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A : <maeve>'s ears are 
flapping in the wind and 
its fluffy tail is wagging.

A : 

Q :What most distinctive 
feature of <maeve> is visible 
while running in this image?

Q : Remove <maeve> from the image.
A : 

Editing Data Construction PipelinePersona Summary: small white 
dog with fluffy fur, dark eye 
markings, and a bushy tail.

Wears a pink bib outdoors and rests 
on a sofa indoors.
Class: dog; Name: <maeve>

Q :<maeve> wears a santa hat/ rainbow scarf.

Multimodal QA Personalized Image EditPersonalized Image Generation

Q : Can you tell me some 
attributes of <maeve>?

A : <maeve> is a small dog with a fluffy white 
coat and distinctive black markings around 
its eyes, giving it a alert appearance……

Visual 
Question 
Answering

Text-only 
Conversation Thinking 

process……

Q : Put a pair of red glasses on <maeve>.
A : 

Q : <maeve> going out wearing its bib.

A : <maeve> wearing  
a pink bib.

Figure 1. Capability Overview of OmniPersona. OmniPersona leverages decoupled learnable prompts to achieve unified personalized
understanding, generation, and editing from only a few concept images paired with textual descriptions. Notably, OmniPersona is the
first framework to enable personalized image editing, a critical capability overlooked by previous works.

Abstract
Unified large multimodal models (LMMs) have achieved

remarkable progress in general-purpose multimodal under-
standing and generation. However, they still operate under
a “one-size-fits-all” paradigm and struggle to model user-
specific concepts (e.g., generate a photo of <maeve>) in
a consistent and controllable manner. Existing personal-
ization methods typically rely on external retrieval, which
is inefficient and poorly integrated into unified multimodal
pipelines. Recent personalized unified models introduce
learnable soft prompts to encode concept information, yet
they either couple understanding and generation or depend
on complex multi-stage training, leading to cross-task in-
terference and ultimately to fuzzy or misaligned person-
alized knowledge. We present OmniPersona, an end-to-
end personalization framework for unified LMMs that, for

† denotes corresponding author

the first time, integrates personalized understanding, gen-
eration, and image editing within a single architecture.
OmniPersona introduces structurally decoupled concept to-
kens, allocating dedicated subspaces for different tasks to
minimize interference, and incorporates an explicit knowl-
edge replay mechanism that propagates personalized at-
tribute knowledge across tasks, enabling consistent person-
alized behavior. To systematically evaluate unified person-
alization, we propose OmniPBench, extending the public
UnifyBench concept set with personalized editing tasks and
cross-task evaluation protocols integrating understanding,
generation, and editing. Experimental results demonstrate
that OmniPersona delivers competitive and robust perfor-
mance across diverse personalization tasks. We hope Om-
niPersona will serve as a strong baseline and spur further
research on controllable, unified personalization.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Recently, unified large multimodal models (LMMs) for
joint understanding and generation have demonstrated re-
markable potential as general-purpose AI assistants [8, 13,
25, 40, 42]. Models such as Chameleon [24], Janus-
Series [5, 16, 27], Blip3-o [4], Show-o2 [31] and Bagel [6]
can reliably follow user instructions across diverse task for-
mats, indicating that unified LMMs exhibit strong general-
ization ability over a broad spectrum of multimodal tasks
in open-world settings. In realistic human–AI interaction,
however, user demands are often organized around their
own entities and preferences, requiring assistants to under-
stand and persistently memorize personalized concepts and
to align with user intent under brief and naturals instruc-
tions. Existing unified models remain substantially con-
strained in such user-level scenarios. For example, when
using the identifier <maeve> for a specific dog, even with
attribute descriptions, current models still struggle to handle
<maeve> consistently and controllably. Consequently, ro-
bustly integrating personalized concepts into unified LMMs
is crucial for building truly personal AI assistants.

To enable personalization in LMMs, some efforts have
been made. One line of work uses retrieval-augmented
generation (RAG) [9], injecting concept attributes and de-
scriptions as external context; another learns soft prompts
to encode specific concepts in the latent space of the
model [1, 17].

