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Abstract
Recent advances in diffusion-based generative models have
demonstrated superior performance in subject-driven image
generation. Identity (ID) preserving image generation, as a
subtask of subject-driven image generation, aims to generate
customized images for specific human identity and has broad
application potential. However, this task remains challenging
due to the requirement for high ID fidelity and precise de-
tail preservation. Additionally, generating high-quality con-
text presents another challenge, as existing methods struggle
to achieve both high ID fidelity and satisfactory context si-
multaneously. To address the issues of insufficient ID fidelity,
we introduce a simple yet effective test-time fine-tuning ap-
proach. Specifically, we propose an attribute-driven training
method that establishes global-level and local-level tasks to
learn the global face feature and fine-grained attribute fea-
tures, respectively. Furthermore, we introduce a novel ID-
context decoupling framework that decouples image context
generation from human ID generation, ensuring the quality
of contextual content as well as facilitating the learning of
ID information. Through extensive experiments, we demon-
strate the effectiveness of the proposed method and showcase
its capabilities across various applications.

Introduction
Subject-driven text-to-image generation aims to generate
images for a given subject conditioned on textual prompts,
which has received widespread attention in recent years.
Methods based on diffusion models, such as Textual Inver-
sion (Gal et al. 2022), DreamBooth (Ruiz et al. 2023), IP-
Adapter (Ye et al. 2023) and BLIP-Diffusion (Li, Li, and Hoi
2024), demonstrated impressive performance in this task.
These works are capable of producing personalized images
for a specific subject in various poses, styles and scenes. ID-
preserving image generation represents a specialized task
within this domain, particularly focusing on generating cus-
tomized images for human identity (ID). The synthesis of
customized images for human characters has diverse appli-
cations, including creating portraits, virtual try-on and an-
imation generation. Therefore, ID-preserving image gener-
ation has also attracted considerable interests, leading to
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Figure 1: Existing methods struggle to achieve both high ID
fidelity and context quality, possibly resulting in poorly ren-
dered contextual content or compromised ID fidelity.

the emergence of notable works like Photo Maker (Li et al.
2023b) and InstantID (Wang et al. 2024a).

Compared to subject-driven image generation, ID-
preserving image generation is more challenging. This chal-
lenge arises from the complexity and uniqueness of human
facial features, which are essential for recognizing specific
identity yet difficult for models to learn. The human face
contains key ID features such as the details of facial at-
tributes, face proportion, and skin texture. When observing
an image of a person, even subtle differences can distinguish
between different human IDs. Hence, ID-preserving image
generation requires considerably high ID fidelity in gener-
ated images. Existing methods for generating customized
images of specific human IDs can be divided into two cat-
egories according to the inference approach. The first type
of methods (Ruiz et al. 2023; Gal et al. 2022; Han et al.
2023) requires test-time fine-tuning for a new human ID.
These methods preserve the knowledge of the given ID by
fine-tuning the model’s weights or special tokens associated
with that ID. The second type (Ye et al. 2023; Li, Li, and
Hoi 2024; Li et al. 2023b; Wang et al. 2024a) does not need
test-time fine-tuning, enabling zero-shot and instant gener-
ation with one or several images of a specific human ID as
input. These methods typically incorporate new modules or
adapters and train these components on large-scale datasets.

Although existing methods enable generating acceptable
images for given human IDs, they primarily have the fol-
lowing limitations: (1) Existing methods still suffer from in-
sufficient ID fidelity. These methods primarily rely on the
target human ID’s global facial features for customized im-
age generation. However, they overlook the fine-grained fea-
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Figure 2: With a few input ID images, FaceA-Net can generate high-fidelity and detail-rich ID portraits based on given prompts.

