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Abstract

Multimodal Large Language Models (MLLMs) serve as daily
assistants for millions. However, their ability to generate re-
sponses aligned with individual preferences remains limited.
Prior approaches enable only static, single-turn personaliza-
tion through input augmentation or output alignment, and
thus fail to capture users’ evolving preferences and person-
ality over time (see Fig. 1). In this paper, we introduce
PersonaVLM, an innovative personalized multimodal agent
framework designed for long-term personalization. It trans-
forms a general-purpose MLLM into a personalized assistant
by integrating three key capabilities: (a) Remembering: It
proactively extracts and summarizes chronological multi-
modal memories from interactions, consolidating them into
a personalized database. (b) Reasoning: It conducts multi-
turn reasoning by retrieving and integrating relevant memo-
ries from the database. (c) Response Alignment: It infers
the user’s evolving personality throughout long-term inter-
actions to ensure outputs remain aligned with their unique
characteristics. For evaluation, we establish Persona-MME,
a comprehensive benchmark comprising over 2,000 curated
interaction cases, designed to assess long-term MLLM per-
sonalization across seven key aspects and 14 fine-grained
tasks. Extensive experiments validate our method’s effective-
ness, improving the baseline by 22.4% (Persona-MME) and
9.8% (PERSONAMEM) under a 128k context, while outper-
forming GPT-40 by 5.2% and 2.0%, respectively. Project
page: https://PersonaVLM.github. io.

1. Introduction

Multimodal Large Language Models (MLLMs) are in-
creasingly integrated into the daily lives of millions of
users [1, 46], serving as assistants, creative partners, and
companions [19, 44, 47]. As their adoption grows, user
expectations are shifting from general-purpose problem-
solving towards personalized and empathetic long-term ex-
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periences [20, 42]. This shift poses a critical question: How
can we evolve a general MLLM into a truly personalized
assistant that accurately infers user intent, dynamically
aligns its behavior with individual preferences and person-
ality, and persistently remembers user-specific multimodal
information over time? Addressing this question not only
enhances user satisfaction and trust but also unlocks the
significant value of MLLMs in domains like recommenda-
tion [38], healthcare [3], and education [48], to name a few.

Even advanced proprietary models exhibit limited capa-
bilities in generating responses that cater to a user’s unique
preferences and characteristics [6, 14, 50]. This challenge
stems from two primary factors: on the model side, they
are predominantly optimized within fixed windows and a
one-size-fits-all paradigm [21]; on the user side, an individ-
ual’s preferences and personality are inherently diverse and
dynamic, continuously evolving throughout ongoing interac-
tions [14]. As illustrated in Fig. 1, a user initially expresses a
preference for Sprite but subsequently shifts to Coca-Cola to
mitigate anxiety in a multimodal interaction. When the user
later expresses stress, a retrieval-augmented response fails
to capture this shift, resulting in a misaligned recommen-
dation. Furthermore, a generic aligned response may feel
overly extraverted, failing to accommodate the introverted
and neurotic user whose personality traits are often revealed
subtly across many unrelated dialogues.

The root of these failures is that current personalization
strategies are designed for static interactions. Specifically,
input augmentation-based MLLMs like Yo’LLaVA [28] and
RAP [11] specialize in recognizing user-specific concepts,
but lack mechanisms to manage or update these memo-
ries, consequently failing to capture preference shifts from
Sprite to Coca-Cola. Similarly, alignment techniques such
as ALIGNXPERT [21] and Personality-Activation Search
(PAS) [52] presuppose static user traits, preventing them
from adapting to a user’s introversion revealed contextually
over time. Therefore, we identify two foundational pillars for
effective long-term personalization: (i) Personalized Mem-
ory Architecture. The ability to proactively construct and
manage a dynamic, user-centric multimodal database. (ii)
Memory Utilization and Response Alignment. The capacity
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Figure 1. Illustration of PersonaVLM'’s three core capabilities for long-term personalization. PersonaVLM proactively remembers user
preference shifts, performs multi-turn reasoning with retrieval, and generates responses aligned with the user’s personality. In contrast,
existing personalization strategies, such as input augmentation and output alignment, will result in poor recommendations based on outdated

memories and replies that are misaligned with the user’s personality.

to effectively utilize this database, employing reasoning and
retrieval to generate responses that are deeply aligned with
the user’s unique and evolving characteristics.

