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Abstract

Text-to-image generation for personalized identities
aims at incorporating the specific identity into images
using a text prompt and an identity image. Based on the
powerful generative capabilities of denoising diffusion
probabilistic models (DDPMs), many previous works
adopt additional prompts, such as text embeddings and
CLIP image embeddings, to represent the identity in-
formation, while they fail to disentangle the identity in-
formation and background information. This is because
they either mix identity information with text informa-
tion for backgrounds or extract prompts from content
with mixed semantics. As a result, the generated images
not only lose key identity characteristics but also suffer
from significantly reduced diversity. To address this is-
sue, previous works have combined the W+ space from
StyleGAN with diffusion models, leveraging this space
to provide a more accurate and comprehensive repre-
sentation of identity features through multi-level feature
extraction. However, the entanglement of identity and
background information in in-the-wild images during
training prevents accurate identity localization, result-
ing in severe semantic interference between identity and
background. In this paper, we aim to answer two ma-
jor questions: 1) how to extract personalized identity
features accurately and integrate them into the image
generation process effectively. 2) how to leverage train-
ing strategies to improve the accuracy of visual prompt
localization. To this end, we propose a novel fine-tuning-
based diffusion model for personalized identities text-
to-image generation, named PIDiff, which leverages the
W+ space and an identity-tailored fine-tuning strategy
to avoid semantic entanglement and achieves accurate
feature extraction and localization. Style editing can
also be achieved by PIDiff through preserving the char-
acteristics of identity features in the W+ space, which
vary from coarse to fine. Through the combination of
the proposed cross-attention block and parameter op-

*Haipeng Liu is the corresponding author.

timization strategy, PIDiff preserves the identity infor-
mation and maintains the generation capability for in-
the-wild images of the pre-trained model during infer-
ence. Our experimental results validate the effectiveness
of our method in this task. Our code and dataset are
available here.

Keywords: Diffusion model, W+ space, Personalized
identity customization, Image Synthesis

1. Introduction

In recent years, text-to-image generative models [1, 21,
28, 29, 32, 40, 17] have attracted significant attention due to
their ability to synthesize vivid and diverse images from text
prompts. The growing demand for customized content has
made text-to-image generation for personalized identities a
popular research direction. Specifically, the specific identity
is expected to be the main subject of generated images. This
introduces two key challenges for generative models: first,
how to effectively incorporate the personalized identity into
the generated images; second, how to ensure text-image se-
mantic consistency while preserving the unique character-
istics of the given identity.

Recent methods of text-to-image generation have
adopted various approaches to represent specific concepts.
Some methods [5, 31, 10] attempt to inverse specific con-
cepts into the text embedding space. They optimize text
embeddings and fine-tune the generative model, allow-
ing it to quickly capture the characteristics of the con-
cept. This strategy allows for the optimization of fewer pa-
rameters without compromising the model’s performance
[7, 38, 24, 25]. While these methods perform well in gen-
erating simple concepts (such as dogs or doors), they face
challenges when generating images of personalized identi-
ties. As personalized identities often involve many intricate
details that require precise representation. Inverting identity
into the text embedding space leads to semantic entangle-
ment with textual information, making it difficult to accu-
rately learn and preserve key identity attributes.

To achieve more accurate identity representation, some
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Figure 1. Overview of the proposed PIDiff. PIDiff consists of two modules: Visual Guidance Module(VGM) and the diffusion model.
VGM processes the preprocessed image and outputs it to the diffusion model. The diffusion model is based on SDV1.5 and uses new
transformer blocks to incorporate both text and visual prompts.

methods [41, 6, 11] modify the generative model by adding
additional modules to process visual prompts. Although
these methods improve feature representation accuracy
through additional visual prompts and processing modules,
images generated by these methods exhibit poor diversity,
and some key features are often overlooked. This is be-
cause their approaches to obtain visual prompts is prob-
lematic. For example, IP-Adapter [41] utilizes the image
encoder of CLIP. However, extracting visual prompts from
image patches is affected by the entanglement of identity
and irrelevant region information. As a result, the generated
images not only lose crucial personalized identity attributes
but also closely resemble the background and some identity
attributes of the reference image.

It is worth noting that many works [22, 13, 37, 15, 2, 12,
23, 3] have utilized the W+ space from StyleGAN for more
accurate personalized identity image generation. Therefore,
W+ Adapter [13] combines the W+ space with diffusion
models to generate more accurate personalized identity im-
ages. However, in in-the-wild images, a large amount of
information from identity-irrelevant regions entangles with
the information of identity, making it difficult to accurately
localize the visual prompt. As a result, the visual prompts
in W+ Adapter not only fail to accurately localize the face
region but also severely interfere with the background.

