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Abstract

Personalized image generation has made significant strides
in adapting content to novel concepts. However, a persistent
challenge remains: balancing the accurate reconstruction of
unseen concepts with the need for editability according to the
prompt, especially when dealing with the complex nuances
of facial features. In this study, we delve into the temporal
dynamics of the text-to-image conditioning process, empha-
sizing the crucial role of stage partitioning in introducing new
concepts. We present PersonaMagic, a stage-regulated gen-
erative technique designed for high-fidelity face customiza-
tion. Using a simple MLP network, our method learns a series
of embeddings within a specific timestep interval to capture
face concepts. Additionally, we develop a Tandem Equilib-
rium mechanism that adjusts self-attention responses in the
text encoder, balancing text description and identity preser-
vation, improving both areas. Extensive experiments confirm
the superiority of PersonaMagic over state-of-the-art methods
in both qualitative and quantitative evaluations. Moreover, its
robustness and flexibility are validated in non-facial domains,
and it can also serve as a valuable plug-in for enhancing the
performance of pretrained personalization models.

Introduction

As a natural extension of research on controllability in diffu-
sion models (Ramesh et al. 2022; Rombach et al. 2022), per-
sonalized text-to-image generation (Gal et al. 2023a; Ruiz
et al. 2023) has emerged as a prominent task. By provid-
ing multiple images of a specific subject, users can intro-
duce new concepts to a pre-trained text-to-image diffusion
model, enabling it to synthesize the same subject in var-
ious contexts. However, despite recent advancements, cur-
rent methods struggle to align generated outputs with users’
envisioned images, particularly in face customization. The
primary challenge lies in preserving the identity of a given
face. While it is relatively straightforward to assess the con-
sistency of generated results for common subjects (e.g.,

“Equal contribution.

Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

4995

man-made objects, animals) based on contours and textures,
achieving similar consistency in personalizing human faces,
with their intricate features, is a more complex task.

New concepts are typically represented as word embed-
dings (Gal et al. 2023a) and integrated into prompts for cus-
tomization. When training on a single image, the learned
embedding often represents the entire image including back-
ground details rather than focusing on the target concept. As
a result, personalized face generation usually requires 3 to 5
images of an individual in various scenes and poses to guide
the cross-attention maps derived from the learned embed-
ding toward the facial region. Several approaches (Kumari
et al. 2023; Tewel et al. 2023) attempt to fine-tune cross-
attention layer parameters to adjust the attention of new
concepts, but this requires substantial memory costs during
training and introduces language drift (Lee, Cho, and Kiela
2019; Lu et al. 2020). Leveraging human-centric datasets,
recent methods (Ye et al. 2023; Li et al. 2024) have trained
personalization models to generate customized results with
accurate identities and more natural human poses. However,
we observe a decline in identity preservation when generat-
ing images of individuals not included in the training set.

In this paper, we address the fidelity-editability challenge
using only a single image. Our main idea is first rooted in
the understanding that consistent textual conditioning man-
ifests varying control capabilities across different temporal
phases, as reflected in the cross-attention maps. During an
intermediate stage of the denoising process, the learned em-
bedding tends to focus on the facial region rather than the
entire image, even when training on a single image. Addi-
tionally, as noted in previous research (Alaluf et al. 2023),
word embeddings capture different concept details across
timesteps. This insight inspired us to develop dynamic em-
beddings within a specific timestep interval to achieve per-
sonalized face generation. During training, we divide the re-
verse process of diffusion models into dynamic and static
stages, based on changes in cross-attention maps over time.
In the dynamic stage, we introduce a lightweight network to
acquire dynamic embeddings at different timesteps, effec-
tively capturing user-provided face information. Conversely,
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Figure 1: PersonaMagic seamlessly generates images of new roles, styles, or scenes based on a user-provided portrait. By
learning stage-regulated embeddings through a Tandem Equilibrium strategy, our method accurately captures and represents
unseen concepts, faithfully creating personas aligned with the provided prompts while minimizing identity distortion.

the static stage employs fixed word embeddings correspond-
ing to supercategory to stabilize training.

