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OPEN Effects of personality steering
on cooperative behavior in large
language model agents

Mizuki Sakai*, Mizuki Y¢

i* & Genki |

Large language models (LLMs) are increasingly used as autonomous agents in strategic and social
intoract lons, Altthough recent studies cuggest that ntignins personality traits to LLMs can influence
their behavior, how personality steering affects cooperation under controlled conditions remains
unciear. In this study, we examine the etfects of personality steering on cooperative behavior in LLM
agents using repeated Prisoner’s Dilemma games. Based on !hl 8Big Five framework, we first measure
basic person: Iltysto es of three models, GPT-2.5- o«bo GPT-40, and GPT-S, using the Big Five
Inventory, We then compare behavior under baselin dperwnolty nformed oadnon and further
analyco the effocts Mindopumn}ymmpuh ng uhpemo ality dimension to extreme valves. Our
results show that ion across all models, while
other porsoany its hav Emednnpm(pl-cipem Ity nformation increases cooperation
but can also asewl rabiiity to exploitation, particularly in earlier-generatio mod Is. In contrast,
later-gen erauonmod Is exhibit more selective cooperation. These findings indica
steering a a behavioral bias rather than a deterministic control | mechanism,

Keywords Large language model, Personality steering,
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, Cooperative behavior, Repeated Prisoner’s Dilernina

Sakai et al. (2026)
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