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Figure 1. Displayed are the results generated using our Face-diffuser, showcasing its prowess across varied inputs. Each instance comprises

two distinct inputs: a textual description, and reference images.
Abstract

Current subject-driven image generation methods en-
counter significant challenges in person-centric image gen-
eration. The reason is that they learn the semantic scene and
person generation by fine-tuning a common pre-trained dif-
fusion, which involves an irreconcilable training imbalance.
Precisely, to generate realistic persons, they need to suffi-
ciently tune the pre-trained model, which inevitably causes
the model to forget the rich semantic scene prior and makes
scene generation over-fit to the training data. Moreover, even
with sufficient fine-tuning, these methods can still not gener-
ate high-fidelity persons since joint learning of the scene and
person generation also lead to quality compromise. In this
paper, we propose Face-diffuser, an effective collaborative
generation pipeline to eliminate the above training imbal-
ance and quality compromise. Specifically, we first develop
two specialized pre-trained diffusion models, i.e., Text-driven
Diffusion Model (TDM) and Subject-augmented Diffusion

*Equal contribution.
fCorresponding author.

Model (SDM), for scene and person generation, respectively.
The sampling process is divided into three sequential stages,
i.e., semantic scene construction, subject-scene fusion, and
subject enhancement. The first and last stages are performed
by TDM and SDM respectively. The subject-scene fusion
stage, that is the collaboration achieved through a novel and
highly effective mechanism, Saliency-adaptive Noise Fusion
(SNF). Specifically, it is based on our key observation that
there exists a robust link between classifier-free guidance
responses and the saliency of generated images. In each
time step, SNF leverages the unique strengths of each model
and allows for the spatial blending of predicted noises from
both models automatically in a saliency-aware manner, all
of which can be seamlessly integrated into the DDIM sam-
pling process. Extensive experiments confirm the impressive
effectiveness and robustness of the Face-diffuser in gener-
ating high-fidelity person images depicting multiple unseen
persons with varying contexts. Code is available at ht t ps :
//github.com/CodeGoat24/Face—-diffuser.
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Problem 1: Suboptimal person generation
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Figure 2. Current methods jointly learn the generation of semantic scenes and persons, which leads to a compromise in the quality of person
generation (left), and the irreconcilable training imbalance issue leads to catastrophic forgetting of semantic scenes prior (right).

1. Introduction

Subject-driven text-to-image generation [3, 4, 7, 13, 21, 27]
can synthesize personalized images depicting particular sub-
jects defined by users with a few sample images. The ba-
sic idea in optimization-based approaches [1, 10, 12, 16,
20, 25, 28] is to fine-tune a pre-trained model (e.g., stable
diffusion [19]) on a group of provided reference images,
typically 3-5 images, for each subject. Another technique
roadmap [5, 6, 17, 32, 33] is to retrain a text-to-image gen-
eration base model adapted from a pre-trained model with
specially-designed structures or retrain the pre-trained model
with specific training strategies on a large-scale personalized
image dataset. These methods are more practical in real ap-
plications since no subject-specific fine-tunings are required
in the test time.

However, we notice that there has been a notable dearth
of research on person-centric image generation, and existing
subject-driven text-to-image generation models [10, 12, 16,
17, 20, 30, 33] are inadequate for this task. To be precise,
current state-of-the-art subject-driven text-to-image genera-
tion models, e.g., Fastcomposer [33] and Subject-diffusion
[17], jointly learn the semantic scene and person genera-
tion capability based on some large-scale pre-trained lan-
guage image model, which has been trained on extensive
multimodal datasets like LAION 5B [24]. But they seem
to struggle to effectively harness the inherent prior knowl-
edge of semantic scenes encapsulated within these models.
We argue that the reason is these models would over-fit to
the textual descriptions and forget the rich semantic scene
prior after prolonged training, see Fig. 2 (right) as an exam-
ple. To validate this hypothesis, we perform experiments to
assess their performance in terms of identity preservation
and prompt consistency. The results, as illustrated in Fig. 3
(left), show that in the late stage of training, the prompt
consistency scores for both models keep increasing for the
training data, while exhibiting a noticeable decrease on the
test data, providing strong empirical support for our hypoth-
esis. Obviously, the most straightforward solution appears to
be reducing the training duration. Unfortunately, it is proved
to be invalid by the irreconcilable training imbalance issue
demonstrated in Fig. 3. Precisely, Fig. 3 (right) indicates
that to generate realistic persons, one needs to sufficiently