tures of facial attributes. As a result, the generated images
fail to precisely match the target human ID in detail, leading
to compromised ID fidelity. (2) Existing methods struggle
to simultaneously generate high-quality contextual content
and maintain high ID fidelity. Test-time fine-tuning and the
addition of new components in zero-shot methods may im-
pair the generative capability of the base model, resulting in
an imbalance between context quality and ID fidelity. Our
observations indicate that this degradation in context quality
is reflected in both aesthetics and alignment with the textual
prompt. As demonstrated in Figure 1, when the prompt is
complex, IP-Adapter (Ye et al. 2023) tends to generate con-
textual content that is poorly rendered and misaligned with
the prompt. Although Photo Maker (Li et al. 2023b) achieves
better visual aesthetics and prompt alignment, it may com-
promise ID fidelity. InstantID (Wang et al. 2024a) requires
additional pose conditions to generate satisfactory results.
Without pose conditions, InstantID may disregard the given
prompt. These limitations have a significantly negative im-
pact on the quality of the generated results.

To address the mentioned issues, we introduce a Facial
Attribute-driven ID Preserving Image Generation Network
(FaceA-Net). First, we propose an attribute-driven training
method that establishes global-level and local-level tasks to
fine-tune model. The local-level task focuses on reconstruct-
ing the appearance of each facial attribute of the target ID,
enabling the model to learn fine-grained features. This task
helps the model better preserve the detailed appearance of
facial attributes, thereby enhancing ID fidelity. Second, to
achieve both high context quality and ID fidelity, we propose
a simple yet effective framework that decouples the gener-
ation of contextual content from the generation of human
ID. In this new framework, a powerful generative model is
used to generate a portrait image with high-quality context,
while a relatively lightweight model is employed to refine
the facial region of the portrait image, ensuring it matches
the target ID. The advantage of this decoupling is that test-

time fine-tuning for a given ID is performed on the ID gener-
ation model, without affecting the generative capabilities of
the context generation model, thereby ensuring the quality of
contextual content. An additional benefit of this approach is
that the test-time fine-tuning of the ID generation model can
focus on the facial area while avoiding the learning of irrel-
evant contextual information from the training data, thereby
facilitating the learning of ID information.

In summary, our contributions are as follows:

• We introduce a new attribute-driven training method.
This method enables the model to learn fine-grained fea-
tures of facial attributes in addition to global facial fea-
tures, thus enhancing the ID fidelity.

• We propose a novel framework, which decouples the
generation of human ID from the generation of the con-
textual content, enabling it to achieve high ID fidelity and
high context quality at the same time.

• We have conducted experiments to demonstrate that our
method can effectively improve the ID fidelity and the
context quality of the generated results.

Related Work
Text-to-image Diffusion Models
Text-to-image (T2I) generation creates images from descrip-
tive textual prompts. Early works utilized conditional Gen-
erative Adversarial Network (CGAN) (Mirza and Osindero
2014) to generate images. With booming advancements of
diffusion models (Song et al. 2020; Ho, Jain, and Abbeel
2020; Dhariwal and Nichol 2021), recent T2I models like
GLIDE (Nichol et al. 2021), Imagen (Saharia et al. 2022)
and Stable Diffusion (Rombach et al. 2022), outperform
GAN-based methods with unprecedented generative capa-
bilities. GLIDE (Nichol et al. 2021) is the first to apply dif-
fusion model to T2I generation using textual embeddings to
replace class labels for classifier-free guidance (Ho and Sal-
imans 2022). Imagen utilizes a large-scale language model

7737



to encode textual prompts. Stable Diffusion (Rombach et al.
2022) performs diffusion and denoising process in latent
space rather than pixel space, effectively reducing compu-
tational cost. Podell et al. (Podell et al. 2023) built on Stable
Diffusion to create SDXL, a more powerful T2I model with
more parameters and an expanded architecture.

