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Supplementary Material

In the following, we additionally explain the details of
implementation in Sec. A, the detailed curation process of
Visual Persona-500K in Sec. B, and the evaluation details in
Sec. C, covering comparison studies, existing metric anal-
ysis, GPT-based evaluation, human evaluation on facial ex-
pressions, and human evaluation details. Further analysis of
Visual Persona, including a detailed comparison with Sto-
ryMaker [44], is presented in Sec. D. We further provide
more application results and analysis in Sec. E. Additional
qualitative results are included in Sec. F, and limitations are
discussed in Sec. G.

A. Implementation Details

We used a pre-trained SDXL model [35] for text-to-image
generation at a resolution of 1024×1024. We first trained
our model in a reconstruction manner on an unpaired human
dataset, using the same image for X and Y in Equation 6,
for 35,000 steps with a batch size of 32 and a learning rate of
1e−4. This was followed by fine-tuning on the 580K paired
human dataset, Visual Persona-500K, using paired images
for X and Y for 35,000 additional steps with a batch size
of 8 and a learning rate of 5e − 6. For GPT-based evalua-
tion [34], we used GPT-4o-mini [32] for all evaluations. We
set λ = 1 for training and λ = 0.7 for all evaluations. All
experiments were conducted on 8 NVIDIA A100 GPUs us-
ing the Adam optimizer [22]. All input images for character
customization are AI-generated images [7, 35].

B. Visual Persona-500K Data Curation Details

The pipeline for curating consistent full-body identities is il-
lustrated in Figure A.1. From the collected unpaired human
pool, comprising multiple images per individual that only
guarantee facial identity consistency, we aim to further eval-
uate body consistency using the VLM [29]. For efficiency,
we begin with two randomly selected images of the same
individual and prompt LLAVA [29] to assess whether the
individual in both images is wearing the same outfit (Fig-
ure A.1(a)). A simple prompt—“Are they wearing exactly
the same clothes?”—enables the model to provide a binary
decision with high precision. If the model returns a positive
response, the individual is retained for further processing;
otherwise, the individual is excluded from the dataset.

To ensure full-body consistency across all images for
each retained individual, we further refine the dataset us-
ing a sliding window approach (Figure A.1(b)). Given our
observation that LLaVA [29] can compare up to three im-
ages, we concatenate consecutive sets of three images with
a window size of 3 and a stride of 2, evaluating all sets for
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Figure A.1. Curating Consistent Full-Body Identities.

the same individual. If consistency is maintained across all
sets, the individual is retained; otherwise, they are excluded.
Ultimately, we curated a dataset of 580k paired human im-
ages across 100k unique individuals.

C. Evaluation
C.1. Comparison
We benchmark our method against recent encoder-based
zero-shot human customization models [26, 41, 42, 44].
These methods often focus on human face generation (IP-
Adapter-FaceID [42], InstantID [41], PhotoMaker [26]) or
attempt to generate full-body images but are limited to re-
constructing a single image per individual (IP-Adapter [42],
StoryMaker [44]).

Specifically, we compare the following open-source
models built on SDXL [35]:
• IP-Adapter-FaceID-SDXL (IP-Adapter-FaceID) [42]:

Embeds facial features extracted from a face recognition
model [9, 12] into small identity token embeddings, con-
ditioning the pre-trained T2I diffusion model through a
decoupled attention mechanism.

• InstantID [41]: Extends IP-Adapter-FaceID by incorpo-
rating ControlNet [43] to add spatial control using fa-
cial keypoints. InstantID is trained on a dataset of 50M
LAION-Face [38] images and 10M face-annotated im-
ages collected internally from the web.

• PhotoMaker [26]: Stacks CLIP [36] features from mul-
tiple face images and combines them with text embed-
dings to condition the T2I diffusion model. PhotoMaker
is trained on a curated dataset of 112K images featuring
13K celebrities collected from the web.



Prompt: An excited person walks ahead,  carrying shopping bags on a busy Japanese street

Input Visual PersonaStoryMaker

Metric StoryMaker Visual Persona
𝐼!"#$ 0.531 0.512
𝐼%&"' 0.638 0.628
D-I 2 8

Human-I 0.40 0.97
𝑇%&"' 0.326 0.319
D-T 8 8

Human-T 0.67 0.97

Figure A.2. GPT-based Metrics Align Better with Human Pref-
erences: The upper part of the table presents evaluations for iden-
tity preservation (IDINO [33], ICLIP [18], D-I, Human-I), while
the lower part presents evaluations for text alignment (TCLIP, D-T,
Human-T). Prior metrics (IDINO, ICLIP, TCLIP) fail to align with
human preferences (Human-I, Human-T) because they calculate
cosine distances only between global feature vectors from gener-
ated images and given conditions. In contrast, GPT-based evalu-
ations (D-I, D-T) better align with human preferences (Human-I,
Human-T).

