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Abstract

In this paper, we introduce TextBoost, an efficient one-shot personalization approach
for text-to-image diffusion models. Traditional personalization methods typically involve
fine-tuning extensive portions of the model, leading to substantial storage requirements
and slow convergence. In contrast, we propose selectively fine-tuning only the text encoder,
significantly improving computational and storage efficiency. To preserve the original seman-
tic integrity, we develop a novel causality-preserving adaptation mechanism. Additionally,
lightweight adapters are employed to locally refine text embeddings immediately before their
interaction with cross-attention layers, greatly enhancing the expressiveness of text embed-
dings with minimal computational overhead. Empirical evaluations across diverse concepts
demonstrate that TextBoost achieves faster convergence and substantially reduces stor-
age demands by minimizing the number of trainable parameters. Furthermore, TextBoost
maintains comparable subject fidelity, superior text fidelity, and greater generation diver-
sity compared to existing methods. We show that our proposed method offers an efficient,
scalable, and practically applicable solution for high-quality text-to-image personalization,
particularly beneficial in resource-constrained environments.

1 Introduction

Recent advancements in text-to-image (T2I) diffusion models have significantly expanded the creative po-
tential of AI-driven image synthesis, enabling high-fidelity images to be generated from natural language
prompts (Ramesh et al., 2021; Rombach et al., 2022; Balaji et al., 2022; Nichol et al., 2023; Chen et al.,
2024c; Podell et al., 2024; Esser et al., 2024). Despite these advances, standard text prompts often lack the
specificity required to capture fine details or unique artistic styles, leading to ambiguities in the generated
images. To address this, personalization techniques have emerged as a critical research direction, aiming
to capture a specific concept (V⋆) within the token space so that the generated images faithfully reflect
user-defined content (Gal et al., 2023; Ruiz et al., 2023).

While existing personalization methods show promising results, they often suffer from computational and
storage inefficiencies. For instance, DreamBooth (Ruiz et al., 2023) fine-tunes all parameters of the U-Net
and saves a distinct model for each concept, which demands substantial storage overhead. Moreover, current
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methods often require multiple reference images (usually three to �ve), limiting their practicality in real-
world scenarios where users can only provide a single reference image. These issues underscore the need for
e�cient approaches to personalization�both in terms of parameter usage and training data requirements.

In this paper, we propose an e�cient one-shot personalization method by focusing on an underexplored yet
pivotal component of the T2I model: the text encoder. Typically, personalization approaches �x the text
encoder and �ne-tune components within the U-Net, such as cross-attention modules (Kumari et al., 2023;
Chen et al., 2024b). However, our initial empirical analysis suggests that when all parameters of the T2I
model are �ne-tuned, the text encoder undergoes the largest changes, indicating signi�cant potential bene�ts
if adapted properly.

Building on this insight, we introduce TextBoost, a novel method that selectively �ne-tunes the CLIP
text encoder to achieve e�cient one-shot personalization. A key challenge is to �ne-tune the text encoder
without disrupting its learned semantic space, particularly its auto-regressive causality: the property where
a token's output embedding is conditioned only on itself and prior tokens in the sequence. To address
this, we introduce Causality-Preserved Adaptation (CPA), a mechanism speci�cally designed to ensure that
during the learning of a new concept token (V?), the output embeddings of all tokens preceding V? remain
unchanged. This preserves the original contextual understanding of the sequence leading up to the new
concept. Concretely, CPA formulates the adapted output as a mixture of original and �ne-tuned embeddings,
preventing the distortion of established semantic structures of the original text encoder.

To further enhance �ne-grained concept control, we draw inspiration from hierarchical representations in
GAN architectures (Karras et al., 2019; 2020; Richardson et al., 2021; Tov et al., 2021) and introduce
lightweight adapters that locally re�ne text embeddings before they interact with each cross-attention layer.
Unlike token-space methods that rely on multiple forward passes (Voynov et al., 2023; Alaluf et al., 2023), our
design requires only a single pass through these adapters, substantially improving computational e�ciency
and runtime.