After analyzing the issues with previous methods, we
identify two key problems that must be addressed: 1.how
to accurately extract personalized identity features as vi-
sual prompts and integrate them into the image generation
process ; 2. how to train the model to improve the accuracy
of visual prompt localization to ensure the preservation of
personalized identity features and avoid semantic entangle-
ment.

To address the above problems, we propose a novel fine-
tuning-based diffusion model called PIDiff for personalized
identity text-to-image generation. Due to the excellent per-
formance of diffusion models [1, 21, 28, 29, 32, 40, 19, 16],
we adopt the Stable Diffusion as the generative model. We
design a Visual Guidance Module(VGM) to process the ref-
erence image and provide the visual prompt to the diffusion
model. VGM utilize the W+ space of StyleGAN to rep-
resent the specific identity. Notably, PIDiff innovatively
applies the W+ space to customized fine-tuning, enabling
personalized identity style editing by preserving the charac-
teristics of the w+ vector, making the visual prompt more
interpretable. During the denoising process, PIDiff utilizes
the Style Cross-Attention(SCA) to integrate visual prompts
into the image generation process. To improve the accuracy
of visual prompt localization and avoid excessive parame-
ter adjustments, we adopt a customized fine-tuning strategy.
This training approach effectively addresses the issue of se-
mantic entanglement, which previous methods struggled to
avoid. Our pipeline is illustrated in Fig. 1.

Our contributions can be summarized as follows:

1. The utilization of the W+ space enables more accurate
and comprehensive extraction of personalized iden-
tity features. SCA cleverly integrates visual prompts
provided by VGM into the image generation process.
With a customized fine-tuning strategy, PIDiff avoids
semantic entanglement and effectively preserves per-
sonalized identity features.

2. VGM enables style editing in customized fine-tuning-
based methods by preserving the characteristics of the
w+ vector. PIDiff introduces greater diversity to per-
sonalized identity text-to-image generation by allow-



ing style combinations.

3. To address the limitation of existing datasets, we pro-
pose a small-scale dataset specifically designed for
identity image generation. Both qualitative and quan-
titative analyses demonstrate that PIDiff outperforms
state-of-the-art methods in personalized identity text-
to-image generation .

2. Methodology

Our work can be summarized into two parts: 1: Cus-
tomized text-to-image generation for personalized identi-
ties:(1) A training strategy for personalized identities (Sec.
2.2.1 and Sec. 2.2.4). (2) Utilizing the w+ vector to pre-
serve identity features and enable style editing (Sec. 2.2.2).
(3) Improving prompt processing capability and training ef-
ficiency with a novel Cross-Attention structure (Sec. 2.2.3).
(4) The inference phase (Sec. 2.2.5). 2: A comprehen-
sive dataset tailored for personalized identity customization
(Sec. 2.3). Before introducing PIDiff, we first elaborate on
the preliminaries of diffusion models, which are fundamen-
tal to our method.

2.1. Preliminaries

2.1.1 Stable Diffusion

Stable Diffusion (SD) is a variant of diffusion models, re-
ferred to as a latent diffusion model (LDM) [29]. It con-
sists of three main components: a Variational Autoencoder
(VAE) with an encoder E and a decoder D, a U-Net [30]
ϵθ, and a text encoder [26] τ . It operates by transform-
ing the input image I ∈ R3×H×W to the latent code
z0 ∈ R4×H/8×W/8, which is in the higher-dimensional la-
tent space, through the VAE encoder E. DDPM [8] is em-
ployed in the training phase for both the forward diffusion
process and the reverse denoising process. In the inference
phase, DDIM [33] is utilized for the denoising process. Fi-
nally, the VAE decoder D will decode the denoised out-
put back into the pixel space. In this way, diffusion models
can not only represent images in an efficient way, but also
greatly improve computational efficiency.