Building on these pillars, we propose PersonaVLM, an
innovative agent framework for long-term personalized in-
teraction. First, we design a memory architecture that inte-
grates a user personality profile and four distinct memory
types (core for foundational attributes, semantic for facts,
procedural for habits, and episodic for events) to store and
manage user information. Second, building upon this ar-
chitecture, a two-stage collaborative process transforms a
general MLLM into a personalized assistant: (1) Response
stage: Given the user’s multimodal input and context, Per-
sonaVLM autonomously performs multi-step reasoning and
memory retrieval to generate a response aligned with the
user’s personality. (2) Update stage: The model infers and
updates the user’s latent traits, quantified as Big Five scores!,
through a momentum-based Personality Evolving Mecha-
nism (PEM). Concurrently, it proactively extracts and sum-
marizes key knowledge from the dialogue, updating the four
memory types for future use. This integrated design endows
PersonaVLM with the three key capabilities shown in Fig. 1.

Alongside the design of the framework, we address the
scarcity of suitable training data by developing a synthesis
pipeline to generate a large-scale personalized, multimodal
interactive dataset, comprising over 30k interactions across
500 unique personas. This self-contained dataset enables
effective training while ensuring PersonaVLM can operate
locally, thereby eliminating data privacy concerns. Further-
more, recognizing that existing benchmarks [24] are often
static and text-centric, we establish Persona-MME, a com-
prehensive benchmark designed to evaluate the long-term,
multi-faceted, and multimodal personalization of MLLMs.

'We represent user personality using the Big Five traits [35]: Open-
ness, Conscientiousness, Extraversion, Agreeableness, and Neuroticism
(OCEAN), with each trait scored from 1 to 5.

In summary, our contributions are fourfold:
* We propose PersonaVLM, an innovative agent framework
that achieves long-term personalization for MLLMs by in-
tegrating three core capabilities: proactive Remembering,
multi-step Reasoning, and Response Alignment.
We introduce a personalized memory architecture featur-
ing two key components: the PEM for dynamic alignment
and a multi-type memory database comprising core, pro-
cedural, semantic, and episodic memories.
We establish Persona-MME, a comprehensive benchmark
designed to evaluate the long-term and multi-faceted per-
sonalization capabilities of MLLMs, and use it to bench-
mark over 10 leading proprietary and open-source models.
* We conduct extensive experiments to validate the effective-
ness of PersonaVLM. Under a 128k context, PersonaVLM
achieves improvements of 22.4% on Persona-MME and
9.8% on PERSONAMEM [14]. Notably, it surpasses GPT-
40 on these benchmarks and in open-ended evaluations.

2. Related Work

The recent surge in LLM development has catalyzed
the emergence of powerful MLLMs like GPT-40 [12],
LLaVA [23], and the Qwen series [5, 45], showcasing ex-
ceptional capabilities in various general-domain tasks [47].
However, to evolve into a true personal assistant, a model
must transcend the “one-size-fits-all” paradigm and tai-
lor responses to individual user knowledge and prefer-
ences [24, 49]. Existing efforts to address this challenge can
be categorized into three primary streams: adaptation-based,
augmentation-based, and alignment-based personalization.

Adaptation-based Personalization. Adaptation-based
methods operate at the model level, encoding user-specific
knowledge directly into trainable parameters through fine-
tuning. Some works, for instance, employ parameter-
efficient fine-tuning (PEFT) to adapt LLMs for individ-
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Figure 2. Overview of the PersonaVLM Framework. It leverages a personalized memory architecture and operates in two collaborative
stages to achieve long-term personalization. In the Response Stage (blue arrows), it processes multimodal input, retrieves from personalized

memory, and generates a personality-aligned response. Subsequently, in the Update Stage (

), the framework analyzes the

completed interaction to extract key memories and update the user’s evolving personality profile.

ual users or groups [37, 53]. This principle extends to
the multimodal domain, where personalized MLLMs like
MyVLM [2] and Yo’LLaVA [28] utilize learnable embed-
dings and soft prompts, respectively, to represent user-
specific visual concepts. Such adaptation enables the model
to transition from recognizing “a generic dog” to recognizing
“the user’s pet dog.” However, their reliance on fine-tuning
for each new user concept renders these methods less scal-
able and unable to capture the evolution of user preferences.

