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From "General Assistant" to "Personalized Companion"

 The Trend: As Multimodal Large Language Models (MLLMs) become increasingly powerful, user 
expectations are shifting. We want MLLMs to evolve from general "tools" into empathetic, 
customized "personalized companions."

 Defining Personalization: Deeply integrating user-specific memories and preferences into the 
model's output to generate customized responses that align with the user's unique personality 
and traits.

 Our Goal: Transform a general-purpose MLLM into a personalized assistant capable of:

1. Persistently remembers user-specific multimodal information over time
2. Accurately infers user intent
3. Dynamically aligns its behavior with individual preferences and personality

1 Background & Motivation
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 Motivation Example

 Preference Shift: Systems relying purely on static databases suffer from "outdated 
memory" and provide misaligned recommendations.

 Personality Alignment: A user's true personality often hides in fragmented dialogue
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Yo’LLaVA  (NeurIPS 2024) RAP (CVPR 2025)

Relies on concept-level fine-tuning, 
which suffers from scalability issues 
and hallucination.

Relies on pre-defined, static databases. 
Lacks a mechanism to proactively 
manage and update dynamic interactive 
knowledge.

Existing Multimodal Personalization Works:
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Existing Personality Alignment Works:

Current AI alignment is static, but humans are dynamic.



2 Methodology - PersonaVLM Framework

It is built upon a personalized memory architecture and operates through two 
collaborative stages of Response and Update to enable long-term personalization.

Three key capabilities: 

 Remembering

 Reasoning

 Response Alignment
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 Memory Architecture User personality profile

Quantifies Big Five traits: 

  Openness

  Conscientiousness

  Extraversion

  Agreeableness

  Neuroticism
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 Personality Evolving Mechanism 
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 Data Synthesis Pipeline

 Long-term Dynamics;

 Multimodality & Diversity;

 Structured Supervision

500 Persona, 30k+ convs
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 Training: SFT + RL
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 Benchmark Persona-MME：Filling the gap in evaluating long-context + multimodal 
+ multi-dimensional dynamic personalization.

 Memory

 Intent

 Preference

 Behavior

 Relationship

 Growth

 Alignment

14 fine-grained tasks
2,000+ in-situ questions
32k & 128k



3 Experiments & Analysis

  Research questions

 RQ1: How effectively does PersonaVLM perform in personalized user understanding and 
memory recall? 

 RQ2: Can PersonaVLM achieve effective alignment by capturing a user’s evolving 
personality traits over time? 

 RQ3: How well does PersonaVLM perform in personalized open-ended generation? 
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 Personalized Understanding & Memory
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 Personalized Alignment
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 Open-Ended Evaluation
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 Qualitative Case Studies
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  Comprehensive Evaluation



 PersonaVLM Agent Framework: Successfully integrates three core capabilities—
Remembering, Reasoning, and Response Alignment—to achieve dynamic, long-term 
personalization for MLLMs.

 Dynamic Memory Architecture: Features Core, Semantic, Procedural, and Episodic 
memories, empowered by a Personality Evolving Mechanism (PEM) to track Big Five 
traits in real-time.

 Persona-MME Benchmark: Fills the gap in long-term, multimodal personalization 
evaluation with over 2,000 interactive scenarios across 7 dimensions.

 Performance Leap: Achieves a 22.4% improvement over the baseline on Persona-MME 
(128k) and surpasses GPT-4o in both personalized understanding and generative tasks.

3 Conclusion