We validate TextBoost across various datasets, comparing it to popular personalization methods such as
DreamBooth (Ruiz et al., 2023), Textual Inversion (Gal et al., 2023), LoRA (Hu et al., 2022), and Custom
Di�usion (Kumari et al., 2023). Our results demonstrate that TextBoost achieves faster convergence,
reduced storage overhead, high subject and text �delity, thus o�ering an improved balance between e�ciency
and generative quality.

In summary, our key contributions are as follows:

ˆ Fine-tuning text encoders for T2I personalization: We present a novel approach for �ne-
tuning text encoders speci�cally designed for text-to-image (T2I) personalization, a previously un-
explored direction.

ˆ Causality-preserved adaptation (CPA): We introduce a causality-preserved adaptation strategy
that maintains the integrity of the text encoder's original semantic properties during adaptation,
thereby preserving the causal relationships embedded within the semantic space.

ˆ Extended text embedding: We propose extending the embedding space using lightweight
adapters, facilitating more precise and �ne-grained adaptation of concepts through enhancements in
the cross-attention mechanism.

ˆ E�cient personalization: Our method signi�cantly improves training e�ciency and reduces stor-
age requirements, enabling high-quality T2I personalization suitable for deployment in resource-
constrained real-world applications.

2 Related Work

2.1 Personalized text-to-image generation

Recent advancements in text-to-image (T2I) generation have increasingly emphasized personalization, allow-
ing models to capture user-speci�c concepts more accurately. Textual Inversion (Gal et al., 2023) introduced
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Figure 1: Change in weights of di�erent layers during �ne-tuning of a T2I model. The mean
weight change in the text encoder layers is notably larger compared to that of the U-Net parameters. This
suggests that the text encoder plays a pivotal role in the personalization task.

encoding personalized information into special learned tokens (V? tokens). Building upon this, (Voynov et al.,
2023) proposed a more expressive representation with layer-wise prompt embeddings for detailed concept
inversion across di�erent model layers. (Alaluf et al., 2023) further extended this paradigm with a timestep-
wise inversion approach, o�ering greater �exibility but at the cost of increased computational overhead
and longer training and inference times. Parallel e�orts using �ne-tuning-based methods, such as Dream-
Booth (Ruiz et al., 2023), achieve superior �delity by updating signi�cant portions of the di�usion model, yet
incur substantial computational and storage demands. To address these limitations, techniques like Custom
Di�usion (Kumari et al., 2023) and OFT (Qiu et al., 2023) explored partial model �ne-tuning, reducing
computational load but still requiring modi�cations to the image generation component. Encoder-focused
adaptations, including ELITE (Wei et al., 2023) and BLIP-Di�usion (Li et al., 2023), present another path-
way to reduce computational overhead by primarily updating encoder components, thus minimizing trainable
parameters while preserving personalized output quality. However, these encoder-based methods typically
depend on extensive pre-training on large-scale datasets.

2.2 Parameter-e�cient �ne-tuning

Parameter-e�cient �ne-tuning (PEFT) methods have recently emerged as crucial techniques for e�ectively
training large foundation models with limited resources. Adapter-based methods (Houlsby et al., 2019)
insert lightweight layers into pretrained models, enabling e�cient adaptation. Hu et al. (2022) introduced a
simpler and highly e�cient technique by inserting low-rank adaptation (LoRA) layers in parallel to existing
weights, allowing the modi�cations to be merged back into the original model parameters after training. Due
to its e�ciency and e�ectiveness, LoRA has become popular in personalized T2I di�usion tasks, inspired
subsequent studies (Qiu et al., 2023; Ruiz et al., 2024; Shah et al., 2024) and the basic component of recent
personalization methods (Chen et al., 2024b; Lee et al., 2024). Similarly, StyleDrop utilized adapters for
transformer-based di�usion models, demonstrating e�ective customization capabilities (Sohn et al., 2023).
Our proposed method also leverages techniques from the PEFT domain, such as adapters (Houlsby et al.,
2019) and LoRA (Hu et al., 2022). However, unlike previous approaches primarily aimed at optimizing
downstream task performance, our method emphasizes preserving the original capabilities of pretrained
models by adaptively �ne-tuning parameters in a causality-preserved manner.