Subject-driven Image Generation
Subject-driven image generation is an extension of T2I gen-
eration, using one or a few images of a specific subject to
generate customized images conditioned on textual prompts.
Existing methods can be categorized into two types based
on inference approach. The first type requires test-time fine-
tuning for new subjects during inference. Typical works in-
clude DreamBooth (Ruiz et al. 2023), Textual Inversion (Gal
et al. 2022) and Custom Diffusion (Kumari et al. 2023).
DreamBooth (Ruiz et al. 2023) fine-tunes model parame-
ters to re-entangle a rare token [V] with the given subject.
Textual Inversion (Gal et al. 2022) searches a pseudo-word
S* for the given subject. Following Textual Inversion, Cus-
tom Diffusion (Kumari et al. 2023) further fine-tunes the
cross-attention key and value mappings in diffusion model.
The second type enables zero-shot image generation for a
new subject without additional fine-tuning. By training on
large datasets, works like ELITE (Wei et al. 2023), BLIP-
Diffusion (Li, Li, and Hoi 2024) and IP-Adapter (Ye et al.
2023) are capable of generating images of a given sub-
ject instantly. ELITE (Wei et al. 2023) trains a mapping
network to convert concept images into word embeddings.
BLIP-Diffusion (Li, Li, and Hoi 2024) follows BLIP-2 (Li
et al. 2023a) to train a multimodal encoder to encode refer-
ence images into subject embeddings. IP-Adapter (Ye et al.
2023) decouples the cross-attention into images and texts
attentions, and trains the newly added layers on a large
dataset. The mentioned methods can achieve instant genera-
tion, compromising fidelity and visual quality.

ID Preserving Image Generation
Compared to subject-driven generation, ID preserving im-
age generation concentrates on creating images of specific
human identities. Due to the uniqueness of human iden-
tities, this task requires the generated images to maintain
high fidelity and preserve precise facial details. Although
the subject-driven generative models can be applied to cre-
ate images of a given human ID, these methods lack special-
ized components to deal with human facial features. To gen-
erate more detailed high-fidelity images, numerous works
(Valevski et al. 2023; Yan et al. 2023; Yuan et al. 2024; Li
et al. 2023b; Wang et al. 2024a,b) focusing on ID preserv-
ing generation have emerged recently. Celeb Basis (Yuan
et al. 2024) builds a predefined basis and then optimizes
this basis to represent the target ID’s face by test-time fine-
tuning. Photo Maker (Li et al. 2023b) utilizes CLIP (Rad-
ford et al. 2021) to extract embeddings from reference im-
ages, which are fused with class tokens to guide genera-
tion. InstantID (Wang et al. 2024a) incorporates components
from IP-Adapter (Ye et al. 2023) to inject human facial fea-
tures and uses a ControlNet-like (Zhang, Rao, and Agrawala

2023) structure for structural control. Although the men-
tioned methods have applied specialized components to ex-
tract facial features, they overlook the fine-grained details of
facial attributes. As a result, the generated images may not
precisely match the given human ID.

Method
In this paper, we present a novel Facial Attribute-driven ID
Preserving Image Generation Network, named FaceA-Net.
To overcome the limitations of existing methods, we pro-
pose an attribute-driven training method and an ID-context
decoupling framework. For clarity, we will first introduce
the preliminary and the ID-context decoupling framework,
followed by the attribute-driven training method.

Preliminary
Our work is based on Stable Diffusion (Rombach et al.
2022) for both the generation of human IDs and contex-
tual content. With a pre-trained autoencoder E and D, Sta-
ble Diffusion performs the diffusion and reverse processes
in the latent space. When training, it first transforms an im-
age x from pixel space into latent space with E, denoted as
z0 = E(x). Noise is then added to get zt accordingly, where
t represents the timestep. A U-Net is employed to predict
the noise in zt conditioned on C, thereby enabling the re-
verse process. The loss function is defined as follows:

L = Ez0,t,C,ϵ∼N (0,1)[||ϵ− ϵθ(zt, t, C)||22]. (1)

