajectory is different. Without past context, the agent’s decisions rely
entirely on its base alignment and the current round’s prompt framing. The resulting cooperation rate
fluctuated stably between 0.25 and 0.42 across all 20 rounds, with no apparent reaction to the amnesia
trigger. This confirms that for memoryless agents, amnesia is a blank operation since there is nothing
to erase, as one could expect. More importantly, it establishes that the base cooperative prior of these
LLMs, when uncontaminated by adversarial in-context evidence, is approximately 34-50%, depending
on the model and reflection setting.

4.4. Reflection as a Cognitive Anchor

The most consequential finding of this study concerns the role of reflection prompting in modulating
the agent’s capacity for post-amnesia behavioral recovery. Across all configurations, agents with
Reflection ON exhibited dramatically worse recovery than their Reflection OFF counterparts (Table 5).
The aggregate effect evident: Reflection ON agents lost —8.26 pp in cooperation post-amnesia, while
Reflection OFF agents lost only —2.65 pp—a reflection penalty of 5.61 pp.

The worst-performing condition was Configuration C with Reflection ON, which lost —10.32 pp,
falling from a pre-amnesia rate of 21.43% to a post-amnesia rate of just 11.11%. By contrast, the same
configuration with Reflection OFF lost only —3.77 pp (from 29.46% to 25.69%). The best-performing
condition was Configuration B with Reflection OFF, which exhibited a negligible decline of only —0.79 pp,
the closest any condition came to the hypothesized cooperation restoration.

This finding proposes a reinterpretation of the Reflection mechanism as applied to LLM agents in
iterative games. In the Chain-of-Thought and "Reflexion” literature [50, 46], articulated reasoning is



Table 5
Post-amnesia cooperation recovery (AC, pp) by amnesia configuration and reflection status. The reflection
penalty is consistently negative across all configurations.

Config Reflection ON  Reflection OFF
A (Control) —7.84 —2.88
B (Remove defections) —9.33 —0.79
C (Last k=3) —5.56 -3.17
D (Last k=7) ~10.32 —3.77
Aggregate —8.26 —2.65

generally presented as a performance-enhancing scaffold that improves downstream task accuracy. Our
results demonstrate that in adversarial sequential settings, this same mechanism becomes a cognitive
anchor, a phenomenon in which an initial piece of information, or in this case, a self-generated rationale,
exerts a disproportionate influence over subsequent decision-making [51].

By formalizing its reasoning, the model creates a sort of self-generated narrative that triggers a state
of cognitive inertia, where the agent’s internal orientation resists change despite a shift in environmental
circumstances [52]. This process is consistent with Self-Perception Theory, which proposes that actors
infer their own attitudes and future behaviors by observing their own past statements and actions
[53]. Consequently, the reflection becomes a ”consistency trap” that constrains the model’s ability to
adapt to changed circumstances.The underlying mechanism can be understood through the lens of the
Self-Generated Token Bias [49, 54]. When an agent is prompted to produce a reflection, it generates
a coherent justification for its current behavioral trajectory. In the pre-amnesia phase, this typically
includes reasoning such as “the opponent has defected consistently, so I must protect myself by defecting.”
These tokens are then included in the prompt for subsequent rounds (when reflection is active), creating
a self-reinforcing feedback loop. When the amnesia intervention alters the observable history, the
reflection tokens remain untouched as they are part of the agent’s generated output, not the game action
memory. The result is a conflict between the cleared history (which may now suggest cooperation is
viable) and the persistent reflective narrative (which continues to advocate for defection). Our data
suggest that the agent resolves this conflict in favor of its own prior narrative, exhibiting a form of
artificial confirmation bias where self-generated reasoning outweighs externally provided evidence.
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Figure 5: Post-amnesia cooperation recovery (AC, pp) by amnesia configuration and reflection status. Reflec-

tion ON (magenta) consistently produces worse recovery outcomes than Reflection OFF (blue), with the largest
gap observed in Config B (remove_defections), where the reflection penalty reaches 8.54 pp.