tune the pre-trained model, while from Fig. 3 (left), we ob-
serve that this inevitably causes the model to forget the rich
semantic scene prior and makes scene generation over-fit to
the training data. Moreover, even with sufficient fine-tuning,
these methods are still unable to generate high-fidelity per-
sons. An example is presented in Fig. 2 (left). The reason
could be that jointly learning the generation of semantic
scenes and persons may lead to a compromise in the quality
of person generation.

To sum up, current methods suffer from catastrophic for-
getting of semantic scenes prior due to the irreconcilable
training imbalance and the suboptimal person generation
due to the quality compromise for joint learning.

In this paper, we propose Face-diffuser, an effective col-
laborative generation pipeline for person and semantic scene
synthesis. To break the training imbalance and quality com-
promise, we first independently fine-tune two specialized pre-
trained diffusion models named Text-driven Diffusion Model
(TDM) and Subject-augmented Diffusion Model (SDM)
based on stable diffusion [19] for scene and person genera-
tion, respectively. Recent studies [26, 36] demonstrate that
the generation of an image progresses from the overall scene
to intricate details. Following this pipeline, Face-diffuser
divides the sampling process into three consecutive stages:
semantic scene construction by TDM, subject-scene fusion
by collaboration between TDM and SDM, and subject en-
hancement by SDM. Nevertheless, since SDM and TDM are
independent, developing an effective collaboration mecha-
nism for them in the subject-scene fusion stage is the crux
of achieving high-fidelity person and diverse semantic scene
generation, which is the main contribution of this paper. The
details are presented as follows.

It can be expected that to generate high-quality samples,
the person and semantic scene generators should collaborate
seamlessly in an evolving scheme in test time, that is they
should be responsible for different areas in images at differ-
ent time steps and in generating different images. To achieve
this, we propose an effective fine-grained collaborative mech-
anism named Saliency-adaptive Noise Fusion (SNF) based
on classifier-free guidance (CFG), which can be seamlessly
integrated into the DDIM sampling process. SNF is moti-
vated by our key observation that the CFG response, i.e., the
noise distinction between a given condition and a null con-
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Figure 3. The experimental results showcasing the irreconcilable
training imbalance between semantic scene and person generation
of Fastcomposer [33] and Subject-diffusion [17]. We partitioned
the FFHQ-wild [33] dataset into training and test sets following
a 6:1 ratio and assessed their performance in terms of identity
preservation and prompt consistency during continuous training.

dition of each generator can effectively evaluate the impact
of the condition on each pixel. Similar finding has also been
substantiated in the image editing study [35]. Therefore,
in each step, we generate a saliency-adaptive mask derived
from two models’ responses of CFG to automatically allo-
cate areas for them to synthesize. Precisely, for each pixel in
the image, the responsibility for its synthesis is allocated to
the model with the greater response to it in the current step.

Finally, we would like to highlight that in the test time,
to capture and preserve the intricate details of persons given
in reference images, we let the CFG response within SDM
be the noise distinction between with and without reference
person images, thereby neglecting the influence of text con-
dition. This deliberate setting undoubtedly guides SDM to
focus the saliency only on person-related areas, resulting in
more high-fidelity person generation. Our main contribu-
tions can be summarized as follows.

* Qur proposed Face-diffuser breaks the training imbalance
and quality compromise problems in existing subject-to-
image generation methods.

* We develop two independent models for scene and per-
son generation, and a highly effective collaboration mech-
anism, Saliency-adaptive Noise Fusion, to utilize each
model’s strengths for higher-quality image synthesis.

» Extensive experiments validate the remarkable effective-
ness and robustness of Face-diffuser in generating high-
fidelity images portraying multiple unseen persons en-
gaged in diverse contexts.