3 Motivation

Unlike previous works, which typically �ne-tune either the concept token V? or speci�c components of the
U-Net, we begin by systematically re-evaluating which parts of the text-to-image (T2I) di�usion model are
most critical to �ne-tuning for e�ective personalization.
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Figure 2: E�ect of perturbations on early token embeddings during text-to-image generation.
We compare the original generation (left) with images produced after adding small Gaussian noise to the
text encoder's output embeddings (middle) and directly to the token embeddings (right). Adding even slight
noise signi�cantly a�ects generated image quality, highlighting the sensitivity and importance of preserving
embeddings for early tokens in text-to-image generation.

Kumari et al. (2023) proposed an e�cient approach by �ne-tuning only the cross-attention layers of the
U-Net, motivated by observing substantial parameter changes within these layers during personalization (Li
et al., 2020). Speci�cally, they targeted the key and value projection layers. However, their analysis did not
consider potential changes in the text encoder parameters, a critical component responsible for generating
embeddings fed into the cross-attention layers.

Given that key and value projections directly depend on text embeddings, we hypothesized that the text
encoder might also signi�cantly in�uence personalization outcomes. To rigorously test this hypothesis, we
extended the investigation from (Kumari et al., 2023) to include both the U-Net and the text encoder. We
quanti�ed parameter changes during �ne-tuning using the following measure:

� =
jj �̂ � �jj

jj�jj
; (1)

where � and �̂ denote the original and �ne-tuned weights.

Consistent with previous �ndings (Kumari et al., 2023), we observed signi�cant changes in the U-Net's
cross-attention layer parameters. Surprisingly, as illustrated in Fig. 1, the text encoder parameters exhibited
even more substantial adjustments. This �nding strongly highlights the previously overlooked importance
of the text encoder in personalized T2I generation, aligning with recent insights emphasizing its central
role (Saharia et al., 2022; ?; Li et al., 2024b).

To the best of our knowledge, this study is the �rst systematic exploration speci�cally targeting �ne-tuning
the text encoder for personalized text-to-image generation.

4 Boosting text encoder tuning

Building upon insights from the preceding section, we introduce TextBoost, a novel approach for person-
alizing text-to-image di�usion models.

4.1 Preliminaries: Text-to-image di�usion models

Di�usion models (Sohl-Dickstein et al., 2015) have recently become the most widely adopted generative mod-
els for text-to-image generation (Saharia et al., 2022; Ramesh et al., 2022; Rombach et al., 2022). These mod-
els aim to closely approximate the original data distribution q(x 0) with p � (x 0). Here, p� (x 0) :=

R
p� (x 0:T ),

where p� (x 0:T ) is termed as the reverse process being Markov chain with learned Gaussian transitions. The
approximate posterior q(x1:T jx 0) is termed a forward process, of which the noise is gradually added to the
original data point x 0 as xt =

p
� t x 0 +

p
1 � � t �, can be expressed as q(x1:T jx 0) :=

Q T
t=1 q(x t jx t�1 ). The
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(a) Causal attention mask (b) Causality of CLIP text encoder (c) Causality-preserved adapter

Figure 3: (a) Causal attention mask. The CLIP text encoder employs causal masking techniques, where
the output embedding h i corresponding to the input token yi can only attend to preceding tokens. (b)
Causality of CLIP text encoder. If this causality is not properly accounted for during �ne-tuning
(e.g., through naive �ne-tuning), the embeddings of tokens preceding the new concept token V? can be
unintentionally altered, leading to undesired changes in their representation. (c) Our causality-preserved
adapter. We attach adapters in parallel to the linear layers, and incorporate a causality mask to ensure
that the �ne-tuned adapter in�uences only the new concept token V? and the subsequent tokens, thereby
maintaining the causality structure.