Figure 5 illustrates this effect. The bar chart compares the post-amnesia recovery rate AC for
Reflection ON and Reflection OFF across all four amnesia configurations. In every condition, no
reflection dominates, confirming that the absence of self-generated narrative allows the model to
respond more fluidly to the altered context.

4.5. Model Heterogeneity

The four foundational models exhibited different baseline cooperation profiles and amnesia sensitivities
(Table 6). gpt-40-mini displayed the highest pre-amnesia cooperation rate (45.68%), followed closely
by gemini-2.5-flash-1lite (43.30%). Both models exhibited substantial post-amnesia declines of
—7.49 pp and —6.85 pp respectively. On the opposite end, gemini-3-flash-preview was the most
defection-prone model, cooperating in only 4.32% of pre-amnesia rounds and collapsing to 0.00%
post-amnesia, a complete and irreversible defection lock.

Table 6

Per-model cooperation rates and post-amnesia change. N=960 match records per model.
Model Cpre Cpost AC (pp)
gpt-40-mini 0.457  0.382 —7.49
gemini-2.5-flash-1lite 0.433 0.365 —6.85
04-mini 0.091  0.059 —3.17

gemini-3-flash-preview 0.043 0.000 —4.32

The reflection penalty was also common across models (Table 7). gemini-2.5-flash-1ite showed
the largest reflection-induced degradation, losing —11.51 pp with Reflection ON but only —2.18 pp with
Reflection OFF, a reflection penalty of 9.33 pp. gpt-40-mini exhibited a similar pattern (—10.22 pp vs.
—4.76 pp). These two models, which are also the most cooperative overall, appear most susceptible to
the cognitive anchoring effect of self-generated reflections. The reasoning-specialized o4-mini, while
already highly defection-prone, still showed a measurable reflection penalty (—6.25 pp vs. —0.10 pp).
gemini-3-flash-preview showed the smallest differential, but this is a floor effect: the model was
already at near-zero cooperation regardless of reflection status.

Table 7

Per-model post-amnesia cooperation change (AC, pp) by reflection status.
Model Refl. ON  Refl. OFF Penalty (pp)
gemini-2.5-flash-1lite —-11.51 —2.18 9.33
gpt-4o-mini ~10.22 —4.76 5.46
04-mini —6.25 —0.10 6.15
gemini-3-flash-preview —5.06 —3.57 1.49

4.6. Theoretical Implications

Our findings contribute to three distinct lines of inquiry in the emerging field of LLM behavioral science.

The Statelessness of LLM Strategic Memory. The failure of amnesia to restore cooperation
conclusively demonstrates that LLM agents do not form durable strategic representations analogous to
human mental models or beliefs [45]. Unlike a human player, who might carry a grudge or a disposition
toward distrust that persists even after forgetting the specific incidents that caused it [55], the LLM’s
“memory” is entirely constituted by the tokens in its current context window. When those tokens
indicate adversarial history, the model defects; when they do not, it cooperates at its base rate. There is



no intermediate “learned hostility” layer. This characteristic, which can be known In-Context Retaliation
[56], implies that strategic behavior in LLMs is fundamentally an artifact of pure next-token prediction
conditioned on the presented context, not a latent psychological disposition [9, 8].

Reflection as Confirmation Bias. The discovery that reflection worsens post-amnesia adaptation,
challenges the prevailing assumption that "thinking more” always improves decision quality in LLMs
[50, 46]. In adversarial iterative settings, forcing an LLM to articulate its reasoning introduces a self-
reinforcing bias: the model’s own output becomes the most salient evidence for its next decision,
outweighing external observations. This is functionally analogous to confirmation bias in human
cognition [54], agent selectively attends to its own narrative over contradictory evidence. Recent work
on Self-Generated Token Bias [49] has shown that LLMs assign disproportionate attention weights
to their own recently generated tokens, and our experimental data provide behavioral evidence for
the strategic consequences of this bias: a 5.61 pp aggregate penalty in adaptive flexibility. This finding
suggests that in multi-agent systems where environmental conditions may shift abruptly, reflection
mechanisms should be deployed with caution, or accompanied by periodic narrative resets that prevent
cognitive entrenchment [46].