A crucial component of SD is the attention mechanism,
which consists of both self-attention and cross-attention.
The self-attention mechanism allows the model to focus on
different parts of the image internally, capturing global de-
pendencies [18]. The cross-attention mechanism integrates
text conditions into the image generation process, aligning
the generated image with the text prompt c. Therefore, in-
spired by the success of prior methods [6, 10, 13], we pri-
marily focus on optimizing cross-attention. We first obtain
the latent code z by adding noise to z0 through DDPM, then
the cross-attention blocks get query features f(zt) from the
hidden state of input image and text embeddings τ(c) from

the text encoder τ . The output of the cross-attention block
in the i-th layer can be defined as:

f i′

text(zt) = Cross-Attention(Qi,Ki, V i)

= softmax
(
Qi(Ki)T√

d

)
V i,

(1)

where Qi = f i(zt)W
i
q , Ki = τ(c)W i

k, and V i =

τ(c)W i
v are the query, key, and value matrices of the i-

th cross-attention block, respectively. Specifically, W i
q ∈

RHhs×Whs

, W i
k ∈ RHhs×W cd

, and W i
v ∈ RHhs×W cd

re-
fer to the projection matrices. Here, cd denotes the cross-
attention dimension, which is the dimensionality of the in-
put features used for cross-attention, corresponding to the
text embedding size. hs represents the hidden state size.
The dimension d of the keys serves to scale the result before
applying the softmax function. This mechanism enables the
model to align the generated image with the text prompt c
by focusing on relevant semantic features.

After introducing the basic principle, components, and
the cross-attention mechanism of SD, the training objective
of the diffusion model can be written as:

LLDM = Ez0,ϵ∼N (0,1),t,c

[
∥ϵ− ϵθ(zt, t, τ(c))∥22

]
, (2)

where z0 is E(I), zt is the latent code at timestep t. ϵ is
the ground truth noise randomly sampled from a Gaussian
distribution. t is uniformly sampled from {1, 2, . . . , T}.
The ϵθ represents the U-Net [30] denoising network.

2.1.2 W+ latent space

Recently, works based on StyleGAN [9] have achieved
great success in the task of human face image generation.
The W+ latent space possesses several unique characteris-
tics that make it particularly powerful for image generation
and manipulation. First, W+ space is multi-dimensional,
allowing for fine-grained control over various aspects of the
generated image. Additionally, it facilitates style mixing
and manipulation by allowing different dimensions of w+

vectors to be combined. This flexibility makes W+ latent
space an ideal tool for applications such as face image edit-
ing, style transfer, and customized image generation.

2.2. Method

To investigate the reasons behind the lower image quality
produced by methods (e.g., IP-Adapter [41], W+ Adapter
[13], and Textual Inversion [5]), we visualize the attention
maps in Fig. 2. The following analysis provides insights
into the causes of the issues with each method:
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Figure 2. Comparison of Image Generation Results and Attention
Maps between Various Methods. The customized training strat-
egy avoids semantic entanglement and effectively preserves key
identity features.

1. Although Textual Inversion achieves precise attention
localization through its training strategy in Fig. 2(a),
the inherent semantic entanglement and limited ex-
pressive power of the text embedding space result in
the loss of key identity features.

2. The visual and text prompts in IP-Adapter can only
roughly localize the person’s region in Fig. 2(b). This
suggests that CLIP-I causes semantic entanglement by
providing embeddings of image patches. Therefore,
the visual prompt fails to effectively guide image gen-
eration.

3. In Fig. 2(c), the text prompt of W+ Adapter can lo-
calize precisely, whereas the visual prompt’s attention
is dispersed. This is because the semantic entangle-
ment between identity and background from in-the-
wild images prevents the accurate localization of vi-
sual prompts.

Therefore, we employ a customized text-to-image gen-
eration strategy to avoid semantic entanglement. Then,
we utilize w+ vectors as our visual prompts. To preserve
the characteristics of the W+ space, we process w+ vec-
tors through our Visual Guidance Module (VGM). Finally,

through our Style Cross-Attention (SCA), SD can effec-
tively integrate these prompts into the generated images.
Our framework is shown in Fig. 1.

2.2.1 Customized Text-to-Image Generation

Due to the use of pre-trained models, images are influenced
by prior knowledge. For example, the word “person” may
correspond to the human face images that appear more fre-
quently in the training set. Thus, we use pseudo-words to
represent specific identities, such as S∗.

As shown in Fig. 1, during the training process, we only
need to provide a few face images of a specific identity,
allowing the model to quickly learn accurate localization
of visual prompts by avoiding semantic entanglement be-
tween identity-relevant and other regions. These images
will be encoded by the VAE encoder and perturbed with
random noise according to a randomly selected timestep.
In the denoising process, we employ random templates as
text prompts, for example, “an image of S∗ ”, “a cropped
photo of S∗ ” and so on. Finally, the UNet outputs the pre-
dicted noise based on the text prompt, visual prompt, and
the timestep.

