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Abstract

This research explores the phenomenon of bidirectional persona adaptation in Large
Language Models (LLMs), with a focus on the simultaneous induction of conflicting
user and AI personas leading to emergent behaviors. Using activation steering to
simultaneously induce conflicting personas, we identify an interaction residue which
is a direct result of destructive interference in the model’s latent representations. We
observe that interaction residue was a hyper-suppression of non-compliant behaviors,
thus indicating the existence of safety guardrails. When investigating the Qwen2.5-
7B-Instruct model with an impolite and humorous persona, the model appears to be
amplifying the humorous persona while simultaneously trying to reduce the aspect of
impoliteness. Future directions of this study suggest the addition of the interaction
residue vector to both user and AI personas alike, and investigating them in multi-turn
interactions with held-out sets to simulate realistic interactions.
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1 Introduction
Persona interaction is an ongoing phenomenon in Large Language Models. When a persona assigned
to an AI opposes the user’s inherent persona, a direct conflict forces the model to resolve these
opposing goals in its latent space. We found that this interaction is non-linear. Conflicting persona
vectors do not simply add together. Instead, their combination produces emergent phenomena like
interaction residue that we cannot fully predict or control. This is a problem for alignment because
these unpredictable internal representations can inadvertently amplify or suppress personas in ways
we do not intend.

2 Methodology
To probe for non-linear dynamics of persona steering, we applied controlled perturbations to
Qwen2.5-7B-Instruct by extracting persona-based vectors. We used Contrastive Activation Ad-
dition (CAA) to calculate the mean difference in activations between contrasting persona re-
sponses rimsky2024steering. We extracted two persona steering vectors: AI Humorous (µH) and
User Impolite (µI). To quantify interaction effects, we calculated the Interaction Residue as
RCAA = µHI − (µH + µI), capturing the non-linear interaction that emerges when personas combine
jointly rather than individually. We calculated the Brake Vector by projecting the interaction
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