• IP-Adapter-Plus-SDXL (IP-Adapter) [42]: Extends the
original IP-Adapter [42] by using patch image embed-
dings from OpenCLIP-ViT-H-14 [16].

• StoryMaker [44]: Combines facial features from Arc-
Face [8] and portrait features from CLIP [36], mapping
them into small identity embeddings while fine-tuning a
subset of parameters in the diffusion U-Net. StoryMaker
is trained on an internally collected unpaired dataset of
500K human images, including 300K single-character
and 200K two-character images. StoryMaker is concur-
rent work with ours.

C.2. Dataset

To evaluate our method on SSHQ [10], following its in-
structions, we completed the data release agreement and ob-
tained permission for the non-commercial use of the dataset.
To minimize the influence of off-the-shelf foreground mask
generators [15, 21, 25], we used the foreground masks pro-
vided by SSHQ [10] and PPR10K [27] for evaluating all
methods in this paper.

To assess text alignment, we augmented 17 prompts for
live objects in Dreambooth [37] using ChatGPT [2], specif-
ically tailored for full-body human customization to fol-
low the template “A photo of a {facial expression} per-
son, {pose}, {action}, and {surrounding}”. The generated
prompt list is provided in Figure A.11. This prompt list was
used for all evaluations.

C.3. Metric

GPT-based Evaluation. As discussed in [6, 19, 24, 28, 39],
existing metrics, including identity preservation metrics,
DINO image similarity (IDINO) [33], CLIP image similar-
ity (ICLIP) [18], and the text alignment metric, CLIP image-
text similarity (TCLIP) [18], often fail to align with human
preferences, struggling to accurately evaluate local appear-
ance transfer (IDINO, ICLIP) and the alignment of complex
human body structures with the given prompts (TCLIP).
This limitation is demonstrated in Figure A.2, where Visual
Persona achieves higher human preference scores in iden-
tity preservation (Human-I) and text alignment (Human-T),
yet existing metrics (IDINO, ICLIP, TCLIP) assign higher
scores to StoryMaker [44] across all three metrics. This dis-
crepancy arises because these metrics extract global vectors
from the generated images and the given conditions (input
image or text prompt) and calculate the distances between
them, thereby ignoring local appearance details, intricate
human poses, actions, and surrounding elements in the im-
ages. For human evaluation (Human-I, Human-T) in this
comparison, 30 human raters were recruited to assess iden-
tity preservation and text alignment using a scale of {0, 0.5,
1} for not aligned, partially aligned, and fully aligned, re-
spectively.

To address this issue, we adopt Dreambench++ [34],
a human-aligned, automated, GPT [2]-based evaluation
benchmark designed for customized image generative mod-
els. Figure A.2 shows that GPT-based evaluation scores
for identity preservation and text alignment, denoted as
D-I and D-T respectively, align more closely with hu-
man preferences compared to previous metrics. Specifi-
cally, Dreambench++ [34] provides evaluation instructions
as user prompts to GPT, which include the task description,
scoring criteria, scoring range, and format specifications.
We tailored the task description and scoring criteria for full-
body human customization and adjusted the scoring range
from [0, 4] to [0, 9] to enable a more comprehensive eval-
uation. The complete evaluation instructions for identity
preservation and text alignment are provided in Figure A.12
and Figure A.14, respectively.

To align the user’s instructions with GPT’s pre-trained
knowledge, Dreambench++ [34] asks GPT to confirm its
understanding of the task and to summarize the task itself.
This process facilitates GPT’s internal reasoning, enhanc-
ing task understanding and alignment with user instructions.
Dreambench++ achieves this by incorporating GPT’s sum-
mary and planning responses as assistant prompts, which
summarize the user instructions and outline the evaluation
protocol based on the given instructions. The complete as-
sistant prompts for identity preservation and text alignment
are presented in Figure A.13 and Figure A.15. Note that we
can further prompt GPT to output the analysis process for
the scores. In Figure A.16, A.17, A.18 and A.19, we also



Figure A.3. Human Evaluation on Facial Expression: Visual
Persona outperforms prior works [42, 44] in text alignment related
to facial expression.

provide GPT's analysis procedure for evaluating the sam-
ples generated from StoryMaker [44] and Visual Persona
shown in Figure A.2.
Human Evaluation on Facial Expression. We observed
that GPT [32] often fail to detect facial expressions when
the subject is positioned far from the foreground center.
To evaluate text alignment for facial expression-related
prompts, we conducted a human evaluation, with the re-
sults presented in Figure A.3. Eight human raters assessed
whether the subject's facial expression in the generated im-
age aligned with the given prompts. Scores were assigned
as follows: 0 for no alignment, 0.5 for partial alignment,
and 1 for perfect alignment.