In parallel, several methods propose dedicated personal-
ization mechanisms for unified LMMs and report promising
results on certain benchmarks [3, 18], yet three key chal-
lenges remain for achieving comprehensive and robust per-
sonalization in unified modeling:
(i) Coupled and Conflicting Representations. In unified
LMMs, sharing a common parameter space across tasks
naturally induces representational conflict [12, 27, 40],
which is further exacerbated in few-shot personalization,
where a single concept representation must simultaneously
support understanding, generation, and editing. Existing
methods (e.g., UniToken [11]) mitigate such interference
via multi-stage or alternating training, but personalized in-
formation remains compressed into a single latent space,
without structurally distinguishable “slots” to host task-
specific solution spaces. As a result, it is difficult to se-
lectively leverage pretrained knowledge for understanding
versus generation in a targeted and decoupled manner.
(ii) Opaque Knowledge Latents. Existing methods com-
press concept knowledge into opaque embeddings that lack
explicit interpretability—we cannot verify what knowledge
is encoded or how it drives the model’s understanding and
generation. This opacity poses a critical challenge for
personalized attribute-reasoning generation (PARG) [3],
where models generate images that must leverage learned
textual attributes (e.g., “<wangkai> in his home” without

Yochameleon

这个知识推理的放到方法部分，去和其他方法做对比，实验部分就直接和主定性图放在一起，但是单独开个小段落去分析

Unictoken OmniPersona

Q : Generate a photo of 
<wangkai> in his home

现在的推理流程变为：

Step 1：将原始prompt转换为问题
-输入：原始prompt
-输出：问题形式

Step 2：基于concept description和问题，给出答案
-输入：concept description + 问题
-输出：只有答案

Step 3：基于答案和原始prompt，改写prompt
-输入：答案 + 原始prompt
-输出：改写后的prompt

Step 4：使用concept description + 改写后的prompt生成图像
-输入：concept description + 改写后的prompt
-输出：生成的图像

pkill -9 -f "concept_auto_generate.py"

pkill -9 -f "clip_eval_auto.py"

pkill -9 -f "eval_understanding.py"

pkill -9 -f "evaluation_concept/infer.sh"

personalize
textual attributes

Q : Remove <maeve> from the image and fill the removed 
area seamlessly with the surrounding background. 

Hint: <wangkai>'s home is by the sea.

Before edit 
image

Figure 2. Current state-of-the-art personalized unified models fail
to stably leverage textual knowledge during generation, resulting
in images misaligned with concept descriptions (top). Moreover,
existing methods neglect personalized image editing, producing
outputs unrelated to the input image (bottom).

specifying the home’s features). As shown in Fig. 2, even
approaches like Yo’Chameleon [18] and UniCTokens [3],
which attempt to enhance knowledge expression via im-
plicit prompts and shared tokens, struggle to distinguish
whether the model genuinely leverages textual attributes or
merely memorizes visual patterns from training data. De-
veloping interpretable knowledge representations that en-
able genuine PARG capabilities remains an open challenge.
(iii) Personalized Editing Gap. Prior works do not exam-
ine the feasibility of personalized image editing (see Fig. 2).
However, editing is arguably the most demanding test of
personalized tasks: the model must follow user instructions
to perform local or structural modifications while accurately
locating and preserving the target identity [19, 41], effec-
tively coupling understanding and generation within a sin-
gle operation. At the same time, current benchmarks neither
systematically evaluate this crucial capability nor investi-
gate whether incorporating editing data can in turn enhance
performance across other personalization tasks.

To address these challenges, we propose OmniPersona,
a novel end-to-end framework for unified personalized un-
derstanding, generation, and editing. The proposed frame-
work is composed of the following key components:

Token Representations Decoupling. We relax the as-
sumption that a single shared parameter space suffices for
personalization by introducing structurally decoupled con-
cept tokens and assigning them to task-specialized expert
subspaces, so that the same personalized concept is cap-
tured by related but distinct tokens along different task path-
ways. This decoupling design mitigates cross-task interfer-
ence and enables selective reuse of pretrained knowledge
for understanding versus generation.
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Explicit Knowledge Replay. OmniPersona introduces
a reasoning-based knowledge replay mechanism that ex-
ternalizes personalized knowledge as explicit intermediate
representations. Specifically, the model self-generates de-
scriptions of concept attributes as conditioning signals and
replays the concept–text–image pathway, explicitly align-
ing knowledge acquired in understanding with downstream
generation and enforcing semantic consistency of the con-
cept across unified tasks.