With the diffusion model frozen, the learned embeddings
become the sole variable for minimizing denoising loss dur-
ing training. This focus on learned embeddings may cause
the diffusion model to overlook the semantics other than new
concept. We observe that these neglected word embeddings
have lower attention weights in the cross-attention layers of
U-Net, resulting from the disproportionately high attention
given to the learned embeddings in the text encoder. To ad-
dress this, we introduce a Tandem Equilibrium (TE) strat-
egy. During training, we input diverse text prompts into the
text encoder and balance the attention weights of the new
concept with other tokens, ensuring complete semantic rep-
resentation. Unlike prior methods that required multiple im-
ages to generalize the expressiveness of the learned embed-
ding across different scenarios, our TE strategy achieves this
by directly operating within the text encoder, eliminating the
need to pass latent image features to U-Net. This approach
allows us to generate identity-preserving and semantically
complete results with a single image, as shown in Fig. 1.

In summary, the contributions of this work are threefold:

* We propose learning dynamic embeddings within a spe-
cific range to enable high-fidelity personalized face gen-
eration. Even from a single image, the learned embed-
dings generate the desired cross-attention maps, effec-
tively preserving identity while improving efficiency.

* We introduce a TE strategy to regulate self-attention
maps in the text encoder, ensuring that personalized re-
sults align closely with textual descriptions without the
need for multiple images.

» Extensive quantitative and qualitative experiments val-
idate our effectiveness, demonstrating a strong balance
between textual alignment and identity preservation.

Related Work

Text-to-Image Diffusion Models. Diffusion models (Song
and Ermon 2019; Song et al. 2021; Tang et al. 2022) have
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Figure 2: Cross-attention maps of S* at each timestep. We
calculate IoU with facial mask for stage partition.

recently excelled in generating images from text (Ramesh
et al. 2021; Gu et al. 2022; Yu et al. 2022; Saharia et al.
2022). Noteworthy examples include GLIDE (Nichol et al.
2022), which crafts high-resolution images using diverse
diffusion models, and DALL-E 2 (Ramesh et al. 2022),
generating CLIP (Radford et al. 2021) image embeddings
from text through a diffusion model. Imagen (Saharia et al.
2022) enriches semantic information with a pre-trained text
encoder (Raffel et al. 2020). Stable Diffusion (Rombach
et al. 2022) proposes denoising in a low-dimensional la-
tent space through an autoencoder (Esser, Rombach, and
Ommer 2021). While these methods can generate images
aligned with text prompts, customizing a specific subject re-
mains challenging. Our aim is to train an efficient network
to introduce concept information about an unseen face into
a pre-trained text-to-image diffusion model, enabling face
customization across various scenes or styles.

Personalized Image Generation. Personalized generation
methods find widespread applications across computer vi-
sion and graphics. Previous methods (Yang et al. 2021; Xu
et al. 2021; Nitzan et al. 2022; Roich et al. 2022; Alaluf
et al. 2022; Song et al. 2022) typically rely on GANs (Kar-
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Figure 3: Overview of our pipeline. Given a single image, we learn a series of embeddings during dynamic stage to capture
identity information effectively, while employing fixed embeddings in the static stages. The proposed TE strategy is applied in
the text encoder, ensuring further alignment of personalized results with textual descriptions.

ras, Laine, and Aila 2019; Karras et al. 2020; Goodfellow
et al. 2020), encountering difficulties in handling out-of-
domain images. Based on text-to-image diffusion models,
Textual Inversion (Gal et al. 2023a) proposed to optimize
word embeddings for personalization. DreamBooth (Ruiz
et al. 2023) recommends fine-tuning diffusion model param-
eters to introduce new concepts. However, these methods
struggle to excel in both identity preservation and text sim-
ilarity simultaneously. In contrast, we propose TE strategy,
leading to trade-off in both aspects. Recently, several stud-
ies (Ye et al. 2023; Gal et al. 2023b; Li et al. 2024) have
trained on human-centric datasets, acquiring more compre-
hensive prior knowledge for personalization. For instance,
IP-Adapter (Ye et al. 2023) introduces a decoupled cross-
attention strategy for semantic guidance. Photomaker (Li
et al. 2024) extracts ID embeddings from facial images
to provide identity information to diffusion model. How-
ever, the performance of these approaches may be influ-
enced by biased datasets, resulting in poor identity preser-
vation for unseen faces. Instead, our method, guided by a
self-contained stage-regulated text conditioning mechanism,
efficiently customizes unseen persons with precise identity
preservation.