During the inference stage, we only need to provide an
image of a specific identity and the text prompt that de-
scribes the final image. Our model will generate in-the-wild
images that not only contain the details of specific iden-
tities but also maintain semantic consistency with the text
prompt.

2.2.2 Visual Guidance Module

Due to the semantic entanglement in in-the-wild images,
simply providing image patch embeddings [39, 41] results
in the loss of key features. Therefore, we choose the more
accurate and flexible w+ vector as our visual prompt. To en-
sure the w+ vector can be directly utilized by SD, we design
the visual guidance module. First, the preprocessing mod-
ule can align face images and remove backgrounds. The
processed images Icrop will be input into the e4e encoder
[34]. As shown in Fig. 1, the e4e encoder first extracts fea-
tures of the input image from coarse to fine through a CNN,
and then obtains the w+ ∈ R18×512 vector by mapping
modules. However, the w+ vector is designed for Style-
GAN’s generator, so we use a mapping network F to project
the w+ vector. Through the mapping network, the w+ vec-
tor can be mapped to a visual embedding F(w+) ∈ R4×768

to guide the denoising process of the U-Net.
The visual guidance module also preserves the proper-

ties of the W+ space. As shown in Fig. 1, a CNN in the
visual prompt module encodes the image into hidden codes
of different levels, enabling the final output w+ vector to
have multi-level semantic expression capabilities. During
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the inference phase, we can concatenate w+ vectors of im-
ages with different styles to achieve style editing to some
extent. For example, in Fig. 11, we can generate a per-
son with desired styles by concatenating hidden codes of
different images, which previous methods [6, 31, 39] for
customizing specific concepts could not achieve.

2.2.3 Style Cross-Attention

Previous efforts attempted to achieve personalized iden-
tity customization through optimizing text embeddings or
fine-tuning diffusion models. By analyzing weight changes
after training, Custom Diffusion [10] discovered that, al-
though the cross-attention blocks have relatively few pa-
rameters, they have a significant impact on the model’s per-
formance. Motivated by these findings, we introduce Style
Cross-Attention (SCA) to integrate visual prompts into the
denoising process.

As shown in Fig. 3, SCA is a cross-attention block
behind the text cross-attention block. The text cross-
attention block is the original cross-attention block for text
in the diffusion model. We add SCA for processing vi-
sual prompts after the text cross-attention block to inte-
grate visual prompts using semantically richer queries. This
structure helps the model localize visual prompts more
accurately and effectively prevents the disruption of the
text-image semantic consistency of the pre-trained model.
Specifically, SCA takes the output of the text cross-attention
block as the query and visual embeddings from Mapping
Network F as key and value. The output of SCA can be
defined as:

f i′′

SCA(zt) = Cross-Attention
(
Qi′ ,Ki′ , V i′

)
= softmax

(
Qi′(Ki′)T√

d

)
V i′ ,

(3)

where Qi′ = f i′

text(zt)W
i′

q , Ki′ = F (w+)W
i′

k , and
V i′ = F (w+)W

i′

v , where W i′

q , W i′

k , and W i′

v are the pro-
jection matrices for query, key, and value. f i′

text(zt) is de-
fined in Eq. (1).
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Figure 4. Illustration of inference process in diffusion models:
Given a text prompt (e.g.,“ a photo of * reading in the library”)
and an identity image, PIDiff can generate images for the identity.

Finally, the output of SCA combines the output of text
cross-attention block. The final output can be defined as:

f(zt) = f i′

text(zt) + λ · f i′′

SCA(zt), (4)

where λ is a parameter that controls the contribution of
SCA, which processes visual prompts. During training, λ is
set to 1. In the inference stage, λ can be adjusted to balance
the semantic information from the text with the visual style
derived from the visual prompt.

2.2.4 Training Loss

To accelerate model convergence, W i′

q , W i′

k , W i′

v are ini-
tialized from W i

q , W i
k, W i

v respectively. During the training
process, only W i′

q , W i′

k , W i′

v in SCAs and the mapping net-
work F will be trainable. This strategy helps PIDiff better
preserve the generative capability of the pre-trained model.

The final optimization objective for the model is given
as:

LLDM = Ez0,ϵ∼N (0,1),t,c

[
∥ϵ− ϵθ(zt, t, τ(c), F (w+))∥22

]
,

(5)
where Eq. (5) is similar to Eq. (2), except that it incorpo-

rates an additional visual condition F (w+) and adds SCAs
after the original text cross-attention blocks in the U-Net.