Understanding–Generation–Editing Synergy. We
emphasize personalized editing as a crucial component and
investigate whether the fine-grained constraints imposed
by editing can in turn regularize and strengthen unified
personalized representations. To this end, we propose
OmniPBench, which extends the existing unified person-
alization benchmark UnifyBench [3] with carefully curated
personalized editing data and cross-task evaluation proto-
cols spanning understanding, generation, and editing, en-
abling a systematic assessment of how editing supervision
benefits overall personalization performance.

In summary, our contributions are as follows:
• To the best of our knowledge, the proposed OmniPer-

sona serves as the first end-to-end unified framework that
simultaneously achieves personalized image understand-
ing, generation, and editing.

• Our framework combines decoupled token representa-
tions to reduce task conflict, and uses inference-time ex-
plicit knowledge replay to improve personalized attribute-
reasoning generation stability and interpretability.

• We propose OmniPBench with integrated editing data
to systematically assess synergy across tasks.

• Comprehensive experiments demonstrate competitive
performance across personalized tasks and state-of-the-
art (SOTA) results in personalized editing.

2. Related Work
Unified Large Multimodal Models. As multimodal under-
standing and generation advance, unified models become
increasingly crucial across domains [14, 37, 39]. In recent
years, unified large multimodal models have attracted sig-
nificant attention [13, 15, 16, 26, 28, 30]. Early works such
as Janus-Pro [5] and UniToken [11] adopt a pure autore-
gressive paradigm, converting multiple modalities into dis-
crete vocabularies and performing joint modeling through a
shared decoding process, thereby unifying multimodal in-
puts and outputs within a common semantic space. How-
ever, these approaches often suffer from low generation
efficiency and limited flexibility in content synthesis. To
enhance generation quality and training efficiency, several
studies such as SEED-X [8], MetaQueries [20], and BLIP3-
o [4] introduce diffusion-based generation heads, which en-
able rapid alignment between understanding and generation
capabilities using limited multimodal paired data, and even

demonstrate synergistic improvements across tasks. Nev-
ertheless, these methods remain constrained by the sequen-
tial decoding bottleneck, making real-time high-resolution
generation challenging. To address this issue, subsequent
works (e.g., Transfusion [42], Show-o [31] and BAGEL [6])
combine the strengths of autoregressive and diffusion mod-
els to construct hybrid architectures that maintain the uni-
fied multimodal framework while balancing generation
flexibility and computational efficiency. As unified mod-
els continue to mature, an emerging research direction lies
in effectively customizing and adapting them to recognize
and leverage user-specific concepts, enabling personalized
understanding and generation within a unified modeling
paradigm.
Personalized Multimodal Understanding and Genera-
tion. Personalized adaptation aims to enable models to
recognize and utilize specific concepts, achieving rapid
user-level semantic alignment [33–36, 38]. MyVLM [1]
and Yo’LLaVA [17] inject personalized concepts through
learnable soft prompts, avoiding lengthy contextual descrip-
tions while enhancing understanding capability. Retrieval-
augmented approaches such as LaMP [22] and RAP [9]
treat conceptual profiles as external memory, leveraging
contextual retrieval to improve personalized reasoning.
MC-LLaVA [2] further optimizes multi-concept discrimi-
nation and co-occurrence understanding through joint train-
ing and visual token initialization, enhancing generalization
in multi-entity scenarios. On the generation side, works
such as DreamBooth [21] achieve high-fidelity subject-
driven image synthesis via few-shot fine-tuning of text-to-
image diffusion models, laying the foundation for person-
alized visual generation [10, 23, 29, 32]. More recently,
Yo’Chameleon [18] unifies personalized understanding and
generation within a single framework through dual soft
prompts and a self-prompting mechanism, while UniCTo-
kens [3] integrates complementary semantics of both tasks
via unified concept tokens and a three-stage mutual learn-
ing paradigm, achieving higher efficiency and performance
in unified personalized modeling. However, existing ap-
proaches still lack an end-to-end personalized modeling
mechanism that can fully exploit the potential of unified
multimodal architectures.

3. Methodology

We propose an end-to-end personalized multimodal frame-
work that unifies understanding, generation, and editing
with token representations decoupling, explicit knowledge
replay, and understanding–generation–editing synergy.