ID-context decoupling framework
Existing methods usually apply test-time fine-tuning or
adding new components to base model to capture the hu-
man ID information. However, these approaches may de-
grade the model’s context generation capability. Addition-
ally, the ID fidelity of the generated results can be further
improved. To address these issues, we propose ID-context
decoupling framework, which decouples the generation of
contextual content from the generation of human ID. Specif-
ically, a fairly large pre-trained image generation model (e.g.
SDXL) is utilized as the context generation model Gc, while
a relatively lightweight inpainting model is employed as the
ID generation model Gid. To generate the target ID’s image,
a small dataset S of reference images, denoted as s ∈ S, is
used for test-time fine-tuning. The attribute-driven method
described below is applied in this fine-tuning process to im-
prove ID fidelity. During inference, a user-provided textual
prompt T is given, and the full model is required to generate
an image of the target ID that aligns with prompt T . Initially,
this T is decoupled into two parts: Tc and Tid. Tc relates to
the image’s contextual content (e.g. background, body pos-
tures and clothing), while Tid describes the facial area (e.g.
facial expressions and accessories). (A properly tuned LLM
can perform this disentanglement, but it is excluded as it is
not our contribution.) Conditioned on Tc, the context genera-
tion model Gc first generates an image x for further process-
ing. Next, a detector(Liu et al. 2023) is utilized to automat-
ically detect the entire facial area in x, generating a mask
mface. Finally, following the inpainting manner of Stable
Diffusion, the image x with mask mface is fed into the ID
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Figure 3: The overview of proposed framework. (a) showcases global-level task for learning global face features. (b) demostrates
local-level tasks (e.g., mouth) for learning fine-grained attribute features during fine-tuning. (c) illustrates inference process.

generation model Gid’s U-Net to redraw the masked area as
target ID’s face, conditioned on the ID-related prompt Tid,
delivering the final customized result. The unmasked regions
remain unchanged. Figure 3 illustrates the proposed frame-
work. This decoupling strategy mitigates the negative im-
pact of test-time fine-tuning on context generation capabil-
ity. Furthermore, the inpainting model Gid is tuned to learn
only the ID features, which helps improve ID fidelity.

Attribute-driven training method
Attribute-driven reconstruction loss. The appearance of
facial attributes is crucial when evaluating ID fidelity. Exist-
ing methods commonly use the entire face to extract features
as conditions, neglecting fine-grained features of facial at-
tributes, which can result in unwanted changes at a detailed
level. To address this, we set up global-level and local-level
tasks for fine-tuning to learn global facial features and fine-
grained features, respectively. Their optimization objectives
form the proposed attribute-driven reconstruction loss. The
global task requires model to reconstruct the entire face area
in a reference image s ∈ S. Specifically, for a given ref-
erence image s, a detector (Liu et al. 2023) is first used
to obtain a mask mface for the entire face region. The ID
generation model Gid is then fine-tuned by reconstructing
the masked face area, conditioned on a predefined textual
prompt Tface = “a man/woman face” (depending on the
gender of target ID). Furthermore, the local-level task aims
to reconstruct each facial attribute region in the reference im-
age s. This task enables the model to better learn fine details
of facial attributes, thereby improving ID fidelity. The se-
lected attributes for this task include eyes, nose, and mouth,
denoted as v ∈ V = {left eye, right eye, nose,mouth}.

In detail, in each fine-tuning step, an attribute v is randomly
selected from V . The corresponding mask mv is automat-
ically obtained by the detector (Liu et al. 2023). Subse-
quently, Gid is optimized by reconstructing the masked at-
tribute area, conditioned on the predefined prompt Tv =
“a man/woman [v]”. By integrating these two tasks, the
attribute-driven reconstruction loss is formulated as follows:

LA =Es,t,ϵ∼N (0,1)[||ϵ− ϵθ(zt, t, s, Tface,m
s
face)||22]

+ Es,t,v,ϵ∼N (0,1)[||ϵ− ϵθ(zt, t, s, Tv,m
s
v)||22],

(2)

where zt is a noisy latent at timestep t of reference image s,
and the superscript of ms denotes the mask corresponding
to s. This loss is used to train LoRA layers of ID generation
model Gid and the attribute-driven feature embeddings. The
overview of this framework is illustrated in Figure 3.