training objective is formulated with variational bound on negative log-likelihood:

E[� log p � (x 0)] � E q[� log
p� (x 0:T )

q(x1:T jx 0)
] := L; (2)

which is further simpli�ed into the following objective:

L simple (�) := E t;x 0 ;� [jj� � � � (x t ; t)jj 2
2]: (3)

Text-to-image (T2I) di�usion models (Rombach et al., 2022) take text condition c as additional input, where
the text prompt y is encoded with text encoder ET as c = ET (y). These models usually operate in latent
space, encoding an image x0 into a latent z 0 = EI (x 0). The forward di�usion process is then applied in latent
space, yielding zt =

p
� t z0 +

p
1 � � t �. The training objective hence takes an additional c and minimizes

the following loss:
Ez 0 ;t;y;�

�
k� � � � (z t ; t; c)k 2

2

�
: (4)

While our approach generalizes to various T2I models, we primarily employ Stable Di�usion (Rombach et al.,
2022), due to its extensive usage and open accessibility. Stable Di�usion adopts a U-Net architecture (Ron-
neberger et al., 2015) for its denoising di�usion process. To guide the image generation, text embeddings
are injected through cross-attention layers, which dynamically integrate these embeddings into the U-Net at
each di�usion step.

Given the critical role of the CLIP text encoder (Radford et al., 2021) in widely-used T2I di�usion models
such as Stable Di�usion (SD) (Rombach et al., 2022) and Stable Di�usion XL (SDXL) (Podell et al., 2024),
we speci�cally targeted the CLIP text encoder for e�ective personalization in our method.

4.2 Causality-preserved adaptation

4.2.1 Challenges in �ne-tuning CLIP text encoder

The CLIP text encoder, like many language models, is a decoder-only transformer (Radford et al., 2021)
that employs causal masking (see Fig. 3(a)). This architectural feature enforces an auto-regressive processing
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�ow: the output embedding h i for an input token y i is generated based solely on yi and all preceding tokens
(y 1; : : : ; y i�1 ). It is not in�uenced by any subsequent tokens (yj where j > i). This inherent sequential
causality is fundamental to how the encoder builds contextual representations.

When �ne-tuning the encoder to learn a new concept token V?, a naive update to the model's weights can
inadvertently alter the output embeddings of tokens preceding V? (as illustrated in Fig. 3(b) where h1 to h4

change). This happens because weight changes, even if optimized for V?, propagate throughout the model.
Such alterations disrupt the established semantic interpretations of the initial part of the text sequence (see
Fig. 2), which can degrade the model's ability to understand prompts and accurately depict the concept.
Our goal is to adapt the model for V? while strictly preserving the original output embeddings of all tokens
h i that appear before V? in any given prompt.

4.2.2 Causality-preserved adapter

One straightforward solution would involve fully �ne-tuning the text encoder and subsequently overwriting
embeddings preceding V? with their original values. This approach, however, requires two full forward passes,
leading to ine�ciencies and a failure to maintain layer-wise causality. Instead, we propose a more e�cient
causality-preserving adapter (CPA) inspired by parameter-e�cient �ne-tuning methods (Houlsby et al., 2019;
Hu et al., 2022) from large language models (LLMs). We attach adapters in parallel to selected linear layers
within the Transformer. Let U = [u 1; : : : ; u n ] 2 Rn�d in denote the matrix of token representations entering
an adapted linear layer. The adapted output is computed as

eU = UW + Diag(m)A CPA (U); (5)

where W 2 Rdin �d out is the frozen pretrained weight matrix and ACPA (U) = UW down W up represents
the adapter with LoRA-style down-projection W down 2 Rdin �r and up-projection W up 2 R r�d out . For a
tokenized prompt Y = [y 1; : : : ; yn ], with the special token V? located at position i?, the causal mask vector
m = [m 1; : : : ; mn ]> 2 f0; 1g n is de�ned as

mi =

(
1; if i � i ? and yi is not a padding token;
0; otherwise.