2.2.5 Inference Stage

During the inference stage, we utilize Stable Diffusion (SD)
as the generative model. As shown in Fig. 4, this process
can be broken down into several key steps. Specifically,
we first sample Gaussian noise. This noise serves as the
initial latent code. Next, we employ the DDIM denoising
process to iteratively refine the latent code. Given a target
text prompt, such as “a photo of * reading in the library ”,
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Figure 5. Visualization of our proposed personalized identity cus-
tomization dataset, we select samples from our dataset showcasing
diverse identities, including variations in race, age, and gender.

we obtain the corresponding text embeddings using the text
encoder. We also need to provide a specific identity im-
age to guide the generation process through VGM. Finally,
the generated image is obtained by decoding the final latent
code using the VAE decoder.

2.3. Dataset Construction Method

Although existing datasets such as FFHQ contain high-
quality face images, they do not offer multiple images for
each identity. However, datasets that contain multiple im-
ages for each identity are primarily designed for tasks such
as image recognition. As a result, these images are often
affected by variations in angles and lighting, leading to sub-
optimal quality. We also found that while the latest Cross-
FaceID [36] dataset demonstrates good quality and diver-
sity, it contains a significant number of duplicate samples.

To overcome this limitation, we constructed a novel
dataset tailored for personalized identity customization. We
provide the dataset here. This dataset was meticulously cu-
rated by first selecting high-quality images from the Cross-
FaceID dataset comprising 40,000 identity samples, fol-
lowed by supplementing identity categories with images re-
trieved from Google to ensure comprehensive coverage and
diversity.

This carefully curated dataset aims to mitigate poten-
tial biases arising from imbalanced representation of demo-
graphic groups. The dataset comprises approximately 500
identity images across three racial groups: White, Asian and
Black. Each racial group is further divided into three age
brackets: 0–20, 21–50, and 51+, where the age of the sam-
ples refers to the age at the time the photo was taken, rather

than their current actual age (dataset samples are shown in
Fig. 5). Moreover, each identity is represented by at least
six images with diverse poses, viewing angles, expressions,
and environmental variations to ensure the model’s robust-
ness in challenging scenarios. By incorporating individuals
across various racial, age, and gender groups, our dataset
promotes more equitable and accurate research outcomes,
fostering a deeper understanding of the complexities in fa-
cial recognition technology. The combined dataset effec-
tively addresses the scarcity of identity variations and en-
hances model generalization. All images in our provided
dataset are publicly available and free from privacy issues,
ensuring ethical compliance and legal usability for research
purposes.

3. Experiment

3.1. Implementation Details

We implement the proposed PIDiff in pytorch framework
under the running environment as: python 3.12.4, pytorch
2.2.2 and cuda 12.0. The codes are available here. We use
the pre-trained SD V1.5 as the generative model. We train
our model on an A40 GPU. We employ the AdamW op-
timizer [20] with a learning rate of 1 × 10−4 and weight
decay of 0.01. We train PIDiff with a batch size of 4 for
600 steps. We employ dropout probabilities of 0.5 for vi-
sual embeddings and 0.3 for text embeddings. We also add
random noise to w+ vectors. We adopt DDIM [33] with 50
steps during inference.

3.2. Evaluation Metrics

We use ID, LPIPS, and CLIP-T to evaluate the perfor-
mance. Identity Loss (ID↑): We first use MTCNN [42]
for face alignment. Then we use ArcFace [4] to measure
detected faces. Finally, we calculateg the cosine similarity
between the feature of the generated image and the origi-
nal image. Learned Perceptual Image Patch Similarity
(LPIPS↓) [43]: We use VGG-V0.1 for image feature ex-
traction and evaluate image similarity by comparing the dif-
ferences between features. Text-image similarity (CLIP-
T↑) [27]: We use the pre-trained clip-vit-base-patch16 to
calculate the similarity between the generated image and
the text prompt.

3.3. Comparison with State-of-the-arts

To validate the superiority of PIDiff, we compare it with
typical models, including: Textual Inversion [5] proposes
finding text embeddings for different concepts. Custom Dif-
fusion [10] introduces fine-tuning the cross-attention map-
ping matrix. VICO [6] and IP-Adapter [41] attempt to use
additional modules to integrate visual prompts. W+ adapter
[13] utilizes the W+ space to achieve high-quality identity
representation. PhotoMaker [14] fuses multiple identity im-

https://anonymous.4open.science/r/SUPPM-A752/
https://anonymous.4open.science/r/SUPPM-A752/


Reference image Textual Inversion[5] Custom Diffusion[10] IP-Adapter[40] W+ adapter[13] Ours

A photo of a person playing chess in the park

A photo of a person playing with a dog

A photo of a person sitting on the sofa

An oil  painting of a person standing in the garden

VICO[6]PhotoMaker[14] InstantID[34]

Figure 6. Qualitative Comparison between previous methods and PIDiff. PIDiff not only maintains identity features and text-image seman-
tic consistency but also generates images with significantly high quality.