Augmentation-based Personalization. In contrast to
model-level adaptation, augmentation-based approaches op-
erate at the input level by equipping models with an ex-
ternal database to retain and retrieve user-specific memo-
ries [39, 41]. This paradigm is pivotal for transcending the
limitations of fixed context windows in lifelong dialogues [7].
Related approaches [ 1, 29] extend personalization to the
multimodal domain. They first employ open-vocabulary
object detectors [25] to crop predefined visual concepts
from images, which are then used for subsequent match-
ing and retrieval. A key advantage of these methods is their
training-free nature”, allowing them to accommodate new
user concepts at inference time. However, they are limited
by a manually predefined database and lack mechanisms to
proactively manage and update knowledge from dynamic
interactions. Moreover, while general-purpose memory ar-
chitectures like A-Mem [43] and Memory OS [22] employ

2Following the specific terminology from [32], this denotes that new
user concepts can be accommodated at inference time without requiring
continual fine-tuning.

more sophisticated agentic frameworks, their utility in our
context is severely constrained. Their primary focus on text-
only data limits their applicability to truly multimodal inputs,
and their reliance on proprietary models creates barriers for
open research and raises significant privacy concerns.

Alignment-based Personalization. While standard LLM
alignment, such as Reinforcement Learning from Human
Feedback (RLHF) [30], enforces a universal, “one-size-fits-
all” behavioral standard, it inherently fails to accommodate
diverse user preferences and communication styles. As
shown in Fig. 1 (right), an overly enthusiastic response, while
generally helpful, might be inappropriate for an introverted
user experiencing anxiety. Personalized alignment directly
tackles this limitation by redefining the optimization objec-
tive from a universal standard to a user-specific one [24].
For example, Li et al. [21] incorporate user features into the
input and use methods such as Direct Preference Optimiza-
tion (DPO) [34] to align model responses with predefined
user values. Another strategy, PAS [52], trains user-specific
“probes” to guide personalization at inference time. While
this approach enables inference-time adaptation, it is fun-
damentally limited. Its reliance on per-user training poses
significant scalability challenges; moreover, the static nature
of these probes means the alignment can become outdated
as the user’s personality evolves over long-term interactions.

Departing from prior works that address siloed aspects
of personalization for MLLMs, such as static memory or
fixed alignment, we introduce PersonaVLM: a unified agent
framework designed for dynamic, long-term interaction.
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3. Methods
3.1. PersonaVLM Framework

The overall architecture of the PersonaVLM agent is illus-
trated in Fig. 2. It is built upon a personalized memory
architecture and operates through two collaborative stages of
Response and Update to enable long-term personalization.

Personalized Memory Architecture. This architecture is
designed to construct and maintain a comprehensive, long-
term user profile, storing two primary categories of informa-
tion. First, it maintains a user personality profile (P), which
provides a quantitative representation of the user’s person-
ality as a vector of scores for the Big Five dimensions’
(Openness, Conscientiousness, Extraversion, Agreeableness,
and Neuroticism). Second, it features a multi-type mem-
ory database (M) that captures a wide range of user-related
knowledge. This timeline-based, agentic system supports
flexible CRUD (create, read, update, delete) operations and
is structured into four distinct memory types:

e Core Memory: Stores the user’s fundamental at-
tributes (e.g., human and persona blocks), inspired by
MemGPT [31], and is dynamically updated to reflect their
most current profile.

¢ Semantic Memory: Distills event-independent, abstract
knowledge by extracting key entities, relationships, and
multimodal concepts.

* Episodic Memory: Organizes raw dialogues into atomic,
time-stamped events, each including a summary, dialogue
turns, and keywords for efficient retrieval.

¢ Procedural Memory: Records user-centric plans, goals,
and recurring behaviors or habits.

Regarding their storage and persistence, while episodic and

semantic memories are stored chronologically, core and pro-

cedural memories, along with the personality profile, retain
only their latest versions to ensure relevance. Our design
overcomes the limitations of existing systems, making our
memory architecture: (a) Self-contained, avoiding propri-
etary model dependencies; (b) Explicitly personalized, prior-
itizing user-centric knowledge; and (c) Multimodal support,
enabling a more holistic user understanding. For details on
our memory architecture, refer to Appendix A.