2. Related Work
2.1. Subject-driven Image Generation

Subject-driven image generation models aim to synthesize
personalized images depicting particular subjects defined
by users with a few sample images. DreamBooth [20],
textual-inversion [10], and custom-diffusion [16] employ
optimization-based techniques to incorporate subjects into
diffusion models. This is achieved through either fine-tuning
the model weights [16, 20] or by transforming subject im-

ages into a text token encoding the subject’s identity [10].
However, these models suffer from inefficiency due to the
extensive number of fine-tuning steps they demand. In ad-
dressing this concern, the tuning-encoder [18] approach mit-
igates the need for a large number of fine-tuning steps. It
achieves this by initially generating an inverted set of latent
codes using a pre-trained encoder and subsequently refining
these codes through several fine-tuning iterations to better
preserve subject identities. However, it’s worth noting that
all these tuning-based methods [10, 11, 16, 20] necessitate
resource-intensive backpropagation. This requirement can
pose challenges as it demands hardware capable of fine-
tuning the model. Such a demand is neither feasible on
edge devices, such as smartphones, nor scalable for cloud-
based applications. To this end, several concurrent studies
have explored tuning-free methods. For instance, X&Fuse
[15] achieves this by concatenating the reference image with
noisy latent variables for image conditioning. ELITE [32]
and InstantBooth [25], on the other hand, employ global
and local mapping networks to project reference images into
word embeddings and inject reference image patch features
into cross-attention layers to enhance local details. Despite
their impressive results in the context of single-object cus-
tomization, it’s important to note that their architectural de-
signs limit their applicability to scenarios involving multiple
subjects. This limitation arises due to their reliance on global
interactions between the generated image and the reference
input image. In comparison, our Face-Diffuser amortizes the
computationally expensive subject tuning during the training
phase. This design enables instantaneous personalization for
multiple subjects using straightforward feedforward methods
during the testing process.

2.2. Multi-Subject-driven Image Generation

Custom-diffusion [16] offers the capability of multi-concept
composition through joint fine-tuning of the diffusion model
for multiple concepts. However, it primarily handles con-
cepts that have clear semantic distinctions, such as animals
and their related accessories or backgrounds. On the other
hand, SpaText [2] and Collage Diffusion [22] enable multi-
object composition by introducing a layout into the image
generation process. These layouts are determined by user-
provided segmentation masks and are then transformed into
high-resolution images using a diffusion model. Neverthe-
less, these techniques either compose generic objects with
customization [16] or rely on the resource-intensive textual-
inversion process to encode instance-specific details [22].
Besides, they require users to provide segmentation maps.
Fastcomposer offers a solution for generating personal-
ized, multi-subject images in an inference-only manner. It
automatically derives plausible layouts from text prompts,
eliminating the need for user-provided segmentation maps.
Building upon these advancements, Subject-diffusion [17]
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Figure 4. An overview of the Face-diffuser framework. On the left, we display the architectures of two pre-trained models, derived from
Stable Diffusion [19], while omitting the autoencoder for simplicity. On the right, we outline our sampling process, which consists of three

well-designed stages.

introduces a method that integrates text and image seman-
tics, incorporating coarse location and fine-grained reference
image control to enhance subject fidelity and generalization.
However, they face notable challenges in person-centric im-
age generation. Specifically, their models jointly learn the
semantic scene and person generation, which leads to train-
ing imbalance and quality compromises. In contrast, our
Face-diffuser excels at generating high-fidelity characters in
diverse semantic scenes without the need for fine-tuning, all
in an inference-only manner.

3. Face-diffuser

In this section, we will first elaborate on the overview of our
architecture as illustrated in Fig. 4. After that, we will intro-
duce two specialized models in our pipeline, i.e., Text-driven
Diffusion Model (TDM) and Subject-augmented Diffusion
Model (SDM). Last, we will delve into the three-stage sam-
pling process, with a focus on the details of our proposed
collaboration synthesis mechanism, Saliency-adaptive Noise
Fusion (SNF).

3.1. Overview

In the training stage, as shown in Fig. 4 (left), to elimi-
nate the training imbalance, we independently fine-tune the
pre-trained Stable-Diffusion [19] as our TDM and another
similar model with an additional image prompt as our SDM.
These two base models will be responsible for the semantic
scene and person generation, respectively.

In the test time (Fig. 4 (right)), unlike previous studies [16,

20], Face-diffuser eliminates the need for subject-specific
fine-tuning. To be precise, our sampling process comprised
three sequential stages with total 7' denoising steps. In the
first stage, we employ TDM to construct the preliminary
semantic scene for aT steps.