3.1. Token Representations Decoupling
To mitigate the representational entanglement discussed in
Sec. 1, we introduce token representations decoupling. In-
stead of learning a unified set of prompts, we route task-
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System prompt：<sks> is 
<token_und><token_gen>.

Embedding

Und Expert Transformer Gen Expert Transformer

Und Encoder

Shared
attention

Gen Encoder

A photo of <sks>Can you see if <sks> 
is in this photo?

Image 
token

Text 
token

<sks>
<token_und>
<token_gen>

Embedding

User input

Yes, <sks> is in this photo.

Next token prediction Velocity Prediction

Figure 3. Model Overview of OmniPersona. We employ an
end-to-end dual-branch routing mechanism to train two sets of
parameter-decoupled prompts.

specific learnable tokens to specialized expert subspaces,
enabling each branch to develop modality-aware represen-
tations while preserving cross-task synergy underpinned by
the inherent modality-interaction of the unified model.

Formally, during fine-tuning, we represent each person-
alized concept using a special identifier (e.g., <sks>) com-
posed of multiple learnable tokens that are routed to differ-
ent expert branches. The system prompt is structured as:

“<sks>is<und 1> · · ·<und Nu> <gen 1> · · ·<gen Ng>.”

where tokens enclosed in angle brackets are learnable con-
cept embeddings. Specifically, as shown in Fig. 1, the con-
cept identifier <sks> together with <und i> tokens are
routed to the understanding expert, while <gen j> tokens
are routed to the generation expert. Let

P(und) = [psks,p
(und)
1 , . . . ,p

(und)
Nu

] ∈ R(Nu+1)×d,

P(gen) = [p
(gen)
1 , . . . ,p

(gen)
Ng

] ∈ RNg×d,

denote the embedding matrices for the two expert-specific
token subsets, where d is the embedding dimension. Note
that psks is included in the understanding expert to enable
concept identification. During the forward pass, each expert
processes only its routed prompt subset and corresponding
input embeddings:

H(und) = Fund
(
P(und),X(und)

)
, H(gen) = Fgen

(
P(gen),X(gen)

)
, (1)

where Fund(·) and Fgen(·) denote the expert branches of
the unified model for understanding and generation, respec-
tively, with X(und) and X(gen) representing the correspond-
ing personalized instructions.

User Request:
“Generate <sks>’s

toy”

1

Intent Parser

Request → Query

Formalize genera-
tion intent as explicit
information-seeking
query

Query:
“What is <sks>’s

toy?”

2

Concept Memory:
Visual & semantic

attributes of <sks>

Memory
Retriever

Query → Answer

Retrieve and synthe-
size knowledge from
concept memory

Answer:
“<sks>’s toy is black

excavator”

3

Prompt
Composer

Answer →
Instruction

Integrate retrieved
details into refined
generation prompt

Refined Prompt:
“Generate <sks>’s

black excavator”

Final Output:
[Text-aligned Image]

Explicit

Grounded

Faithful

Autonomous reasoning via structured chain-of-thought ONE-PASS

Formulation
Retrieval

Refinement

Figure 4. Explicit knowledge replay pipeline.

This routing formulation enforces expert-level parameter
decoupling, enabling each branch to specialize on its desig-
nated modality while preserving synergy under a universal
unified model architecture.

3.2. Explicit Knowledge Replay
While token decoupling mitigates cross-task interference,
the learned embeddings remain opaque—it is unclear
whether the model genuinely leverages semantic knowl-
edge or merely memorizes visual patterns. To address this,
we propose explicit knowledge replay, an inference-time
mechanism that actively retrieves and externalizes concept
knowledge. As shown in Fig. 4, we introduce a three-stage
framework that transforms implicit generation requests into
explicit, grounded, and faithful prompts. Importantly, all
the aforementioned stages are recursively executed within
a single unified multimodal model UMM, achieving one-
step generation.
Stage 1: Intent Parser. Given the original user request T ,
we reformulate it into an explicit information-seeking query
using UMM in text mode:

Q = UMMtext(T ), (2)

which transforms generation intent into explicit queries Q
such as “What is <sks>’s [attribute]?”.
Stage 2: Memory Retriever. The formulated query Q is
used to retrieve concept memory from the learned token rep-
resentations P:

A = UMMtext(Q,P), (3)

where A represents the grounded answer, e.g., “<sks>’s
toy is a black excavator.”
Stage 3: Prompt Composer. The retrieved answer A is
integrated back into the generation context:

T̂ = UMMtext(A, T ), (4)
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producing a refined, faithful prompt such as “Generate
<sks>’ black excavator.”
Final Generation. The refined prompt T̂ is passed through
the model’s generation mode for personalized synthesis:

Igen = UMMgen(T̂ ,P). (5)

This unified pipeline ensures outputs are (1) explicit
through query formulation, (2) grounded through memory
retrieval, (3) faithful through refinement, and (4) personal-
ized through concept-aware generation, all within a single
model in one pass.