Attribute-driven feature embeddings. Built upon the
attribute-driven loss, we optimize feature embeddings for
the entire face and each facial attribute to better capture
the target ID’s feature, particularly the fine-grained features
of each facial attribute. In the fine-tuning process described
above, fixed textual prompts Tface or Tv are utilized as con-
ditions to reconstruct the entire face or specific attributes.
Typically, these prompts are tokenized into token sequences
of fixed length L, which includes many padding tokens with
no semantic meaning. These tokenized prompts are then en-
coded by a text encoder(e.g. CLIP text encoder) into se-
quences of embeddings. Inspired by(Han et al. 2023), we op-
timize the embeddings of several padding tokens that closely
follow the meaningful words. We denote these tokens as
[feat.] tokens. The embeddings of these [feat.] tokens are
optimized as personalized feature embeddings, which are
used to further extract the target ID’s features. Thus, the
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Figure 4: Qualitative comparisons on generated samples using different ID preserving methods with diverse text prompts.

conditional textual prompt Tface becomes “a man/woman
face [feat.face] . . . [feat.face]”, where the embeddings of
[feat.face] tokens are optimized in the global-level task to
learn global features. Similarly, each Tv turns into “a man/-
woman [v] [feat.v] . . . [feat.v]”. The learned embeddings
of [feat.v] are designed to capture detailed attribute features
of the target ID in local-level tasks, serving as an effective
complement to the global features. During test-time fine-
tuning, the Tface and Tv containing [feat.] tokens are used
as conditions for reconstruction tasks. In practice, we choose
to optimize 3 to 4 embeddings for the face or an attribute.
These embeddings are optimized using Eq. (2) along with
the LoRA layers of Gid. During inference, the model Gid is
required to redraw the face region conditioned on the user-
provided Tid. To leverage the learned feature embeddings,
we sequentially concatenate Tid with Tface and Tv contain-
ing [feat.] tokens. This forms an extension of Tid, denoted
as T ′

id. The model ϵθ utilizes this T ′
id to inpaint through the

attention mechanism, formulated as: ϵθ(zt, t, x, T ′
id,mface).

This process is depicted in Figure 3.

Experiment
Experiment Settings
Implementation Details. We employ a test-time fine-tuning
paradigm for ID preserving image generation. The fine-

tuning process is conducted on a small set consisting of 3
images of the same human ID. Before fine-tuning, the im-
ages are cropped and resized to 512×512 pixels. We uti-
lize Grounding-DINO (Liu et al. 2023) to detect the face
and its attribute within the image to obtain corresponding
masks. The model is trained to reconstruct the masked area
utilizing the Attribute-driven Training Method. As for the
details of the model, an inpainting model of Stable Diffusion
(Rombach et al. 2022) is employed for human ID generation.
SDXL (Podell et al. 2023) is used as the context generation
model in the experiments. An U-Net LoRA with rank of 48
is employed for tuning the inpainting model. Moreover, we
apply 3 attribute-driven feature embeddings for males and 4
for females to achieve optimal performance. Different learn-
ing rates are used to tune different parts. Specifically, we set
2e-3 for the attribute-driven feature embeddings and 1.2e-
4 for LoRA. We conduct the fine-tuning on an RTX-4090
GPU with a batch size of 4 for 1000 steps.