Then, TDM and SDM collaborate to infuse the person
into the scene in the following ST steps based on our ef-
fective collaboration mechanism SNF. At each step, SNF
utilizes the responses from classifier-free guidance of both
models to produce a saliency-adaptive mask. This mask,
with the same size as the target image, serves as a saliency
indicator, containing values of 0 and 1 that denote the regions
generated by TDM and SDM, respectively. They are respon-
sible for different areas at different time steps for flexible
evolving collaboration.

In the last stage, SDM is further utilized to refine the
quality of generated persons.

3.2. Semantic Scene and Person Generators

3.2.1 Text-driven Diffusion Model (TDM)

Stable diffusion (SD) is employed as our TDM. For seman-
tic scene generation, given the semantic scene prompt ¢ and
the input image x, the VAE first encodes the x into a latent
representation z, perturbed by Gaussian noise € to get z; at ¢
step during diffusion. Then the text encoder 1) maps seman-
tic scene prompts ¢ to conditional embeddings (c) which
would be integrated into the denoiser €g, U-Net through
cross-attention [8, 9, 29, 31]. The training objective is to
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minimize the loss function as follows:

Lyoise = z,c,e~N(0,1),t || € — Ee(Zt’tﬂ/)(C)]) ||§

During inference, a random noise z7 is sampled from a nor-
mal distribution N (0, 1), and this noise is iteratively denoised
by the U-Net to produce the initial latent representation zg.
Subsequently, the VAE decoder maps these latent codes back
to pixel space to generate the final image.

3.2.2 Subject-augmented Diffusion Model (SDM)

The SDM model tailored for subject generation is also based
on the SD model but includes an additional reference image
condition r. Inspired by previous works like [17, 33], we
adopt a tuning-free approach by enhancing text prompts with
visual features extracted from reference images. When given
a text prompt and a list of reference images, we begin by
encoding the text prompt and reference subjects into em-
beddings using pre-trained CLIP text and image encoders,
respectively. Following this, we replace the user-specific
word embeddings with these visual features and input the re-
sulting augmented embeddings into a multilayer perceptron
(MLP). This process yields the final conditioning embed-
dings, denoted as cq,,4. The loss function of SDM closely
resembles the one in Eq. (1), with the substitution of 1(c)

by ¥(¢) qug-

Lyoise = z,c,e~N(0,1), | e~ 59(Zt»tﬂ/)(c)aug]) H%

3.2.3 Condition Effectiveness Enhancement

For TDM, to reinforce the effectiveness of the conditions
in scene generation, Classifier-free Guidance (CFG) is em-
ployed in each step to extrapolate the predicted noise along
the direction specified by certain conditions. Specifically, at
step t, CFG takes the form of

Er = E(—)(Zt|®) + S(&g(Zt|C) — sg(zt\g)), (1)

Rt

where @ signifies a null condition. The hyperparameter
s > 0 denotes the guidance weight, and the reinforcing
effect becomes stronger when s increases.

For SDM, we notice that it is conditioned on both the
text and reference images. To eliminate the impact of text
condition c and emphasize the noise distinction ablating the
reference person images only, we extend CFG as follows:

€s = cg(xt|D) + s(eg(xt]e, ) — o(xt|c)). 2)

Rs

This careful design undoubtedly strengthens its ability to
generate higher-fidelity characters, as this leads the model to

become more adept at capturing and preserving the subtle
details of the reference images.

We call the predicted noise differences R and Rg in
Eqgn.(1) and (2) the responses of the semantic scene and
reference image conditions. They play a fundamental role
in developing our collaborative mechanism in Face-Diffuser,
which is represented in the next subsection.

3.3. Collaboratively Synthesis

Face-Diffuser employs the following 3 stages to generate
each image:

Stage I: Given initial noise x7, we first employ TDM to
construct the scene for a7 steps and output X7(1-a)-

Stage II: After construction of the preliminary scene, we
take previous stage’s output as input and leverage TDM and
SDM to collaboratively infuse the person into the scene for
(B — )T steps, outputting X7(;_ ).

Stage IIL: Taking x7(; _g) as input, SDM is further uti-
lized to enhance the details generation of persons in the
remaining steps.