3.3. Understanding-Generation-Editing Synergy
While existing personalized multimodal models focus on
understanding and text-to-image generation, they overlook
the editing dimension and lack suitable datasets for person-
alized editing. To enhance conceptual understanding and
editing capability, we introduce a personalized image edit-
ing dataset.

We construct a personalized editing dataset Dedit, where
each sample is a triplet (Isrc, Eedit, Itgt) consisting of a
source image Isrc, an editing instruction Eedit (e.g., ”re-
move <sks> in the photo”), and the target image Itgt. The
model is trained end-to-end, jointly optimizing all soft to-
kens across understanding, generation, and editing tasks.

Training Objectives. The model is jointly optimized via
two complementary losses:
(i) Cross-Entropy Loss for autoregressive token prediction
based on the personalized understanding task:

LCE
text = −

C∑
i=1

xi log x̂i, (6)

where xi and x̂i denote the ground-truth and predicted to-
ken distributions, and C is the number of classes.
(ii) Mean Squared Error Loss following the Rectified
Flow paradigm. Given a clean latent x0 and noise x1, we
obtain the interpolated latent xt = (1 − t)x0 + tx1 for
t ∈ [0, 1]. The MSE objective for image generation is:

LMSE
image = E

[
∥gθ(xt | c)− (x0 − x1)∥22

]
, (7)

where gθ predicts the velocity field conditioned on xt and
context c. Similarly, the editing loss is also defined as MSE:

LMSE
edit = E

[
∥gθ(xt | cedit)− (xtgt

0 − xtgt
1 )∥22

]
, (8)

where cedit includes the source image and editing instruc-
tion, and xtgt

0 is the target latent.
Joint Training with Editing Data. The total objective

combines understanding, generation, editing optimizations:

Ltotal = LCE
text + λimage LMSE

image + λedit LMSE
edit , (9)

where λimage and λedit control the relative contribution of
image generation and editing.

4. Experiment
We conduct comprehensive experiments to evaluate our
framework across four personalized tasks: understand-
ing, generation, personalized attribute-reasoning genera-
tion, and image editing, where editing represents a novel
evaluation dimension absent in prior benchmarks.
Implementation Details. We allocate N = 32 learnable
tokens per concept, split equally between understanding-
specific tokens (Nu = 16) and generation-specific tokens
(Ng = 16). We optimize using AdamW for 2,000 steps per
concept with batch size 8. All experiments are conducted
on H20 GPUs using Bagel [6] as the backbone model. Ad-
ditional training details are provided in the Appendix.
Dataset. We introduce OmniPBench, a comprehen-
sive benchmark for unified personalization spanning un-
derstanding, generation, and editing. Building upon the
20 concepts from UnifyBench [3], which include Person
(10), Pets (5), and Objects (5), we contribute a novel per-
sonalized editing dataset. For each concept with iden-
tifier <sks> and class label c, we automatically gener-
ate removal instructions following the template “remove
<sks>: c from the photo”. Target images are synthe-
sized via inpainting models. We perform manual verifica-
tion, with 90% of generated pairs passing quality control.
Moreover, we design diverse edit-instruction templates to
systematically probe each concept’s editing robustness un-
der various modification scenarios. Additional details are
provided in the Appendix.
Baselines. We compare against four categories of person-
alization methods: understanding-only approaches [1, 17],
generation-only methods [7, 21], unified personalization
frameworks [3, 18], and retrieval-augmented systems [9].
To establish context-aware performance, we additionally in-
clude Bagel with text-only descriptions (no learned tokens)
as a zero-shot baseline.
Metrics. For personalized image editing, our key con-
tribution, we employ an LLM-as-judge protocol to assess
semantic alignment between edited images and textual in-
structions, and edit quality evaluated by visual naturalness.
For understanding, generation, and personalized attribute-
reasoning generation, we adopt standard UnifyBench met-
rics. All results are reported as mean scores across concepts.