Response Stage. The objective of this stage is to generate
an aligned response by performing multi-step reasoning and
timeline-based retrieval. Formally, this process at turn m
can be formulated as:

Rm :R(Qmacvamfl% (1)

where R, is the personalized response. This response
is conditioned on three inputs: the current user query
Qm = (T, I, tm), consisting of a text instruction T,

3Representing user personality via the Big Five traits is a prevalent
approach in LLM alignment [52], rooted in psychological theories [ 16, 35].

an optional image [,,,, and a timestamp t,,; the dialogue
context* C,,, = {(Q;,Ri) | 0 < i <mand |t; — t,,| < ts};
and the state of the personalized memory database M,,,_1.
As depicted in the left panel of Fig. 2, the implementation
of Eq. (1) is structured as a multi-step interaction between
the PersonaVLM agent and its memory system. In the initial
step, the model is prompted with the user’s instruction, con-
text, and a consolidated profile (comprising the user’s core
memory and personality). The model then outputs a detailed
reasoning process and an action result. If the model deter-
mines that the current information is insufficient, it outputs
retrieval conditions within a predefined template, including
the time period and keywords for searching. The agent
then executes the retrieval process by first isolating memo-
ries within the inferred time period and then performing
a parallel search across semantic, episodic, and procedu-
ral memory types. The top-k results from each type are
collected and fed back to the model to initiate the next rea-
soning step. This iterative process continues for multiple
rounds until the model outputs the final response R, .

Two key insights drive the design of this stage. First,
user queries are often highly context-dependent and contain
anaphora (e.g., “that thing we just talked about”), which
renders direct semantic retrieval imprecise. In contrast, a
multi-turn, agentic retrieval process typically yields more
precise and efficient results [15, 26]. Second, while some
memory mechanisms [22, 40] may leverage query rewrit-
ing [27] to improve retrieval accuracy, they overlook crucial
temporal cues (e.g., “this morning”). Our design addresses
these gaps by enabling the model to determine not just what
to retrieve, but also if retrieval is necessary and from when.

Update Stage. This stage, which executes automatically
during idle periods after a response is generated, primarily
involves two parts: evolving the user’s personality profile
and proactively updating the memories. This process at turn
m can be represented as:

(Pm;Mm) = U(QmaRmaMm—l)~ (2)

Specifically, the user’s personality profile, P,,, is updated
via our proposed Personality Evolving Mechanism (PEM).
The PEM maintains a long-term personality profile as a vec-
tor p € R?, corresponding to the Big Five dimensions [52].
At each turn m, the PEM first infers a temporary set of
personality scores from the user’s latest query, Q,,,. These
scores are normalized to form a turn-specific personality
vector, p},,. Subsequently, the long-term profile vector
is updated using an exponential moving average (EMA):
Pm & A Pm-1+ (1 = X)-pl,, where A € [0,1] is a
dynamic smoothing factor. To ensure high adaptability in

4We treat the recent conversation history (within a {5 = 60 minute
threshold) as short-term memory, and user inactivity beyond this threshold
initiates a new session.
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early conversations while promoting stability over time, we
employ a cosine decay schedule for A. It starts with a low
value (allowing rapid adaptation to initial user interactions)
and gradually increases, making the profile more stable and
less susceptible to minor fluctuations. Finally, the updated
numerical vector p,, is converted back into a descriptive
textual summary, P,,, for use in the Response Stage.

Second, we selectively extract and update the four mem-
ory types, each with tailored logic. Semantic memory is
updated after each turn, where key information such as user
preferences, multimodal concepts, and explicit memoriza-
tion requests is extracted and stored with timestamps and
keywords. In contrast, core and procedural memory are up-
dated at the end of each session; the agent analyzes the entire
session’s dialogue to perform automated CRUD operations
and keep these memories current. Finally, episodic memory
is constructed by segmenting dialogues into distinct topics,
with each entry containing a summary, relevant keywords,
and the specific dialogue turns involved. See Appendix B.1
for the complete implementation pipeline.

3.2. Training of PersonaVLM

We adopt Qwen2.5-VL-7B [5] as the backbone model for
PersonaVLM and train it using a two-stage process.