Evaluation metrics. To ensure a fair experiment, we con-
structed an evaluation dataset, consisting of 28 IDs, each
with 3 images, and used 40 prompts to generate images.
Following Dreambooth (Ruiz et al. 2023) and Photo Maker
(Li et al. 2023b), we evaluate image quality and model per-
formance using various metrics including CLIP-I, CLIP-T,
DINO and Face Sim. CLIP-T is used to assess the alignment
between generated images and corresponding texts. CLIP-I
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Method CLIP-T↑ (%) CLIP-I↑ (%) DINO↑ (%) Face Sim.↑ (%)

Celeb Basis 21.5 66.6 35.0 45.9
IP-Adapter 22.2 70.9 36.8 62.7
Photo Maker 21.8 67.9 37.9 56.3
InstantID 23.8 63.5 33.3 70.0

FaceA (ours) 23.3 64.8 35.5 70.7

Table 1: Quantitative comparison between different ID preserving models on evaluation dataset with various metrics. The
metrics used for benchmark cover ID preserving ability(CLIP-I, DINO, Face Sim) and text alignment(CLIP-T).

Figure 5: The distribution of users’ votes on (a) ID fidelity,
(b) aesthetic preference, and (c) alignment with the prompt.

and DINO are utilized to evaluate the similarity between the
generated images and the given ID. The Face Sim. is calcu-
lated with the facial feature extracted by FaceNet (Schroff,
Kalenichenko, and Philbin 2015), assessing the resemblance
between two faces. When calculating CLIP-I, DINO, and
Face Sim., we used non-reference images to compute these
scores with the generated images for fairness. These non-
reference images were not used for fine-tuning or for ex-
tracting facial features.

Quantitative Evaluation
Objective Metrics Table 1 presents the results of our ex-
periment, comparing our method with existing popular ap-
proaches, including Celeb Basis (Yuan et al. 2024), IP-
Adapter (Ye et al. 2023), Photo Maker (Li et al. 2023b)
and InstantID (Wang et al. 2024a). The experiment was
conducted on the evaluation dataset mentioned above. For
clarity, it is important to note that we included the phrase
“front face” in the prompt for all models to ensure that
all generated images contained recognizable faces. Finally,
it should be noted that instantID (Wang et al. 2024a) tends
to generate images misaligned with the given prompts when
appropriate pose conditions are not provided. This results in
a significantly low CLIP-T. To conduct a meaningful com-
parison with InstantID, we used our context images as the
pose condition for instantID.

The results indicate that our model achieves the high-
est Face Sim. score and the second highest CLIP-T. This
demonstrates that our methods can simultaneously achieve
high ID fidelity and high context quality, proving the ef-
fectiveness of our approach. Figure 4 shows a comparison
of images generated by our method with others. It clearly
demonstrates the strengths of our method. Compared to IP-

Adapter (Ye et al. 2023) and Photo Maker(Li et al. 2023b),
our model significantly outperforms them in both prompt
alignment (CLIP-T) and facial similarity metrics. Addition-
ally, when compared to InstantID, our model surpasses it
in CLIP-I, DINO, and Face Sim. scores. InstantID achieved
the highest CLIP-T score because it used images generated
by our context generation model Gc as the pose condition.
Without this condition, its CLIP-T score drops to just 19.2.
This also proves the validity of the decoupling strategy from
the proposed framework.

User Study In this section, we conduct a user study
to provide a comprehensive comparison. We compare IP-
Adapter (SDXL) (Ye et al. 2023), Photo Maker (SDXL) (Li
et al. 2023b), InstantID (SDXL) (Wang et al. 2024a) and
our FaceA-Net (SDXL). We randomly select 6 IDs from the
evaluation dataset and generate images for each ID using
two different prompts. We pose three questions to assess the
quality of the generated images. Question 1 and Question
2 are both single-choice question. The first one asks par-
ticipants to select the image with the highest similarity to
the given ID while the second focuses on choosing the im-
age with the highest human aesthetic preference. Question
3 is designed as a multiple-choice question, allowing par-
ticipants to select images that align with the given prompt.
During the voting process, we anonymize the name of the
method. We collect responses from a total of 40 participants,
resulting in 1440 valid votes. The results are presented in
Figure 5. It shows that our method significantly surpasses
across three dimensions, demonstrating that our approach is
capable of generating images that truly align with human
preferences, rather than just achieving high metrics.