Table 1. Quantitative comparisons with previous methods. The
best result is shown in bold, and the second best is underline.

Methods ID↑ LPIPS↓ CLIP-T↑
Textual Inversion[5] 0.1177 0.6763 0.1111

Custom Diffusion[10] 0.1256 0.7261 0.1484
PhotoMaker[14] 0.2479 0.6712 0.2124

InstantID[35] 0.3052 0.6948 0.1105
VICO[6] 0.2490 0.6999 0.1412

IP-Adapter[41] 0.2911 0.6094 0.1593
W+ adapter[13] 0.2407 0.6740 0.1927

Ours 0.3109 0.5945 0.1951

ages into a stacked CLIP embedding and blends them with
text prompts via LoRA-adapted cross-attention. Instan-
tID [35] achieves zero-shot ID-preserving generation from
a single reference using a face encoder, a cross-attention
adapter, and IdentityNet. To ensure a fair comparison, all
the experiments are conducted using the proposed dataset.

3.3.1 Quantitative Comparison

In the experiment, we use 12 text prompts as text conditions
for each identity. These text prompts include scenarios with
single people, multiple people, and multiple objects, as well
as requirements for clothing and poses. Since some models,
such as Textual Inversion, do not require reference images

Table 2. Quantitative comparisons with previous methods. The
best result is shown in bold, and the second best is underline.

Methods IF↑ PF↑
Textual Inversion[5] 0.4516 0.3524

Custom Diffusion[10] 0.4988 0.5647
PhotoMaker[14] 0.5662 0.8226

InstantID[35] 0.7144 0.4296
VICO[6] 0.5245 0.4769

IP-Adapter[41] 0.6881 0.6468
W+ adapter[13] 0.5716 0.7125

Ours 0.7261 0.7883

during inference, we select the most similar facial image to
compute the evaluation metrics. This comprehensive evalu-
ation ensures an accurate performance assessment for each
model.

As shown in Table 1, our model achieves outstanding re-
sults. Notably, our method attains higher ID scores. This
stems from the W+ space, which provides superior expres-
sive power. Additionally, our approach outperforms W+

adapter. This is because it is affected by the training strat-
egy, which causes visual prompts to fail in accurately local-
izing relevant regions (e.g., Fig. 2(c)).

Our method also achieves high CLIP-T metric, benefit-
ing from the fusion of the training strategy and SCA. As
stated in Sec. 2.2.1 and Sec. 2.2.3, the customized training



Figure 7. Comparative Analysis of Models Across Various
Datasets. Compared to other methods, our approach is free
from bias. Outstanding experimental results demonstrate that our
method is both superior and more stable.

Table 3. Analysis of training steps for train. The best result is
shown in bold.

number 400 600 800 1000
ID↑ 0.2973 0.3109 0.3219 0.3390

CLIP-T↑ 0.1535 0.1951 0.1265 0.1144

strategy allows the model to quickly learn accurate localiza-
tion of visual prompts by avoiding semantic entanglement.
SCA effectively prevents the disruption of the text-image se-
mantic consistency of the pre-trained model.

Furthermore, we conducted a user study comparing our
method with prior works. For identity fidelity (IF), we re-
cruited 100 users to complete a questionnaire comprising
ten questions evaluating gender, age, race, and key identity
attributes. For prompt fidelity (PF), each generated image
was assessed through seven questions, such as “Does the
key scene match the prompt?” and “Do the action align with
the prompt?”. After collecting user responses, we statisti-
cally analyzed the results, as shown in Table 2. Although
PhotoMaker’s mapping network uses MLPs to output a
stacked identity embedding for improved prompt fidelity,
it sacrifices identity fidelity in the process. Our method,
PIDiff, demonstrates superior performance in both metrics.
Compared to previous customized fine-tuning approaches
like VICO and Textual Inversion, PIDiff significantly en-
hances identity fidelity through SCA. In contrast to methods
such as W+ adapter, which support customization for arbi-
trary identities, PIDiff’s fine-tuning strategy combined with
the W+ space more effectively mitigates semantic entan-
glement, thereby improving both prompt fidelity and image
quality.