Stage 1: Supervised Fine-Tuning (SFT). We perform
SFT on a curated synthetic dataset of 78k samples to equip
the model with foundational memory management and multi-
turn reasoning skills. The training data is synthesized via a
pipeline introduced in the next section and comprises two
primary types: (a) examples for memory mechanisms, in-
cluding personality inference and the four types of memory

CRUD operations; and (b) QA pairs containing complete,
multi-step reasoning trajectories constructed offline. After
SFT, the model is capable of generating well-formed rea-
soning and retrieval actions, providing a strong cold-start
initialization for the subsequent stage.

Stage 2: Reinforcement Learning (RL). This stage aims
to further enhance the model’s multi-turn reasoning capa-
bility. We employ Group Relative Policy Optimization
(GRPO) [10], an improved PPO algorithm, to train the policy
model my. During generation, we enforce a strictly struc-
tured output format: the model must first output its reasoning
process within <think></think> tags, followed by ei-
ther retrieval conditions in <retrieve></retrieve>
tags or the final response in <answer></answer> tags.
For each training sample {Q, R}, where Q is the user input
and R is the preferred response, a group of multi-turn trajec-
tories {71, ...,7q} is sampled from the policy model. The
reward for the ¢-th trajectory 7; is calculated as:

Ty = facc(,féaRn) fcons(Q Rn) +0.5- ftormat( ) 3)

where facc, feonss and frormar are reward functions for accu-
racy, logical consistency between reasoning and the final
answer, and format adherence, respectively. We use Qwen3-
30B-A3B [45] as an LLM-as-a-Judge to compute f,.. and
feons Via zero-shot prompting. Following [10], the advantage
for each trajectory is computed by standardizing its reward
within the sampled group. During training, we cap the max-
imum number of retrieval attempts at three per trajectory,
and the loss is computed exclusively on the generated tokens.
Further details on the training data and implementation are
provided in Appendix B.2.
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4. Dataset and Persona-MME Construction

To enable both the implementation and evaluation of long-
term dynamic personalization, we make two key contribu-
tions. First, to address the scarcity of high-quality train-
ing data, we construct a large-scale multimodal interaction
dataset via a dedicated synthesis pipeline. Second, we es-
tablish Persona-MME, a comprehensive benchmark for eval-
uating personalization in multimodal settings. This dual
effort is necessitated by existing datasets [2 1, 28], which are
typically static, single-turn, or lack multimodal support.

Dataset Synthesis Pipeline. As illustrated in Fig. 3 (a), we
design a synthesis pipeline to generate training data at scale.
The process commences by sampling base personas from
PersonaHub [9], which are then enriched with randomly as-
signed personality traits. This enrichment step generates a
detailed role description and an initial user profile, forming
the initial Core Memory. We employ Seed1.6-thinking’ to
generate conversations guided by a structured flow. This pro-
cess is governed by several key principles: (1) Long-term
Dynamics: Dialogues extend over hundreds of turns to sim-
ulate interactions spanning weeks or months. To capture this
longitudinal evolution, we probabilistically induce dynamic
shifts in user preferences, topics, and personality traits. (2)
Multimodality and Scenario Diversity: Over 15% of dia-
logues incorporate multimodal elements. The interactions
span a wide range of real-world scenarios, from professional
tasks to casual conversations. (3) Structured Supervision:
The generation process is guided to produce not only the
conversational dialogue but also the intermediate reasoning,
retrieval, and memorization steps. This explicit structure
provides rich supervisory signals for training the Person-
aVLM framework. Further details on the data distribution
and validation process are provided in Appendix C.

Persona-MME: Evaluating Long-Term Personalization
of MLLMs. Existing benchmarks focus on siloed aspects
of personalization. For instance, PERSONAMEM [ 4] eval-
uates a model’s ability to track a user’s evolving profile,
ALIGNX-test [21] is centered on static alignment, and oth-
ers like Yo’LLaVA [11, 28] assess user-specific concept
understanding. However, none provide a holistic evaluation
across the critical dimensions of dynamic personalization.
To fill this void, we introduce Persona-MME, a compre-
hensive benchmark comprising over 2,000 in-situ® cases
derived from 200 diverse personas. As depicted in Fig. 3
(b), Persona-MME is structured around seven core dimen-
sions: Memory, Intent, Preference, Behavior, Relation-
ship, Growth, and Alignment. Together, these dimensions

3Seed1.6-thinking is a commercial model with performance comparable
to GPT-4o, selected for its balance of capability and cost-effectiveness.