4.1. Personalized Understanding and Generation
As shown in Table 1, our method achieves strong perfor-
mance across understanding and generation tasks. Com-
pared to SOTA unified models, we outperform Unicto-
ken by 7.8% on recognition and 13.1% on average across
question-answering tasks (VQA and text-based QA). For
generation, we achieve the highest CLIP-I score (0.791),
indicating superior alignment with personalized visual
concepts, alongside substantial improvements in identity-
critical metrics: face similarity (0.413 vs. 0.334).
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Table 1. Quantitative comparison on OmniPBench. TP = Text Prompt. IP = Image Prompt. PARG = Personalized Attribute-Reasoning
Generation. SEMA-C = Semantic Consistency. QUAL-I = Quality of Image. We compare open-source unified models; others are for
reference . The best are highlighted.

Method
Model
Size

Token
Training
Images

Personalized Understanding Personalized Generation
PARG Personalized EditRec. VQA QA Pure Gen. People Gen.

Weight BLEU GPT BLEU GPT CLIP-I CLIP-T DINO Face-Simi Score CLIP-I SEMA-C QUAL-I Avg.
Upper Bound

GPT-4o+TP 200B ∼100 - 0.742 0.473 0.676 0.610 0.685 0.689 0.301 0.626 0.198 0.780 0.690 0.463 0.645 0.554
GPT-4o+IP 200B ∼1,000 - 0.773 0.543 0.685 0.589 0.652 0.794 0.310 0.722 0.559 0.782 0.792 0.512 0.603 0.558
Real Images - - - - - - - - 0.832 - 0.728 0.739 - 0.832 - - -

Understanding Only
Yo’LLaVA 13B 16 ∼100 0.919 0.609 0.629 0.612 0.593 - - - - - - - - -
MC-LLaVA 13B 16 ∼10 0.924 0.628 0.637 0.601 0.583 - - - - - - - - -
RAP-MLLM 13B ∼1,000 - 0.940 0.616 0.616 0.712 0.722 - - - - - - - - -
Qwen2.5-VL + TP 3B ∼100 - 0.660 0.407 0.727 0.574 0.774 - - - - - - - - -
Yo’LLaVA(Phi-1.5) 1.3B 16 ∼100 0.765 0.488 0.497 0.510 0.494 - - - - - - - - -

Generation Only
Text inversion 1.0B - ∼10 - - - - - 0.630 0.247 0.569 0.371 0.070 0.628 - - -
DreamBooth (SD) 1.0B - ∼10 - - - - - 0.649 0.281 0.591 0.436 0.071 0.650 - - -

Unified Model
Chameleon+TP 7B ∼100 - 0.690 0.413 0.488 0.509 0.564 0.547 0.176 0.509 0.011 0.329 0.549 0.122 0.520 0.321
Chameleon+IP 7B ∼1,000 - 0.493 0.445 0.498 0.407 0.535 0.523 0.160 0.469 0.066 0.299 0.499 0.093 0.442 0.268
Show-o+TP 1.3B ∼100 - 0.566 0.461 0.409 0.504 0.579 0.664 0.264 0.553 0.048 0.770 0.660 0.250 0.340 0.295
Bagel+TP 7B MoT ∼100 - 0.788 0.420 0.542 0.445 0.632 0.697 0.284 0.425 0.309 0.813 0.725 0.297 0.566 0.432
Yo’Chameleon 7B 32 ∼1,000 0.764 0.474 0.507 0.510 0.581 0.697 0.236 0.590 0.224 0.266 0.698 0.108 0.360 0.234
Unictoken 1.3B 32 ∼10 0.790 0.503 0.523 0.544 0.603 0.750 0.282 0.646 0.334 0.359 0.749 0.155 0.212 0.184
OmniPersona (Ours) 7B MoT 32 ∼10 0.852 0.529 0.603 0.646 0.678 0.791 0.273 0.579 0.413 0.613 0.788 0.711 0.605 0.658

While our DINO (0.579) is lower than Unictoken (0.646)
and our CLIP-T (0.273) is lower than Bagel+TP (0.284),
this reflects our design priority: preserving concept identity
over generic text alignment. The highest CLIP-I validates
this trade-off, and our CLIP-T still outperforms other uni-
fied models (Show-o: 0.264, Yo’Chameleon: 0.236), con-
firming that identity-first optimization does not compromise
overall text-image consistency. Compared to Bagel+TP
(0.788), which directly injects concept descriptions as long
context, we achieve superior understanding performance
(0.852) with more compact token representations, demon-
strating more efficient knowledge internalization.