The raters were divided into two groups, each assess-
ing 150 images generated by three different methods: IP-
Adapter [42], StoryMaker [44], and Visual Persona. The
same input images and prompts were used across all meth-
ods to ensure intra-rater reliability.

Compared to StoryMaker [44], IP-Adapter [42] and Vi-
sual Persona demonstrate superior alignment with facial ex-
pression prompts. This difference arises because Story-
Maker [44] employs ArcFace loss [8], which often leads
to over�tting to the pose and expression of the input image,
while IP-Adapter [42] does not account for facial expression
in the text prompt during training. In contrast, Visual Per-
sona captures facial expressions through detailed text de-
scriptions generated by Phi-3 [1] (Sec. 4.1), without relying
on facial loss, enabling it to generate diverse facial expres-
sions while maintaining facial identity consistency.

C.4. Human Evaluation

Human Evaluation Metrics. For rigorous human evalu-
ation, we followed the ImagenHub [23] evaluation proto-
col, which standardizes the assessment of conditional im-
age generative models. ImagenHub [23] de�nes two human
evaluation scores: Semantic Consistency (SC) and Percep-
tual Quality (PQ).

Figure A.4.Analysis: Identity Cross-Attention Module. Users
can balance identity preservation and text alignment by adjusting
the weighting scalar� , layersy, and time stepst. Increasing the
weighting scalar� and using later layersy and time stepst bet-
ter preserve the image structure and layout from the pre-trained
SDXL [35], while slightly compromising identity preservation
from the input.

Semantic Consistency (SC) evaluates how well a gener-
ated image aligns with the provided conditions. Since our
method uses an input image and a text prompt as conditions,
human raters assess SC based on identity preservation rela-
tive to the input image and text alignment with the prompt.
SC scores each condition independently as ”inconsistent” (0
points), ”partially consistent” (0.5 points), or ”mostly con-
sistent” (1 point). The �nal SC score for an image is the
lowest score across the two conditions. We highlight that
this metric avoids bias toward either the input image or the
text prompt, as it prioritizes the lowest score, aligning with
our goal of achieving both identity preservation and text
alignment. Note that we applied foreground masks [10, 27]
to the input images to assist human raters in focusing on the
human parts.

Perceptual Quality (PQ) measures how visually convinc-
ing and natural the generated image appears, considering ar-
tifacts, distortions, and overall realism. Human raters assign
0 points if the image contains obvious artifacts or distor-
tions, 0.5 points if the image appears unnatural with minor
artifacts, and 1 point if the image looks genuine and realis-
tic.
Number of Human Raters. Based on ImagenHub's analy-
sis [23] showing that involving more than four human raters
increases standard deviation and decreases score reliabil-
ity, as measured by Krippendorff's Alpha [11], we recruited
eight raters, split into two groups, each including four raters.



Figure A.5. Comparison between StoryMaker [44] (orange) and Visual Persona (green), including full and zoomed-in images:
Compared to StoryMaker, Visual Persona enables large deformations, including pose and facial expression variations, preserves clothing
details, and generates realistic clothing textures.

Method
(a) Training (b) Model Architecture

Dataset Strategy Body Part Decomposition Encoder Decoder

StoryMaker [44] Unpaired Reconstruction 2 (Face, Body) CLIP [36], buffalol [8] Resampler, Linear
Visual Persona Paired Cross-Image 5 (Full-Body, Face, Torso, Legs, Shoes) DINO [33] Transformer Decoder

Table A.1.Comparison between StoryMaker [44] and Visual Persona.

Each group was assigned the same evaluation sheet to en-
sure inter-rater consistency.
Human Evaluation Setting. Each evaluation sheet in-
cludes 150 images generated from 50 individuals sampled
from the SSHQ [10] and PPR10K [27], with 25 individ-
uals from each dataset. We used two distinct evaluation
sheets, covering a total of 300 unique images with no over-
lap between sheets. For each individual, one prompt was
randomly sampled from the 17 pre-de�ned prompts, and
images were generated using three different methods: IP-
Adapter [42], StoryMaker [44], and Visual Persona. This
setup ensures intra-rater reliability, as the same rater eval-
uates all three methods on the same input images and text
prompts. We provided detailed evaluation guidelines to the
human raters. The guidelines and an example of an evalua-
tion question are shown in Figures A.20 and A.21.

D. Analysis

D.1. Identity Cross­Attention Module

Weighting Scalar. Figure A.4(a) presents an ablation study
on the weighting scalar� in Equation 5. � = 0 indicates
that the identity cross-attention is disabled, which is iden-
tical to the original SDXL [35]. For a fair comparison, we
�x the layers and time steps for identity cross-attention to
include all cross-attention layers in SDXL and all 50 sam-
pling time steps.