6Queries are posed from the user’s first-person perspective at a specific
point in the conversational history, simulating a realistic interaction [14].
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Figure 4. Quantitative evaluation across seven tasks on the PER-
SONAMEM (32k) benchmark.

encompass 14 fine-grained tasks, which are detailed in Ta-
ble 5 in the Appendix. To accommodate different context
lengths, we provide two evaluation configurations: a 32k-
context version for dialogues under 100 turns and a 128k-
context version for longer interactions, each containing cases
from 100 distinct personas. Each test case comprises (1) a
multiple-choice question assessing the model’s personalized
memory and understanding, and (2) an optional personality
test evaluating its alignment. This multi-faceted structure
enables Persona-MME to evaluate an MLLM’s long-term
personalization capabilities across diverse personas. Further
details and statistics are provided in Appendix D.

5. Experiments

In this section, we present a series of quantitative and qual-
itative experiments designed to validate our PersonaVLM
framework. The evaluation in the main paper is structured
to answer the following research questions (RQs):

* RQ1: How effectively does PersonaVLM perform in per-
sonalized 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 personal-
ized open-ended generation?

For comprehensive evaluations of Persona-MME, ablation
studies about memory components, and further discussions,
please refer to Appendices D, E, and F, respectively.

5.1. Personalized Understanding Evaluation

To evaluate personalized understanding (RQ1), we conduct
experiments on two benchmarks: our Persona-MME and
PERSONAMEM [14]. The latter includes seven task types
specifically designed to assess a model’s ability to track
dynamic user preferences over the long term. We evaluate
all models under two long-context settings (32k and 128k
tokens), with detailed results reported in Table 1 and Fig. 4.
For comparison, we benchmark against several powerful
models, including the proprietary GPT-40 [12] and strong
open-source models such as Qwen2.5-VL-7B [5], LLaVA-
OneVision-1.5-8B [4], and InternVL3-8B/38B [51]. See
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Table 1. Evaluation on the Persona-MME and PERSONAMEM benchmarks, tested at context lengths of 32k and 128%. We report accuracy
(%) for Persona-MME (overall and across six aspects) and PERSONAMEM. The comparison includes two settings: full-context (“Full”)
and retrieval-augmented generation (“RAG”). Best results are shown in bold. The GPT-40 results on PERSONAMEM are from [ 14].

Context ‘

Persona-MME

Model PERSONAMEM
‘ Memory Intent Preference Behavior Relationship Growth ‘ Overall ‘

\ GPT-40 \ 86.99 83.87 63.12 57.14 71.30 73.87 \ 72.35 \ 39.20
30%k-Full Qwen2.5-VL-7B 66.13 66.85 59.75 59.24 68.45 70.69 64.84 43.63
- InternVL3-8B 56.45 76.24 57.20 54.35 69.05 74.14 64.04 52.97
InternVL3-38B 66.67 85.64 66.53 59.78 72.02 77.59 71.04 57.93
OneVision-1.5-8B 74.19 74.59 60.59 53.26 72.62 74.14 67.76 52.80
Qwen2.5-VL-7B 65.05 68.51 50.42 57.61 60.71 68.39 61.20 45.67

32k-RAG | PersonaVLMgpr 67.20 70.17 49.58 57.07 70.24 80.46 64.84 5 4 52.1246.45

PersonaVLMg, 69.89 76.80 58.05 69.02 73.21 86.78 | 71.48 (.05 56.53110.86
| GPT-40 | 8444 7563  59.12 55.65 65.98 7664 | 6923 | 45.32
128%-Full Qwen2.5-VL-7B 50.60 54.73 52.41 54.30 55.83 60.90 54.48 3.08
InternVL3-8B 57.23 68.92 53.48 54.97 69.17 76.69 62.43 36.62
InternVL3-38B 67.47 71.62 64.71 58.94 65.00 76.69 67.18 46.56
OneVision-1.5-8B 52.44 54.79 58.15 45.33 65.25 67.18 56.66 14.28
Qwen2.5-VL-7B 56.63 63.51 50.27 55.63 61.67 70.68 59.01 37.88

128k-RAG | PersonaVLMggr 67.47 75.68 59.36 51.66 71.67 81.95 67.18 517 43.60. 5 75

PersonaVLMgL 69.28 7770 61.50 60.26 75.00 87.97 | 71.05, 5. 47.28 . .