4.2. Personalized Attribute-Reasoning Generation
Table 1 evaluates personalized attribute-reasoning gener-
ation (PARG), where the model must leverage concept-
related textual knowledge during generation. For example,
given “Generate a photo of <wangkai> in his home”, the
model must recall that <wangkai>’s home is by the sea, a
piece of knowledge that is absent from visual priors. This
tests explicit textual knowledge integration rather than im-
age memorization.

With our explicit knowledge replay mechanism, we
achieve SOTA CLIP-I (0.788), outperforming Unicto-
ken (0.749) by 5.2%, demonstrating superior identity

preservation in knowledge-conditioned generation. While
Bagel+TP achieves a higher overall PARG score (0.813 vs.
0.613) by directly injecting long-context descriptions, our
approach internalizes knowledge in compact learnable to-
kens without increasing inference overhead. Notably, our
score (0.613) substantially surpasses other learned-token
methods like Unictoken (0.359) by 70.8%, validating that
explicit knowledge replay effectively bridges understanding
and generation.

4.3. Personalized Image Editing
We introduce the first systematic evaluation of personal-
ized image editing for unified models. As shown in Ta-
ble 1, we assess editing capability through LLM-as-judge
metrics measuring (1) semantic alignment with instructions
(SEMA-C) and (2) edited image quality (QUAL-I).

Our method achieves SOTA overall editing performance
(0.658), surpassing GPT-4o+IP by 17.9% (0.558) and
demonstrating the effectiveness of our unified architecture
for identity-preserving editing. Notably, we excel in seman-
tic alignment (SEMA-C: 0.711), substantially outperform-
ing all baselines including Bagel+TP (0.297), validating
that our decoupled token representations enable precise in-
struction following while maintaining concept fidelity. Our
competitive image quality (QUAL-I: 0.605) further con-
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Turn <M> in the above
photo to its right

<M> has a rounded, fluffy 
body with a soft, smooth 
coat. <M> is a bit smaller 
than a standard cat, and 
has a cute, rounded face …

<M> is a large, furry, and 
furry cat with a striped tail. 
It is a medium-sized cat 
with a long, bushy tail…

<M> is a small, fluffy, gray 
cat with a white chest and 
paws. He has a friendly 
and curious expression…

A photo of <M> on a 
cobblestone street

Can you describe 
some details of <M>?

A photo of <M> 
wearing its hat

Remove <M> from the 
above photoA photo of <M><M>

Hat: red
Yochameleon

Unictoken

OmniPersona

Origin edit

Change <E>’s 
background to a beach

<E>  is a woman with 
gentle features and a 
graceful presence. She 
appears to have light hair 
and a calm expression, 
often dressed in…

<E> is a renowned 
American actress and 
singer known for her roles 
in films such as The 
Princess Di and The 
Princess Di: The Royal…

<E> is a young woman 
with fair skin. Her attire 
ranges from casual 
sweaters to elegant black 
dresses for formal …

A photo of <E> in a 
police outfit

Can you describe 
some details of <E>?

A photo of <E> at 
formal events

Make <E>’s expression 
happyA photo of <E><E>

Formal events : 
black dress

Yochameleon

Unictoken

OmniPersona

Origin edit

Figure 5. Qualitative comparison with Yo’Chameleon and Unictoken on OmniPBench. OmniPersona (Ours) demonstrates more precise,
personalized image generation and excellent capability of personalized image editing.

firms that explicit knowledge replay preserves visual coher-
ence during complex editing operations.

5. Ablation Studies and Analysis

Decoupling Feature Space. Fig. 6 and Table 2 validate
our token decoupling mechanism. Without disentangled
tokens, all embeddings share a unified transformer, caus-
ing severe representational entanglement (Fig. 6 (a), left),
where overlapping clusters indicate destructive task inter-
ference. This directly degrades understanding performance:
recognition drops 5.6% (0.852→0.804), VQA BLEU de-
creases 9.8% (0.529→0.477), and VQA GPT falls 10.3%
(0.603→0.541). Understanding tasks suffer disproportion-
ately because concept features become contaminated by
generation-specific gradients in the shared latent space,

forcing conflicting optimization objectives.

