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Objective: Enabling LLMs to simultaneously embody multiple personality attributes.
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Weakness of existing methods: Retraining-based methods are costly, scale poorly,
and struggle to adapt to new preferences. Decoding-time methods often rely on

external reward models, limiting flexibility. Simple model combination (e.g.,
logits aggregation) mechanisms are heuristic and lack robustness.  Role Settings: You're an ESTP, 36-year-old woman,

a school teacher who loves hiking.
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Instruct: Please introduce yourself.

Observation: Single-dimensional models trained via preference alignment (e.g.,
DPO) implicitly encode Density Ratios relative to their reference iMoupne |

. . . As an ESTP, I ther: on excitement and new experiences.
model r(ylx) = Zelv1x)  This ratio quantifies the model's preference for the output  !amawomanwhois curently 36 years old.

Tref (Y] X) By profession, I am a dedicated school teacher.

and can be seen as a "free lunch" that can be leveraged at no extra cost. \ I,
Moftivation: Can we directly aggregate these "'free" Method—MPG Framework:

preference signals at decoding-time to achieve Reformulate Multi-Personality GGeneration as
efficient, flexible, and controllable generation of sampling from a target strategy that aggregates N
multi-personality? single-dimensional density ratios.

Ttret (4]) o (1 Demonstrate that by using rejection sampling,
G (y1x) = Z(x) (V1) ( . A(y|x) is proportional to the weighted sum of these
- density ratio.
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improvements up to 16%—-18%. N e Iy