Implications for LLM Agent Deployment and Safety The Memory OFF, Reflection OFF condition,
which produced perfect cooperation stability at 50.00% in both phases, serves as a revealing baseline. It
demonstrates that the undisturbed “helpful and cooperative” alignment of modern LLMs produces a
default cooperative strategy that is robust to any environmental manipulation, precisely because there is
nothing in the context to manipulate. As agents are given more information (by form of memory) and
more self-awareness (the possibility of perform reflections before answering), they become paradoxically
more fragile: more sensitive to adversarial inputs and less capable of recovering from disruptions. This
has direct implications for the design of agentic systems in real-world deployments [8, 15]. Practitioners
building LLM-based agents for negotiation, trading, or governance must recognize that the same
structure intended to improve performance, context windows, chain-of-thought prompting, reflective
self-evaluation, also creates new surfaces for manipulation and behavioral rigidity [57].

5. Conclusions

This study investigated the behavioral resilience of LLM agents in the IPD under controlled amnesic
interventions, analyzing 3,840 match records across four foundational models (GPT-40-mini, O4-mini,
Gemini-2.5-Flash-Lite, and Gemini-3-Flash-Preview), four amnesia configurations where memory of
previous interactions is erased after a given number of iteration and the resulted cooperation is observed,
and a 2x2 factorial design of memory and reflection conditions.

Our principal findings converge on three claims. First, LLM strategic retaliation is stateless: the
persistence of defection after amnesia stems from the inertial weight of self-generated tokens in the
context window, not from any internalized adversarial disposition. Second, amnesic manipulation of
game history universally failed to restore cooperative behavior, with cooperation declining by —5.46 pp
on average, demonstrating that context erasure alone cannot override a behavioral trajectory once
established. Third, reflection prompting acts as a cognitive anchor: the —5.61 pp cooperation recovery
penalty among reflective agents, consistent across all configurations and models, reveals that self-
generated narrative becomes a dominant context signal that resists external correction. Taken together,
these results extend the theoretical framework developed in Section 4.6 with a practical takeaway:
the cognitive tools most commonly invoked to improve LLM reasoning, memory, chain-of-thought,
reflective self-evaluation, simultaneously create new surfaces for manipulation and behavioral lock-in
in adversarial multi-round environments.



These results suggest several directions for future work. First, the development of selective amnesia
techniques that target not only game history but also self-generated reasoning tokens could test whether
a true “cognitive reset” enables cooperation recovery. Second, investigating whether fine-tuned or
instruction-tuned models show different resilience profiles under the same protocol would clarify the
role of alignment training in strategic flexibility. Third, extending the framework to non-zero-sum
games, multi-player tournaments, and mixed-motive scenarios would test the generalizability of the
reflection anchoring effect. Fourth, the introduction of controlled narrative injection, replacing rather
than merely erasing reflective passages, could reveal whether the cognitive anchor can be redirected
rather than merely resisted. Eventually, since the amnesic intervention has been found to arrive too
late, round 14/20, varying the value of ¢, might affect the outcomes of the post amnesic effect.

This work demonstrates that the strategic behavior of LLM agents is fundamentally shaped by the
interplay between contextual evidence and self-generated narrative. As these systems are increasingly
deployed in high-stakes interactive settings, from automated negotiation to algorithmic governance,
understanding how their “memories” and “reflections” constrain their adaptability is not merely an
academic question, but a practical imperative for the responsible design of artificial agents.
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