3.3.2 Qualitative Comparison

Fig. 6 demonstrates the visual comparison between PIDiff
and other methods. It can be observed that methods without

Reference
image

400 steps 600 steps 1000 steps

Prompt: A photo of * playing with a cat

Figure 8. Qualitative results of using different training steps. Too
few steps lead to identity loss. Too many steps cause overfitting,
reducing text-image semantic consistency.

Table 4. Analysis of Data Augmentation. The best result is shown
in bold.

Methods ID↑ LPIPS↓ CLIP-T↑
w/o aug 0.2744 0.6412 0.1649
w/ aug 0.3109 0.5945 0.1951

visual prompts have poor identity preservation capabilities
in the generated images. We can also notice that faces in the
images generated by IP-Adapter are relatively fixed, and the
background is affected by visual prompts and IP-Adapter
rows 2 and 4 in Fig. 6). This aligns with the issue regarding
CLIP image encoder that we highlighted in Sec. 2.2.2: Sim-
ply providing image patch embeddings results in the loss
of key features due to semantic entanglement, and this also
causes a decrease in image diversity.

These results further validate the effectiveness of the W+

latent space and the Visual Guidance Module in our method.
By aligning faces and cropping backgrounds, the visual
prompts provided by the preprocessing module effectively
mitigate background interference. Through VGM’s multi-
level processing approach, the visual prompts can be more
effectively utilized by SCA.

Fig. 7 presents our results across various test categories,
including different ethnicities and age groups. The stable
results suggest that our model is free from bias and is suit-
able for text-to-image generation tasks for a wide range of
identities.

3.4. Ablation Study

3.4.1 Analysis of Training Steps

Different training strategies often require varying numbers
of training steps. Previous methods require significantly dif-
ferent numbers of training steps. Therefore, we analyze how
many steps are suitable for our model.

As shown in Table 3, we observe that when the number
of training steps is fewer than 600, the model fails to inte-
grate the specific identity into the pseudo-words, resulting
in generated images that do not effectively capture the spe-
cific identity. Conversely, excessive training steps cause the
model to overfit to the specific identity, leading to a decline
in semantic alignment with text prompts (visual comparison
is shown in Fig. 8).
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playing with a dog
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playing chess in the park

A photo of * 
talking with a friend

Reference
image

w/o aug
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Figure 9. Qualitative results of using data augmentation. PIDiff
can more accurately preserve identity features through data aug-
mentation.

Table 5. Quantitative Comparison of Training Configurations. The
best result is shown in bold.

images 4 6 8 10
ID↑ 0.2457 0.3109 0.2888 0.2883

CLIP-T↑ 0.1410 0.1951 0.1663 0.1477

To balance the ID and CLIP-T metrics, we select 600
training steps. This choice is based on the observation that
our model achieves the best performance on CLIP-T while
also generating high-quality images at 600 steps.

3.4.2 Analysis of Data Augmentation

During training, we randomly add noise to w+ vector.
We drop text prompts with a probability of 0.3 and vi-
sual prompts with a probability of 0.5. First, the random
noise added to w+ vector effectively prevents overfitting of
vector-image pairs and improve the diversity of generated
images. We also discard the prompts with a high probabil-
ity to avoid overfitting visual and text prompts and help the
model customize to a specific identity. Fig. 9 shows the ef-
fect of our data augmentation. We also show the experiment
results in table 4.

3.4.3 Analysis of Number of Images for Train

Previous methods typically require a few images to cus-
tomize specific concepts. However, identity face has many
unique characteristics that need to be preserved. Therefore,
the number of images used for training must be reasonable.
We choose to use six images for training. In Fig. 10, we
show the visual comparison between our choice and other
numbers, and we also show experiment results in Table 5.
It can be seen that when there are fewer images for train-

Reference
image

4 images 6 images 8 images 10 images

Prompt: A photo of * reading in the library

Figure 10. Qualitative results of using different numbers of train-
ing images

Table 6. Analysis of Number of Images for Training (SI:Specific
identity, ADD:An additional image of a new identity with a spe-
cific style). The best result is shown in bold.

number ID↑ LPIPS↓ CLIP-T↑
6(SI)+1(ADD) 0.3097 0.6146 0.1818

6(SI) 0.3109 0.5945 0.1951

ing, the model tends to overfit images and text prompts in
dataset. In the inference stage, the generated image is eas-
ily affected by the text prompt, which leads to the degrada-
tion of image quality. When too many images are provided,
the model struggles to learn the key identity characteristics
due to the diversity of poses, expressions, and appearances
across the images, leading to degraded identity fidelity.