Method

Stage-regulated Textual Conditioning. We conduct an ex-
periment to understand the temporal dynamics of the text-
to-image conditioning process. Given a facial image, we use
a rare token S* to represent this new concept. Through a
simple fully connected network and the textual condition “A
photo of S%”, we learn a set of word embeddings that vary
across timesteps. We then visualize cross-attention maps of
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Sx at each timestep, as shown in Fig. 2. We observe that
when timestep is large, cross-attention map of Sx is inac-
curate, spreading its focus across the entire image. This in-
dicates that the word embedding might be capturing back-
ground details, which is detrimental to personalized face
generation. As the timestep decreases, cross-attention map
of Sx progressively narrows down to a more precise facial
region, suggesting that S* can more effectively acquire ac-
curate identity information at these timesteps.

We believe that the reason for these phenomena is that
in the early stage of the denoising process, noised image
X, contains more noise, preventing S from accurately
focusing on the facial region, which results in undesired
cross-attention maps. Consequently, the learned embeddings
struggle to capture useful concept information during this
phase. As the noise in X; diminishes, the interference from
redundant information decreases as well. However, prior re-
search (Balaji et al. 2022) indicates that the control ability
of text prompts over X; becomes weaker in the late stage
of the denoising process. This suggests that learning word
embeddings in the middle of the time schedule is a better
choice than learning over the entire time schedule.

Building on our analysis, we propose partitioning the time
schedule in the reverse process of diffusion models into three
intervals based on cross-attention maps. However, variations
in facial regions across images affect the identity informa-
tion captured by the learned embeddings, resulting in differ-
ences in the selected intervals. To reasonably define these
stages, we initially train across the entire time schedule.
After several iterations, the learned embedding, while not
yet capturing accurate identity information, begins to show
significant differences in cross-attention maps at different
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Figure 4: The overlooked semantic yield suboptimal atten-
tion map. Attention weights are annotated in the lower left
corner of cross-attention maps.

timesteps, without exhibiting overfitting. We utilize an exist-
ing semantic segmentation model, CLIPSeg (Liiddecke and
Ecker 2022), to extract facial mask and calculated IoU with
cross-attention maps. As shown in Fig. 2, we observe that
IoU gradually increases as timestep progresses. Based on
this, we set two thresholds, A; and A\s (A\; < A2), to update
the training intervals. We designate the phase where the IoU
falls below \; as the first static stage. During this stage, we
cease training and instead use the supercategory embedding
(e.g., face) directly for inference. Once the IoU surpasses
the threshold Ao, the learned embedding accurately identi-
fies the facial region, but this also indicates that the noised
image contains minimal noise, reducing controllability over
the diffusion model. Consequently, we define this as the sec-
ond static stage, where training ceases, and a fixed word em-
bedding is used during testing.

We designate the remaining intermediate interval as the
dynamic stage. In this phase, we utilize a lightweight net-
work that takes as input a time embedding and a super-
category word embedding to generate dynamic embeddings,
as illustrated in Fig. 3. Similar to NeTI (Alaluf et al. 2023),
we incorporate a residual embedding into the sentence em-
bedding output from the text encoder to serve as V' for the
cross-attention layer, providing additional information that
the text encoder alone cannot capture. Notably, we introduce
the CLIP image embedding of the training image into the
network to generate the residual embedding. This is because
features extracted from images are beneficial for learning
conceptual information, a finding supported by existing re-
search (Ye et al. 2023; Li et al. 2024).

Face Customization With Tandem Equilibrium. The em-
beddings learned during the dynamic stage can more accu-
rately focus on the facial region. This not only helps avoid
overfitting but also improves training efficiency by narrow-
ing the range of timesteps. However, we observe that even
when Sx focus on the desired region, the diffusion model
may still produce results inconsistent with the given text de-
scription under certain textual conditions. As shown in the
first row of Fig. 4, although the result accurately preserves
the identity of the individual, it deviates significantly from
the semantics of “garland”. We use L2 norm as a global
metric to measure the weight of each text token in the cross-
attention map. The weight of S* (0.9596) is notably higher
than that of “garland” (0.5407), indicating that the diffusion
model has neglected the semantic information of “garland”.
In U-Net, the cross-attention map is computed from )
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Figure 5: Illustration of the proposed Tandem Equilibrium.