In the following, we will delve into the collaboration
details between TDM and SDM in the middle stage.

3.3.1 Saliency-adptive Noise Fusion

Note that the responses Rt and Rg actually evaluate the
impact of the semantic scene and reference images on each
pixel of the predicted noises, the regions with large values
mean the conditions have significant impacts on these pixels,
which naturally defines the responsibility of TDM and STM
in this step.

Formally, we first define the following two salience maps
based on Ry and Rg:

27 = Smooth(Abs(R7)), (3)
2% = Smooth(Abs(Rys)), (4)

where the operator Abs(-) calculates the absolute values of
the input variables, while the Smooth(-) function is applied
to reduce high-frequency noise, effectively eliminating local
outliers and enhancing the coherence of adjacent regions.
The empirical validations of 27 and .QS, i.e., their visual-
izations are presented in Sec. 4.3.

Given 227 and 2°, we proceed to develop the saliency-
adaptive fusion mask through a comparison between these
two salience maps:

M = argmax(Softmax(£27), Softmax(£2°)).

The softmax operation here is crucial, as the values of nT
and £2° could have different magnitudes, it ensures that the
sum of each salience map remains constant thus let them
comparable. The mask M is adopted to define the collabora-
tion mechanism, i.e, the pixels with M;; = 0 and M;; = 1
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Figure 5. Qualitative comparative results against state-of-the-art methods on single-subject generation.
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Figure 6. Qualitative comparative results against state-of-the-art
methods on multi-subject generation.

are allocated to TDM and SDM in generation, respectively.
Finally, the fused noise can be obtained through the follow-
ing process:

E=MOEés+ (1-M)0ér, Q)

where ® denotes Hadamard Product, and we omit ¢ for sim-
plicity. It is essential to note that in each sampling step, both
models take the blended z; as input, facilitating the automatic
semantic alignment of the two models’ noise space.

4. Experiment
4.1. Implementation details

Datasets. Two datasets are used in our experiments. One is
FFHQ-face [33], which is constructed based on the FFHQ-

wild dataset [14] and comprised of a total of 70,000 samples,
60,000 for training, and 10,000 for testing. Each sample
contains a caption and one or more persons. The other
dataset is the Single-benchmark dataset employed in the
recent work [17, 33]. It comprises 15 subjects, each with 30
text prompts.

Training Configurations. We train our models SDM
and TDM based on the pre-trained Stable-Diffusion (SD)
v1-5 model [19] with the FFHQ-face dataset. For SDM’s
image encoder, we utilized OpenAl’s clip-vit-large-patch14
vision model, which acts as the companion model to the text
encoder in SDv1-5. We conducted training on the SDM for a
total of 450k steps and on the TDM for 250K steps, utilizing
4 NVIDIA A100 GPUs. We set a constant learning rate of
le-5 and a batch size of 8.

Evaluation. Quantitively, we evaluate the single-subject
generation on Single-benchmark and the multi-subject gen-
eration on the test set of FFHQ-face. To further assess the
robustness and superiority of our method, we use a diverse
set of unseen persons and semantic scenes for qualitative
comparison. We assess image generation quality using two
metrics: identity preservation (IP) and prompt consistency
(PC). IP score is obtained by face detection in both reference
and generated images using MTCNN [34] and then pair-
wise identity similarity is calculated using FaceNet [23]. For
multi-subject evaluation, we identified and matched faces in
generated images with reference subjects, measuring overall
identity preservation based on the minimum similarity value.
PC is assessed through the average CLIP-L/14 image-text
similarity, following the approach in textual-inversion [10].
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4.2. Results

In Tab. 1, we present a quantitative analysis comparing
the performance of Face-Diffuser against baseline methods.
Our method exhibits a significant advantage in both single-
subject and multi-subject image generation. Notably, when
compared to the previous state-of-the-art model Fastcom-
poser on multi-subject generation, Face-diffuser outperforms

it by 0.132 and 0.084 in terms of identity preservation and
prompt consistency, respectively. While Subject-diffusion
and Fastcomposer excel in identity preservation compared to
other methods, except our Face-diffuser, they tend to perform
less satisfactorily in terms of prompt consistency, potentially
due to their overfitting to the text prompts.

Additionally, we provide some qualitative comparisons.
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Figure 9. The visualization of average salience maps of our model
in each sampling stage.