3.4.4 Analysis of the Number of Images for Training in
Style Editing

One of the contributions of PIDiff is the implementation of
style editing under a customized fine-tuning training strat-
egy. PIDiff enables style editing by combining w+ vectors
from different images of a specific identity. However, if the
desired style is absent in the images of the specific iden-
tity, an additional image is needed to provide the required
style during training. Therefore, to ensure the preservation
of the original identity features while learning the new style,
we train the model using six images of the specific identity
along with an additional face image containing the desired
style. This method may lead to some degree of performance
degradation,but as shown in Table 6, our model still main-
tains strong performance.

3.4.5 Analysis of Style Cross-Attention Structure

In IP-Adapter, a parallel cross-attention block(PCA) design
is adopted, where the query for the visual cross-attention
block comes directly from the hidden state. However, in
SCA, the query originates from the output of the text cross-
attention block. Therefore, we show experimental compar-
isons in table 7. We found that, due to the processing by the
text cross-attention block, different semantic regions in the
image are better distinguished, allowing the visual prompt
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Figure 11. Given face images with coarse-grained features (e.g., hair, skin color, face shape) and fine-grained features (facial details),
PIDiff can concatenate the w+ vectors and generate personalized identity images with new styles

Table 7. Quantitative Comparison of Style Cross-Attention Struc-
ture. The best result is shown in bold.

Structure PCA SCA
ID ↑ 0.2235 0.3109

CLIP-T↑ 0.1468 0.1951

Figure 12. Visual comparisons of images generated by using dif-
ferent λ in SCA. When λ=0.4, PIDiff achieves the highest text-
image semantic consistency while effectively preserving identity
features.

to be more precisely localized. As a result, our SCA can
help the visual prompt focus on the facial region more ac-
curately, ensuring the retention of identity features.

3.4.6 Analysis of Computational Complexity

We report the number of trainable parameters (i.e., those
fine-tuned during training) and inference times for each

Table 8. Computational comparison of different models. The best
result is shown in bold, and the second best is underline.

Model Params (M) Inf Time (s)
PIDiff 38.5 8
VICO 51.3 65

W+ Adapter 38.5 6
Ip-Adapter 22.5 6

DreamBooth 982.6 11
Custom Diffusion 57.1 8

method to analyze computational complexity. We con-
ducted comprehensive testing of all models’ average infer-
ence time under consistent hardware conditions (using a
single NVIDIA A40 GPU). The results in Table 8 demon-
strate significant variations in both parameter counts and in-
ference speeds across methods. Notably, PIDiff not only
generates high-quality images but also achieves this with
fewer parameters while maintaining faster inference speeds
compared to alternative methods.

3.4.7 Analysis of Style Editing

Through the use of w+ vector, our model is capable of per-
forming a certain degree of style editing. We can synthesize
images of identities with specific styles by combining the
w+ vectors of the specific identity. As demonstrated in Fig.
11, the first image provides the desired style, and the sec-
ond provides the fine-grained characteristics that represent
the specific identity. By fusing w+ vectors, we can add a
new style to the specific identity.



3.4.8 Analysis of λ in Style Cross-Attention

We use λ to control the influence of w+ vectors on the hid-
den states in SCA. As shown in the Fig. 12, when λ ap-
proaches 0, the generated images retain the text alignment
capabilities of the pre-trained SD, but the specific identity
is not wCell preserved. When λ approaches 1, the gener-
ated image fails to match the text prompt. It can be seen
that when λ is smaller than 0.4, the features of the specific
identity are lost. When the λ is larger than 0.4, CLIP-T
rapidly decreases, while ID does not change significantly.
Therefore, through experimental analysis, we choose 0.4 as
an appropriate choice.

4. Conclusion

In this paper, we propose PIDiff for personalized identi-
ties text-to-image generation and demonstrate that: 1) The
W+ space enhances the diffusion model’s accuracy in rep-
resenting identity features and enables flexible style editing.
2) The attention mechanism and customized fine-tuning
strategy innovatively integrate the W+ space with diffu-
sion model fine-tuning, effectively addressing the seman-
tic entanglement issues prevalent in prior diffusion-based
approaches. This integration significantly enhances both
identity fidelity and textual fidelity. Although PIDiff is de-
signed for single-identity image generation, our future work
will explore enhanced injection methods for w+ vectors to
achieve multi-identity image synthesis. Extensive experi-
mental results validate that PIDiff is free from bias and out-
performs previous methods.
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