Ablation Studies
Ablation on Learnable Embedding We conducted com-
parisons with two ablated models on the evaluation dataset,
and the results are presented in Table 2. In this table, we
denote the attribute-driven reconstruction loss as LA and
the attribute-driven feature embeddings as Embeddings.
The Ablation (w/o LA and Embeddings) only employs
the ID-context decoupling framework without attribute-
driven training method, serving as the baseline. Ablation
(w/o Embeddings) demonstrates that learning the fine-
grained features from facial attributes can enhance the ID
fidelity. The complete model outperforms Ablation (w/o
Embeddings), proving the effectiveness of attribute-driven
feature embeddings. In ablation experiments, the CLIP-T
scores remain almost unchanged, as this metric is primarily
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Figure 6: FaceA-Net can control expressions and accessories in the facial area through the ID-related prompt Tid.

Method LA Embeddings CLIP-T Face Sim.

Ablation 23.4 67.8
23.4 69.8

Ours 23.3 70.7

Table 2: Ablation study for attribute-driven training method.

influenced by context generation model Gc. The attribute-
driven training method does not affect Gc due to the decou-
pling strategy.

Interesting Applications
In addition to generating images in the quantitative evalua-
tion, we have implemented other interesting functions in this
section. Following Photo Maker (Li et al. 2023b), we have
implemented some comparable applications.

Controlling Expressions and Accessories. Control over
the face, such as facial expressions and accessories, can
be achieved through using appropriate ID-related prompts
Tid and some visual effect examples are shown in Figure
6. In our experiments, we observed that the guidance scale
of prompt significantly affects the quality of the generated
images. Additionally, too many fine-tuning steps cause the
model to overfit to the reference images, making the textual
prompt ineffective. Generally, training for 600 steps during
test-time fine-tuning is an appropriate choice, as it achieves
both good controllability and satisfactory ID fidelity.

Manipulation at attribute level. Building on our
method, fine-grained manipulation over facial attributes can
be achieved. By modifying the fine-tuning process, we can
seamlessly integrate a specific attribute v′ from any other
ID p′ into the face of the given ID p. Specifically, we first
fine-tune an ID generation model of ID p, and then further
fine-tune the model using training data related to attribute v′
from ID p′ for a small number of steps(e.g. 100 steps). The
experimental results in Figure 7 illustrate that this method
can effectively and precisely manipulate the appearance of
facial attributes.

Stylization. In a stylized image, both the facial area and
the context need to follow that style. Therefore, it is essen-
tial to specify the desired style in both the context prompt
and the ID-related prompt. This ensures the generated con-
text and inpainted facial region align with the target style.
Moreover, We observed excessive training lead to ID gener-
ation model overfitting to original style of reference images,

Figure 7: FaceA-Net can perform fine-grained manipulation
at the facial attribute level.

Figure 8: The stylized portrait generation. Our model can
learn facial attribute features from real images and smoothly
integrate them into multiple styles.

and reducing fine-tuning steps benefits stylized generation.
Accordingly, we employ 600 fine-tuning steps for stylized
generation. The results are shown in Figure 8.

Conclusion

In this paper, we propose FaceA-Net, which simultaneously
achieves high ID fidelity and high context quality. We pro-
pose an attribute-driven training method, which leverages
tasks at two different levels to capture global and fine-
grained features of the ID’s face. Moreover, we introduce
a simple yet effective framework that decouples the gen-
eration of context from human ID. The experimental re-
sults demonstrate the effectiveness of the proposed training
method and decoupling strategy. Moreover, we have imple-
mented some interesting applications based on the proposed
method, which also demonstrate the model’s capabilities.
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