(6)

For a batch of B prompts, these vectors can be stacked row-wise into a batched mask matrix MCPA 2
f0; 1gB�n , which is the form illustrated in Fig. 3(c). This mask ensures that the adapter a�ects only V?

and the subsequent non-padding tokens. For all tokens with i < i?, we have mi = 0, so the i-th row of
the adapter term in Eq. 5 is zero and the adapted output reduces to the pretrained output. This preserves
the original encoder representations for the initial part of the sequence and maintains the auto-regressive
causality up to V? (see Fig. 3(c)). We call this overall strategy Causality-Preserved Adaptation (CPA).

Based on empirical �ndings and our ablation studies (see Fig. 10), we incorporated adapters into speci�c
layers for optimal performance. Notably, our approach is di�erent from some previous conventions that
primarily target self-attention parameters with adapters 1. Instead, our ablations indicated that focusing
on other components yielded better results for our personalization task. Speci�cally, within Multi-Layer
Perceptron (MLP) blocks of the text encoder, we add adapters to the second feed-forward layer (fc2). The
rank parameter r determines the adapter's bottleneck dimension, controlling both parameter e�ciency and
expressivity; unless otherwise stated, we adopt r = 1 as our default con�guration.

4.3 Extended textual embedding

Extended latent representations have proven e�ective in achieving more precise inversion in generative ad-
versarial networks (Goodfellow et al., 2014; Karras et al., 2019), as demonstrated by methods like Im-
age2StyleGAN (Abdal et al., 2019) or e4e (Tov et al., 2021). Motivated by these advances, we propose to
extend the CLIP text encoder into an extended representation space.

1https://github.com/huggingface/diffusers/blob/main/examples/dreambooth/train_dreambooth_lora.py
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Figure 4: Extended embedding space. Unlike previous methods that operate in the prompt space, our
approach introduces adapters in the embedding space, resulting in an extended embedding space. This
design allows for more �exible integration of the �ne-tuned text embedding from the text encoder into the
image generation module. Here, Y represents the input text prompt, and A(`) denotes the adapter for
cross-attention layer `.

Let a tokenized prompt Y = [y 1; : : : ; yn ] be encoded by the CLIP text encoder ET , producing �nal hidden
states

H = E T (Y ) 2 R n�d : (7)

In standard text-to-image di�usion models, this single embedding matrix H is shared across all cross-
attention layers of the U-Net, where it is projected to keys and values.

We de�ne extended textual embedding as a layer-wise conditioning scheme that replaces the single text-encoder
hidden state H with a set of per-cross-attention embeddings fH(`) gL ca

`=1 where Lca denotes the number of
cross-attention layers in the U-Net.

H (`) = H + Diag(m)A ` (H); (8)

where A` (�) denotes a lightweight adapter speci�c to cross-attention layer `, and m 2 f0; 1g n is the causality
mask de�ned in Section 4.2.

Each H (`) is injected into cross-attention block ` before its key and value projection layers:

K ` = H (`) W K
` ; V` = H (`) W V

` : (9)

Importantly, the projection matrices are unchanged; instead, each cross-attention layer receives its own
adapted textual embedding. This e�ectively extends the conditioning space from a single embedding H to a
collection (H (1) ; : : : ; H (L ca ) ), increasing representational �exibility while maintaining architectural simplic-
ity.

Crucially, to preserve causality, embeddings corresponding to tokens positioned before the novel concept
token V? remain unchanged due to the masking term Diag(m).

As illustrated in Fig. 4, we apply causality-preserved adaptation (CPA) to re�ne text embeddings separately
for each cross-attention layer. Unlike token-space methods such as XTI (Voynov et al., 2023) or NeTI (Alaluf
et al., 2023), which require multiple forward passes through the text encoder, our approach performs only
one forward pass through the text encoder followed by lightweight adapter transformations to construct
fH (`) gL ca

`=1 . This design signi�cantly reduces computational overhead and improves e�ciency compared to
hierarchical prompt-embedding techniques.