Our decoupled architecture (Fig. 6 (a), right) produces
well-separated clusters, routing understanding and genera-
tion tokens to task-specialized expert subspaces. This en-
ables selective reuse of pretrained knowledge: understand-
ing tokens leverage semantic reasoning without interference
from synthesis priors. The consistent gains across all un-
derstanding metrics validate our core insight: structurally
distinguishable token “slots” mitigate gradient conflicts and
unlock the model’s capacity for unified personalization.

Knowledge Replay Promotes Personalized Knowl-
edge Flow. Table 2 validates the critical role of knowl-
edge replay: without it, PARG score plummets 49.1%
(0.613→0.312) while CLIP-I remains relatively stable
(0.788→0.765). This reveals that implicit embeddings pre-
serve identity but fail to leverage semantic knowledge,
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Table 2. Ablation study on OmniPBench.

Methods

Personalized Understanding Personalized Generation
PARG Personalized EditRec. VQA QA Pure Gen. People Gen.

Weight BLEU GPT BLEU GPT CLIP-I CLIP-T DINO Face-Simi Score CLIP-I SEMA-C Qual-I Avg.
W/o Disentangled Tokens 0.804 0.477 0.541 0.589 0.652 0.778 0.289 0.585 0.402 0.431 0.732 0.652 0.613 0.633
W/o Knowledge Replay - - - - - - - - - 0.312 0.765 - - -
W/o Edit Data 0.840 0.517 0.614 0.632 0.659 0.772 0.296 0.553 0.397 0.584 0.781 0.683 0.592 0.638
Ours (Full) 0.852 0.529 0.603 0.646 0.678 0.791 0.273 0.579 0.413 0.613 0.788 0.711 0.605 0.658

(a) (b)

Figure 6. Token embedding visualization via t-SNE (a) and the impact of in-context exemplar quantity on PARG score (b).

demonstrating that explicit text externalization is essential
for personalized attribute-reasoning generation.

Fig. 6 (b) analyzes the Intent Parser’s generalization
through in-context learning. As exemplars increase from 0
to 6, generation score rises consistently from 0.30 to 0.62
(+106.7%), demonstrating that structured demonstrations
enable the parser to accurately reformulate diverse user in-
tents into explicit knowledge queries. This validates that
in-context learning strengthens the concept→text→image
pathway, enabling robust knowledge-grounded synthesis re-
gardless of input phrasing.

Multi-task Collaboration Yields Cross-task Gains.
During training, we observe that models trained solely on
understanding and generation spontaneously acquire pre-
liminary editing capabilities, which motivates us to investi-
gate whether editing supervision could reciprocally enhance
understanding and generation. Table 2 confirms this hy-
pothesis: incorporating editing data improves recognition
by 1.4% (0.840→0.852), QA GPT by 2.9% (0.659→0.678),
and face similarity by 4.0% (0.397→0.413), alongside edit-
ing performance gains of 3.1% (0.638→0.658).

This bidirectional synergy stems from editing’s unique
constraint structure, which requires simultaneous concept
localization (understanding), identity preservation (gener-

ation), and instruction alignment. Unlike isolated tasks
where the model can rely on visual pattern memorization,
editing forces concept tokens to encode disentangled rep-
resentations capturing both invariant identity attributes and
modifiable contextual properties. These fine-grained con-
straints regularize identity preservation under distribution
shift, transferring to all personalized generation scenarios.
Additional details are provided in the Appendix.

6. Conclusion
We present OmniPersona, the first end-to-end framework
unifying personalized understanding, generation, and image
editing within unified multimodal models. Our framework
introduces token representations decoupling to mitigate
cross-task interference, explicit knowledge replay to enable
personalized attribute-reasoning generation, and demon-
strates understanding–generation–editing synergy through
joint training strategies. We propose OmniPBench, the
first benchmark for unified personalization evaluation, ex-
tending UnifyBench with personalized editing tasks and
cross-task protocols. Experiments demonstrate competitive
performance in personalized tasks. This work represents a
significant step toward truly personal AI assistants capable
of consistent, controllable concept modeling.
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