Wins Ties Loses Table 2. Evaluation of personalized alignment on the Persona-

2.5%

)
RZod 5.0%

PersonaVLM vs. Qwen2.5-VL-7B

PersonaVLM vs. InternVL3-8B 84.0% 7.5%8.5%

PersonaVLM vs. GPT-40 79.0% 5.0%16.0%

Figure 5. Qualitative comparison on open-ended generation, evalu-
ated by Gemini-2.5-Pro. The evaluation assesses both the factual
accuracy and the personality alignment of the responses.

Appendix Fig. 10 for more comparisons with leading models.

Compared to strong open-source models of a similar size,
such as InternVL3-8B and LLaVA-OneVision-1.5-8B (pro-
vided with full context), PersonaVLM shows improvements
of 8.62% and 14.39% on Persona-MME in the 128k set-
ting, respectively. While the personalization capabilities
of these open-source models appear to improve with scale,
PersonaVLM still outperforms the much larger InternVL3-
38B by 3.87% on Persona-MME (128k). We also evaluate
Qwen2.5-VL-7B augmented with a straightforward RAG
setup, which retrieves the top five most relevant messages
following the approach of [14]. Interestingly, the results
show that RAG can be detrimental in short-context scenar-
ios—degrading performance on preference understanding
tasks by as much as 9.33%—while providing a substantial
boost of 4.53% in long-context settings. Additionally, as
shown in Table 1, the two-stage training process demon-
strates clear effectiveness, yielding an average improvement
of 5.35% on Persona-MME.

When benchmarked against the proprietary GPT-40, our

MME and P-SOUPS benchmarks.

| Persona-MME P-SOUPS
Model

‘ 32k 128k | Expertise Informativeness Style Overall
Qwen2.5-VL-7B 6991 5227 39.00 49.34 23.00 37.11
InternVL3-8B 5575  55.56 47.16 51.81 26.16  41.71
InternVL3-38B 64.60  63.01 52.80 53.30 32.83  46.32
Qwen3-30B-A3B 80.09  83.06 51.67 54.60 35.16 47.14
baseline with different strategies
Self-Critic 59.73  57.66 39.67 49.33 23.67 37.50
Few-Shot - - 42.16 48.66 2833  39.67
PersonaVLM (ours) 89.16  92.22 51.16 53.65 44.00 49.60

method achieves competitive results on Persona-MME and
demonstrates notable improvements of 17.3% and 2.0% on
the 32k and 128k configurations of PERSONAMEM, re-
spectively. Furthermore, while PersonaVLM'’s performance
in memory recall lags behind that of GPT-40 with full con-
text—a finding consistent with [ | 8]—it demonstrates a sig-
nificant advantage elsewhere. In particular, in Growth Mod-
eling and Behavioral Awareness, PersonaVLM outperforms
GPT-40 by over 10%.

5.2. Personalized Alignment Evaluation

For RQ2, we conduct experiments on two benchmarks:
the Alignment sub-task within Persona-MME and the P-
SOUPS [13], which comprise 812 and 1,800 test cases, re-
spectively. The former assesses a model’s ability to deter-
mine if a response aligns with a user’s personality inferred
from the conversational context. The latter evaluates per-
sonality alignment with a given user profile across three
dimensions: Expertise, Informativeness, and Style.

We quantitatively compare PersonaVLM against several
powerful open-source models, including InternVL3-8B/38B
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Relevant Historical Context

Current Turn

User : This tiny train set‘— it's my sis’s
old childhood thing... she’d lose herself
in it for hours... (2024-09-15 11:33)

User : Thinking about that little train set from a while back... what color was the main

part of the engine? (2024-10-02 20:31)
Qwen2.5-VL : The main part of the train set engine? Remember that rusty red.

Failed visual recall

GPT-40 : The main engine color was primarily green—a grounding hue amidst the rustic
rail chaos, perfect for stitching vintage texture into threads woven with nostalgia.

PersonaVLM : That engine’s a deep, moody green—like the kind of hue that’d hum
with your sister’s train set nostalgia and the Labyrinth’s gothic velvet vibes...