The results show that increasing� enhances identity
preservation from the input but slightly degrades the orig-
inal image structure in pre-trained SDXL, including back-
ground details and human pose. This suggests that users
can control� to balance the degree of identity preservation

from the input and the text alignment derived from SDXL.

Layers. Figure A.4(b) presents an ablation study on differ-
ent layers in SDXL [35], denoted asy, where the identity
cross-attention module is applied. Here, Down, Mid, and
Up refer to the down blocks, mid block, and up blocks in
the diffusion U-Net, respectively. For a fair comparison, we
set� = 0 :7 across all 50 sampling time steps.

As discussed in [4, 31], the down blocks primarily cap-
ture image structure and layout, including background de-
tails and human pose, while the up blocks focus on im-
age appearance. In line with this, applying identity cross-
attention in the down and mid blocks signi�cantly limits
identity injection, while preserving the original image struc-
ture generated by the pre-trained SDXL. On the other hand,
adding identity cross-attention to the up blocks effectively
injects identity while maintaining the pre-trained SDXL im-
age structure. Based on this observation, we utilize all
cross-attention layers in the identity cross-attention module
for all evaluations presented in this paper.

Time Steps. Figure A.4(c) shows the results of using the
identity cross-attention module at different sampling time
stepst. Since earlier time steps focus on producing im-
age structure, while later time steps re�ne image appear-
ance [4, 31], applying identity cross-attention at later time
steps better preserves the original SDXL [35] image struc-
ture but compromises identity preservation. In our experi-
ment,t 2 f 4; :::; 49g achieves strong identity preservation
while maintaining the original image structure of the pre-
trained SDXL. This demonstrates that users can adjust the
sampling time steps to balance identity injection and gener-
ative �delity. In our main paper, for a fair comparison with
other works, we used all sampling time stepst 2 f 0; :::; 49g



Figure A.6.Comparison for multi-person customization between StoryMaker [44] (orange) and Visual Persona (green):Compared
to StoryMaker, Visual Persona generates more realistic interactions between multiple individuals while preserving the full-body identity of
each person. Notably, Visual Persona is not trained with a multi-person dataset, as used in StoryMaker, yet our method enables multi-person
customization through a simple inference modi�cation.

Figure A.7. Comparison for VTON between Leffa [45] (blue), StoryMaker [44] (orange), and Visual Persona (green), including
full and zoomed-in images:Compared to Leffa and StoryMaker, Visual Persona enables more �exible VTON, including top, bottom, and
shoes, preserves the details of each garment, and allows accurate pose control.

for all evaluations.

D.2. Detailed Comparison with StoryMaker

In Figure A.5 and Table A.1, we provide detailed compar-
isons of Visual Persona with StoryMaker, which is a con-
current work to ours. As presented in Figure A.5(a) and
Table A.1(a), StoryMaker relies on reconstruction training
with an unpaired dataset, which often leads to over�tting
to human location, pose, and facial expressions. In con-
trast, our method uses cross-image training on a curated
paired dataset, enabling large deformations, including pose
and facial expressions, aligned with the given text. As
presented in Figure A.5(b) and Table A.1(b), StoryMaker
encodes two-part inputs with semantic encoders and then
compresses them using a resampler and a linear layer, which
often lose local details in clothing and fail to disentangle
different body parts. In contrast, our �ne-grained decom-
position and transformer encoder-decoder better preserve
each part of the full-body identity. This also limits Story-
Maker to top-garment Virtual Try-On (VTON), while ours
supports more �exible VTON, which is further discussed in
Section E. Additionally, as displayed in Figure A.5(c), Sto-

ryMaker often produces synthetic-looking outputs, possibly
due to the dataset quality, while our method can generate
realistic cloth textures, bene�ting from our curated dataset
quality.

E. Application

Multi-Person Customization. Figure A.6 shows that Vi-
sual Persona supports multi-person customization without
requiring the additional multi-person training used by Sto-
ryMaker [44]. This is achieved through a simple inference
modi�cation, which involves concatenating identity embed-
dings from multiple inputs, extracting foreground masks
for each individual using text cross-attention, and augment-
ing identity cross-attention with these masks. StoryMaker
struggles to generate interactions between multiple individ-
uals (e.g., eye contact between two people). This is because
StoryMaker is trained in a reconstruction manner, which
often leads to over�tting identity-unrelated attributes from
the input images (e.g., face pose, body pose, facial expres-
sion) and results in foreground-biased outputs. In contrast,
Visual Persona employs cross-image training to mitigate
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