As illustrated in Fig. 5 and Fig. 6, our method excels in
synthesizing more consistent persons with given reference
images and semantic scenes compared to other baselines.
For instance, in Fig. 5 (1st row), Fastcomposer and Cus-
tomDiffusion fail to generate the boy holding a piece of
paper. Similarly, in Fig. 5 (3rd row), all compared methods
except ELITE and CustomDiffusion, struggle to generate
the scene of a man facing a group of people, but the two
methods also produce unsatisfactory persons. In Fig. 6, it is
evident that all compared methods fall short of producing
satisfactory scenes.

Furthermore, we conducted additional comparisons with
the two most recent methods, Fastcomposer and Subject-
diffusion, using the samples provided in their original papers
for further qualitative evaluation. The visualization results
can be observed in Fig. 7, providing additional evidence of
our method’s superiority in high-fidelity image generation.

4.3. Hyperparameter and Effectiveness Analysis

Choice of o and 3. We explore the optimal values for «
and f in our work since they significantly impact the overall
performance of our method. Fig. 8 shows the impact of
varying the ratio of o and S3.

Initially, we prioritize investigating the value of « and set
B = « (ablating the middle stage) to explore the optimal
timesteps for semantic scene construction (Fig. 8 (first row)).
We observe that when o = 8 = 0, it leads to subject over-
fitting [33], which is expected due to the absence of TDM.
As we increase the ratio, the generated semantic scene im-
proves. When o = 0.3, the scene is effectively constructed.
However, we encounter issues related to coherence between
the character and the scene, highlighting the importance of
the middle stage.

Subsequently, we set o = 0.3 to determine the value
of /3, which represents the sampling steps assigned to the
semantic-scene fusion stage (Fig. 8 (second row)). As we
increase the ratio, the coherence issue between the person
and the scene improves, along with the overall quality of
person generation. Optimal fusion between the person and
the scene is achieved at § = 0.6, leading us to determine
B8 =0.6.

To further assess the significance of the subject enhance-

Table 1. Quantitative results on single- and multi-subject generation.
IP denotes identity reservation and PC denotes prompt consistency.
”N.A.” indicates that the information is not available.

Single-Subject | Multi-Subject

Methods P+ PC+ | IP+ PC?

ELITE (zero-shot) 0.228 0.146 | N.A.  N.A.
Dreambooth (fine-tune) 0.273 0.239 | N.A. N.A.
Custom-Diffusion (fine-tune) | 0.434 0.233 | N.A. N.A.
Subject-Diffusion(zero-shot) | 0.605 0.228 | 0.432  0.205
Fastcomposer (zero-shot) 0.514 0.243 | 0461 0.235

Face-Diffuser (zero-shot) | 0.708  0.325 | 0.593 0.319

ment stage, we set & = 0.3 and S = 1 (removing the last
stage). By observing the results, the fidelity of character
generation deteriorates. This underscores the substantial role
of the subject enhancement stage in enhancing fidelity.

Visualization of Salience-adaptive Mask. We further
analyze the effectiveness of our collaborative sampling pro-
cess by visualizing the average salience map of each model,
as shown in Fig. 9. These visualizations reveal that TDM
mainly focuses on the semantic scene construction, while
SDM places its emphasis on subject generation. This align-
ment with our design philosophy reinforces the distinct roles
and responsibilities assigned to each model within the Face-
diffuser framework.

5. Conclusion

Current subject-driven person-centric image generation mod-
els jointly learn the semantic scene and person generation
by fine-tuning a common pre-trained diffusion model, which
leads to training imbalance and quality compromises. In
this paper, we propose Face-diffuser, an effective collab-
orative generation pipeline that develops two independent
diffusion models for semantic scenes and person genera-
tion. The sampling process is divided into three sequential
stages, i.e., semantic scene construction, subject-scene fu-
sion, and subject enhancement. The subject-scene fusion
stage, that is the collaboration achieved through our novel
and highly effective mechanism, Saliency-adaptive Noise
Fusion, which spatial blending of predicted noises from both
models automatically in a saliency-aware manner in each
step. Extensive experiments demonstrate Face-diffuser’s
effectiveness in generating high-quality images depicting
multiple unseen persons in various scenarios.
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