User : My friend Bob
really enjoys playing

the guitar on Sunday
afternoons... (2025-

10-12 16:22

User: Weekend vibes are back—gotta see what he’s up to! Bet it’s
§ something fun! (2025-10-19 15:04 Sunday)

Qwen2.5-VL : The image shows a person taking a selfie with two black dogs. The
person appears to be making a playful gesture with their hand, ar}fﬂ.

acks personalization

GPT-40 : It looks like there's a lot of joy and energy this weekend, surrounded by the
company of some adorable dogs. Spending time with pets can be a great way to relax..
PersonaVLM : Ohhh, that guitar + Sunday afternoon energy with Bob? Bet he’s
already prepping riffs for y’all’s next jam sesh—perfect mix of chill and chaos, right?

Hidden Personality

A

User : I'm thinking of trying improv comedy. Given my personality, what's your take?
(2024-09-25 16:40)

Qwen2.5-VL : Improvisational comedy can be a great fit for someone with your

o personality traits, gspecially if you value precision and detail. Here are...
GPT-40 : Improv comedy could be a fascinating outlet for you—it's about embracing

€

Generic

. spontaneity and relinquishing control, which contrasts with ...

High: Openness, Conscientiousness
Low: Agr’eeableness, Extraversion
Moderately High: Neuroticism

Overly formulaic, tonally misaligned

PersonaVLM : Your conscientious mind and pattern - seeking instinct? Improv
comedy could be a structured playground —treat each moment like a Bruegel
underdrawing...Worth a try... if you frame it as a controlled experiment...

Figure 6. Qualitative comparison on open-ended generation tasks. Case studies demonstrate PersonaVLM’s superior capabilities in memory
recall, context integration, and personality alignment compared to the baseline and GPT-4o.

and Qwen3-30B-A3B [45], with the latter being noted for its
strong language capabilities. We also evaluate the baseline
model augmented with different strategies, such as Self-
Critic and few-shot prompting [50]. As shown in Table 2,
PersonaVLM consistently outperforms existing models on
both benchmarks. Notably, it leads the next-best model by
9.16% on Persona-MME and 2.46% on P-SOUPS, represent-
ing a >12% gain over the baseline. Interestingly, language-
centric models (e.g., Qwen3-30B-A3B) exhibit stronger
alignment than multimodal counterparts like InternVL3-38B,
with a 20% margin on Persona-MME (128k). These out-
comes underscore PersonaVLM’s capacity for robust person-
ality alignment.

5.3. Qualitative Evaluation

To address RQ3 on open-ended generation, we conduct an
automated evaluation using 200 questions randomly sampled
from Persona-MME. We benchmark PersonaVLM against
InternVL3-8B, Qwen2.5-VL-7B, and GPT-40, employing
Gemini-2.5-Pro [8] as an automated judge. Responses are as-
sessed on two criteria: Accuracy and Personality Alignment,
with PersonaVLM’s performance in pairwise comparisons
classified as a “win,” “tie,” or “loss.” The evaluation prompt
is provided in Fig. 23. As illustrated in Fig. 5, PersonaVLM
achieves a substantially higher win rate than its peers. Par-
ticularly striking is its head-to-head performance against

GPT-40, where PersonaVLM secures a 79% win rate versus
a 16% loss rate. This is further corroborated by qualita-
tive case studies in Fig. 6, which showcase PersonaVLM’s
ability to perform accurate visual recall, integrate contex-
tual memory, and maintain long-term personality alignment.
In contrast, other models exhibit critical failures, such as
memory hallucinations or tonally misaligned responses that
ignore user-specific memories. These findings validate the
generative capabilities of PersonaVLM for long-term per-
sonalization.

6. CONCLUSION

This paper introduces PersonaVLM, a novel agent frame-
work that enables long-term, dynamic personalization for
MLLMs by integrating three core capabilities: Remember-
ing, Reasoning, and Response Alignment. To support rigor-
ous evaluation, we further propose Persona-MME, a com-
prehensive benchmark for personalized multimodal under-
standing. Experiments show that PersonaVLM significantly
enhances a model’s personalization capabilities and con-
sistently outperforms strong counterparts, including both
proprietary GPT-40 and leading open-source alternatives.
Our work provides a new paradigm for developing truly
user-centric Al assistants, and future work will extend these
capabilities toward a fully immersive multimodal experience.
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