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Multi-Personality Generation

MOTIVATION

• Multi-personality generation requires generated text to simultaneously 
embody multiple, potentially interacting personalization attributes.



Existing Work

MOTIVATION

• Retraining-based methods 
• Use multi-objective optimization (e.g., MORLHF) to "integrate" multiple 

preferences into a single model's weights.
• Costly, scale poorly, and struggle to adapt to new preferences. 

(Base LLM) + (Prefs A, B, C) 
——> [Expensive Retraining] ——> (Model_ABC)



Existing Work

MOTIVATION

• Decoding-time methods 
• Guide the decoding process using external models (e.g., reward models) or by 

mixing logits from multiple models.
• Multi-dimensional reward models are scarce and hard to acquire.
• Simple model combination (e.g., logits aggregation) mechanisms are heuristic 

and lack robustness.

(Model A) + (Model B) + (Model C) 
——> [Logits Mixer] ——> (Output Token)



MOTIVATION

• Observation: When we align a model  (e.g., for "Hobby") from a base 
model  using DPO, all the preference information is encoded.

• Where? In the Probability Density Ratio:                . 
• This ratio is a "free lunch" —it quantifies the exact preference of a 

single attribute, and we already have it.
• Main Idea: Can we skip retraining and complex reward models, and 

instead directly aggregate these "free" density ratios from multiple 
single-dimensional models at decoding-time?

Main Idea
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Multi-Personality Generation

PROBLEM DEFINITION

• Goal: We want to sample from a target distribution that aggregates N 
preferences.

• Given: A reference model:
              N single-preference models:
• Target Policy: Define the optimal policy           as one that optimizes 

a combined reward. 



The Bridge: MPG & Rejection Sampling

METHOD: MPG Framework

Target Policy

ratio(target and proposal)
in Rejection Sampling
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The Bridge: MPG & Rejection Sampling

METHOD: MPG Framework

Target Policy

ratio(target and proposal)
in Rejection Sampling

Acceptance Probability

The acceptance probability can be regarded as 
just a weighted sum of ratios!



• How it works:  full sequences           parallel chunks (k-tokens) 
proposal and validation

1. Propose: ref_model generates a k-token chunk C.
2. Validate: Get the score for that chunk                                                            

by querying all single-preference models.
3. Accept: accept/reject the chunk using a dynamic threshold M. And Online 

Update of M via a three-phase sliding window:

Speculative Chunk-level based Rejection sampling

SCR: The Efficient Algorithm

Warm-up → Estimation → Stabilization



SCR: The Efficient Algorithm

Speculative Chunk-level based Rejection sampling
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• Datasets
• MBTI-QA:instruction-following QA
• MBTI-MCQA:multiple-choice answering
• MBTI-16P:16Personalities psychometric 

instrument 

• Evaluation
• LLM-as-a-Judge

• Metrics: Style (Sty), Thought (Tho), Behavior 
(Beh), Naturalness (Nat)

EXPERIMENTS

Experimental Settings
2 tasks: MBTI Personality Simulation and Role-Playing

• Datasets
• Adapt the methodology from ALOE1, 

focusing on user profile and personality.

• Evaluation
• LLM-as-a-Judge

• Metrics: Profile Relevance (PR), Persona 
Match (PM), Humanlikeness (Hl)

• Reference-based
• Metrics: BLEU, ROUGE-1 F1, BERTScore,  

Perplexity

1https://github.com/ShujinWu-0814/ALOE



• Baselines
• Base: Llama-3-8B-Instruct.
• DPO: Direct Preference Optimization applied to the base model.
• Preference Prompting (PP): implements personality conditioning through explicit attribute 

descriptions in prompt engineering, applied across base model, single-preference model, and 
specialized model configurations. 

• DPO Soups (a variant of Personalized Soups):  acquires the LoRA parameters of 
independently - trained single - preference DPO models. Following weighted averaging, these 
parameters are applied to �  ref to generate text with multi-personality. 

• MOD:  performs a weighted linear combination of the output logits from single - attribute 
DPO models during decoding and samples based on the combined logits.

EXPERIMENTS

Experimental Settings
2 tasks: MBTI Personality Simulation and Role-Playing



EXPERIMENTS

Main results

Table: Comparison of baseline methods and SCR on MBTI task. SCR(ref-Base) and SCR(ref-DPO single) 
refer to the use of Base and DPO single, respectively, as the reference model to perform the SCR.



EXPERIMENTS

Main results

Experiments on 2 tasks indicate the effectiveness of MPG,  
SCR outperforms baselines, showing improvements up to 16%–18%.

Table: Comparison of baseline methods and SCR on Role-Playing task. 



EXPERIMENTS
Analysis 1: Efficiency (SCR is Fast)

Table: Efficiency comparison of different methods for Role-Playing task (�   = 2, 
chunk size � = 4).↑ indicates higher is better,while ↓ indicates lower is better.

SCR provides the best trade-off between quality and speed



EXPERIMENTS
Analysis 2: Controllability (α-Tuning)

Figure: Iterative tuning process for the �.. Bars indicate prediction accuracy (left axis) for each 
MBTI dimension; dashed lines track �  values (right axis) at each optimization step.
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