and K, where () is derived from the latent image features
and K from the sentence embedding. During training, we
freeze diffusion model parameters to prevent language drift,
making sentence embedding the sole variable affecting the
cross-attention map. We further analyze the self-attention
maps in the text encoder to understand this phenomenon. We
find that in the shallow layers of text encoder, the attention
weights for each text token are relatively uniform. As the
layers deepen, nouns begin to dominate the attention, while
prepositions have lower weights, due to the concrete seman-
tic content typically associated with nouns. We believe that
during training, in an effort to reduce denoising loss, text
encoder overly emphasizes the semantics contained in the
learned embedding while neglecting those in the original
embedding. This is evident in the excessively high attention
weights of S*, which may lead diffusion model to generate
results that do not align with the given text description.

One straightforward solution is to minimize the L2 norm
of the self-attention map corresponding to .S* within the text
encoder. However, directly constraining the self-attention
map can easily cause the diffusion model to overlook the se-
mantics of S, leading to results with inaccurate identities.
Another solution is to manually set a threshold to constrain
the attention weight of S* within a specific range. However,
since it varies across different text prompts, using a fixed
threshold is not ideal. Therefore, the constraint should be
adjusted dynamically based on text prompt.

As shown in Fig. 5, we randomly input text prompt into
the text encoder and extract self-attention maps in the final
layer. Ignoring the “start of text” and “end of text” tokens,
we identify the original embedding with the highest atten-
tion weight. We then applying a softmax function to its self-
attention map with that of S, obtaining Att,, . and Attg,.
We calculate tandem equilibrium loss L;. as follows:

L:te = _d)(AttS*) X d)(Attmax)a (1)

where ¢(-) denotes the summation function. Since the to-
tal sum remains constant, maximizing the product requires
@(Attg,) and ¢(Attmaz) to be as close as possible. This en-
sures that the diffusion model balances its attention between
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Figure 6: Qualitative comparison with state-of-the-art methods on celebrities.

S* and other text tokens effectively. 2022; ChenDarYen 2023) for our comparisons. All compar-
Loss Functions. We introduce a mask M indicating the face ative methods were conducted using their default settings.
region to galculate Lonses enfprcing .diffusion model to focus Metrics. We evaluate performance from two perspective to
on denoising the masked region. It is formulated as: assess the effectiveness of proposed method. For text simi-
Lomse = ||(eo(Xt,t,y:) —€) - M| |2_ ) larity, we leverage the pre-trained CLIP (Radford et al. 2021)
model and calculate CLIPScore (Hessel et al. 2021) between
To ensure the preservation of identity information from the prompts and customized results, where the placeholder “Sx”
given image X, we assess the similarity between the iden- in prompts is substituted with “face”. For identity preserva-
tity features of the noised image X; estimated to the clean tion, we use MTCNN (Zhang et al. 2016) to detect faces in
image Xy, at time ¢ and X. Identity features are extracted unaligned generated images and then apply CosFace (Wang
using Arcface (Deng et al. 2019), and the loss £, is defined et al. 2018) to evaluate identity similarity to the given faces.
as follows: It is noteworthy that if no face is generated, the score is set
Liq = 1 — cos(Arcface(Xo; ), Arcface(Xy))).  (3) to the minimum value of -1.

Qualitative Evaluation. In order to visually demonstrate
our generated effects, we collected some public images from
the Internet, comprising some celebrity close-ups and por-
traits of non-celebrities, all of which are unaligned and en-
compass approximately 30 individuals. We present gener-
Nia(t) = cos(ﬁw). ) ated outcomes under varies text prompts in Figs. 6 and 7.
For each individual, we collected 3-5 images and randomly
selected one as the input for one-shot setting. To ensure fair-
L(t) = Lie + Lonse + Nia(t) Lia- (5) ness, we also present the results of default few-shot setting
for competitors. Considering that all inputs in Fig. 6 are
celebrities, we also showcase the results of directly inputting
prompts into pretrained diffusion model by replacing the

As the diffusion model faces challenges in recovering an ac-
curate clean image when t is large, affecting the effective-
ness of £;4, we introduce a hyperparameter schedule, \;4(t):

Finally, our total objective £(¢) is formulated as follows:

Experiments placeholders “S*” with the names of celebrities. While gen-
Competitors. We compare our method with several state- erating directly from prompts leverages the extensive prior
of-the-art personalization methods, including Textual Inver- knowledge of Stable Diffusion to create celebrities with dis-
sion (Gal et al. 2023a), DreamBooth (Ruiz et al. 2023), tinctive features, it may introduce biases from the given im-
Custom Diffusion (Kumari et al. 2023), NeTI (Alaluf et al. ages, such as inconsistencies in Steve Jobs’ hair or Leonardo
2023), and Perfusion (Tewel et al. 2023). Since official im- DiCaprio’s age. It is evident that DreamBooth shows strong
plementations were unavailable for Perfusion and Dream- identity preservation, but its results often misalign with text
Booth, we employed unofficial versions (von Platen et al. prompts. This issue arises from training across the entire
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Figure 8: Quantitative evaluation on CelebA-HQ, FFHQ,
and LFW datasets shows that our method sits on the Pareto
front, highlighting its superiority over competitors.

time schedule, leading to overfitting where cross-attention
maps focus on the entire image. Contrastingly, our method
confines training to the dynamic stage, directing embed-
dings to focus exclusively on facial regions. Textual Inver-
sion, Custom Diffusion, and Perfusion generate results that
align with text prompts but lack accurate identity. In con-
trast, our approach not only utilizes dynamic embeddings
across multiple timesteps to convey intricate character infor-
mation but also employs a lightweight network for learning,
which better captures the correspondence between the em-
bedding space and facial attributes.

Quantitative Evaluation. For quantitative evaluation of
one-shot setting, we randomly selected 100 distinct images
from CelebA-HQ (Karras et al. 2018) and FFHQ (Karras,
Laine, and Aila 2019) datasets respectively and repeated
five times for fair comparisons, gotten 500 images of each
dataset. For few-shot setting, we use the LFW (Huang et al.
2008) dataset, focusing on individuals that contain multiple
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| CelebA-HQ ||  LFW

|| T-Sim. | I-Pre. || T-Sim. | I-Pre.
Custom Diffusion (CD) || 0.737 |0.283 || 0.744 |0.179
Vanilla 0.610 [0.334] 0.631 |0.226

Method

+Stage Regulation 0.672 |0.363 || 0.665 |0.289
+Tandem Equilibrium || 0.691 [0.284 || 0.668 |0.206

|| 0.744 |0.358 ] 0.753 |0.278

PersonaMagic

Table 1: Ablation study on CelebA-HQ and LFW datasets.

images. We collected 17 prompts involving diverse person-
alized modifications, with each individual and prompt in-
ferred four times, resulting in 68 outcomes per person. We
then calculated text similarity and identity preservation for
each set, with the average score presented in Fig. 8. Our
method outperforms competitors, sitting on the pareto front.
Textual Inversion and Perfusion, struggling to capture in-
tricate identity details, demonstrate low identity preserva-
tion. DreamBooth and NeTT excel in identity preservation
but show lower text similarity. In contrast, we introduce the
Tandem Equilibrium strategy to balance the semantic rep-
resentation of text tokens, leading to better text similarity.
Custom Diffusion balances concept fidelity and text align-
ment, but its performance remains below ours.

Ablation Study. We validated different components of Per-
sonaMagic through ablation studies (Tab. 1). First, we ex-
amined stage regulation’s impact. In one-shot experiments
on CelebA-HQ, our method improved identity preservation



Seting |\ 10| Aa=1.0| Aa=1.0| Ao=1.0| A2=0.9 | \p=0.8

T-Sim. | 0.691 | 0.727 | 0.744 | 0.749 | 0.741 | 0.744
I-Pre. | 0.284 | 0.307 | 0.328 | 0.302 | 0.328 | 0.358

A1=0.5 ‘ A1=0.6 ‘ A1=0.7 ‘ A1=0.8 ‘ A1=0.7 ‘ A1=0.7

Table 2: Evaluation of stage partition variants on CelebA-
HQ. We set A\; = 0.7 and Ay = 0.8, as this configuration
achieves the optimal balance between fidelity and editability.

Result

.
0.5363 I

Figure 9: Customized results with and without £;. during
training. Attention weights are annotated in the lower left
corner of cross-attention maps.

by 0.051 over the second best competitor CD due to learning
a series of embeddings for new concepts, which outperforms
optimizing a single embedding. However, text similarity de-
creased slightly due to the early use of learned embeddings,
leading to misaligned spatial layouts with the prompt.

Stage regulation improved both text similarity and iden-
tity preservation, increasing text similarity from 0.610 to
0.672 by using supercategory embeddings in the initial static
stage, reducing overfitting. The dynamic stage further en-
hanced ID preservation by focusing more on facial features.

To further explore stage regulation, we conducted a quan-
titative analysis (Tab. 2). Initially, with \; 0.5 and
A2 = 1.0, the denoising process was unpartitioned, using
dynamic embeddings throughout, resulting in suboptimal
performance. Setting A; to 0.6 or 0.7 introduced a two-stage
process: a static stage below \; using supercategory embed-
dings and a dynamic stage above it with dynamic embed-
dings. Increasing A; improved text similarity but reduced
identity preservation at A; > 0.8 due to limited dynamic
stage timesteps. Based on the results, we chose Ay = 0.7.
Further refinement of Ay divided the process into three
stages, with a third static stage emerging as A, decreased,
using fixed embeddings. We observed that when Ay < 0.8,
the dynamic stage became too constrained, impacting iden-
tity detail capture. Therefore, we set Ay = 0.7 and Ay = 0.8.
This strategy, based on IoU between cross-attention maps
and real masks, generalizes well across datasets.

The TE strategy balanced text similarity and identity
preservation by adjusting self-attention in the text encoder,
aligning semantic strength between learned and original em-
beddings. Visualizations (Fig. 9) showed TE reduced mis-
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Method ‘PhotoMaker PhotoMaker IP-Adapter IP-Adapter
w/ ours w/ ours

TSim. | 0775 | 079 | 0762 | 0778

I-Pre. | 0335 | 0352 | 0348 | 0359

Table 3: Universality of our method as a plug-in for pre-
trained personalization models.

alignment in cross-attention, improving personalized results.

Integrating both strategies, we surpassed CD in text sim-

ilarity. Despite a slight reduction in identity preservation
with TE, dynamic embeddings maintained accurate details,
performing better CD. Few-shot experiments on LFW con-
firmed these strategies enhance performance, balancing text
similarity and identity preservation.
The flexibility of PersonaMagic. Pretrained personaliza-
tion models (Li et al. 2024; Ye et al. 2023) tend to per-
form suboptimally when applied to individuals outside the
training dataset. This issue is not well-addressed by fine-
tune based methods (Ruiz et al. 2023; Kumari et al. 2023),
as it risks disrupting the pre-learned semantic knowledge in
diffusion model. In contrast, our approach avoids this limita-
tion by freezing model parameters during training, making it
a flexible plug-in that can be integrated into pretrained face
personalization models to enhance their performance.

To validate this, We integrated PersonaMagic into Pho-
tomaker (Li et al. 2024) and IP-Adapter (Ye et al. 2023)
and conducted quantitative experiments on our collected
images of non-celebrities, as shown in Tab. 3. Introduc-
ing our method led to improvements in both text similarity
and identity preservation for Photomaker and IP-Adapter.
The increase in text similarity is largely attributed to our
TE strategy, which guides the diffusion model to focus on
overlooked semantics in the text prompt. Additionally, the
Stage Regulation strategy enhances text similarity by help-
ing Photomaker and IP-Adapter generate spatial layouts dur-
ing early denoising that better align with the text descrip-
tion. This strategy also captures facial features that were pre-
viously missed, further improving identity preservation in
personalized models. This conclusion is supported by visual
comparisons, available in the supplementary materials.

Conclusion

In this paper, we present PersonaMagic, a high-fidelity face
customization technique that utilizes a stage-regulated tex-
tual conditioning strategy based on a comprehensive anal-
ysis. We introduce a lightweight network to implement
this conditioning mechanism through dynamic word em-
beddings, effectively capturing identity information while
avoiding overfitting. Furthermore, we propose a tandem
equilibrium loss to address the trade-off between text
alignment and identity preservation. Extensive experiments
demonstrate the superior performance of our method com-
pared to state-of-the-art approaches, excelling in both fi-
delity and editability, and showcasing its effectiveness
across various downstream customization tasks.
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