We refer to the text-encoder �ne-tuning approach with CPA as TextBoost, and the extended version
incorporating both CPA and extended textual embedding as TextBoost++.
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Table 1: Quantitative comparison on Stable Di�usion v2.1-base. We measure VQA scores (Lin et al.,
2024) for image-text �delity. Pairwise DINOv2 (Oquab et al., 2024) feature cosine similarity is evaluated with
the reference images that are not used for training. For practicality, we compare the number of parameters.

Methods VQA " DINOv2 " Diversity " # Params #

Textual Inversion (Gal et al., 2023) 0.475 0.467 0.408 0.00M
NeTI (Alaluf et al., 2023) 0.602 0.536 0.279 0.83M

DreamBooth (Ruiz et al., 2023) 0.553 0.587 0.164 865.91M
DreamBooth-LoRA (Hu et al., 2022) 0.528 0.589 0.190 0.83M
Custom Di�usion (Kumari et al., 2023) 0.452 0.632 0.136 25.56M
DisenBooth (Chen et al., 2024b) 0.675 0.486 0.305 2.93M

TextBoost 0.680 0.560 0.307 0.12M
TextBoost++ 0.607 0.598 0.229 0.15M

Table 2: Quantitative comparison with encoder-based methods. We compare TextBoost with
encoder-based methods, which require pre-training. The results highlight the superior performance of our
method over the baselines in terms of subject similarity and text �delity.

Methods T2I Model VQA " DINOv2 "

ELITE
SD1.4

0.430 0.489
TextBoost++ 0.558 0.564

BLIP Di�usion
SD1.5

0.650 0.531
TextBoost++ 0.577 0.575

5 Experiments

5.1 Experimental setup

Dataset. We employed the benchmark introduced by Ruiz et al. (2023), which consists of 30 subjects
and 25 text prompts, with each subject having 4 to 6 associated images. For style experiments, we use the
reference images provided by StyleDrop (Sohn et al., 2023). It is important to note that we trained all of
the models using a single reference image. Following DreamBooth, we generated 4 images per prompt (3,000
images in total) for evaluation.

Evaluation metrics. We evaluate image-text alignment, which measures how well the image re�ects the
user prompt, and subject �delity, which assesses how accurately the image represents the characteristics of the
given concept. Regarding image-text alignment, while prior works commonly used CLIP score, recent �ndings
by (Lin et al., 2024) indicate that the VQA score better re�ects human perception. Therefore, we opted for
the VQA score for a more accurate evaluation. Subject �delity was assessed by computing the pairwise cosine
similarity between generated and reference image embeddings, following the methodology of (Ruiz et al.,
2023). We employed DINOv2:ViT/L-14 from DINOv2 (Oquab et al., 2024) as our feature extractor, aligning
with recent approaches (Lee et al., 2024; Jang et al., 2024). We used the foreground of the validation images
as suggested by (Kim et al., 2024). To obtain foreground images, we employed GroundingDINO (Liu et al.,
2024) and GroundedSAM (Ren et al., 2024). Since these scores do not evaluate the extent of over�tting,
memorization of reference images can result in in�ated scores. Considering this, we assessed the inter-
similarity between generated images using the DINOv2 (Oquab et al., 2024) embedding. Finally, to assess
the practical applicability of our method, we conducted a user study involving 50 participants on Amazon
Mechanical Turk to evaluate user preferences.

Baselines. We compare our approach with recent personalization methods: DreamBooth (Ruiz et al.,
2023), DreamBooth-LoRA (Hu et al., 2022), Textual Inversion (Gal et al., 2023), Custom Di�usion (Ku-
mari et al., 2023), NeTI (Alaluf et al., 2023) and DisenBooth (Chen et al., 2024b). We also compare our
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Figure 5: User study. We conducted a large-scale user-preference survey with 50 participants on Amazon
Mechanical Turk. We asked each participant 30 questions to choose an image that best resembles the given
subject and aligns with the text prompt at the same time (1,500 responses in total).

method with zero-shot personalization methods (Wei et al., 2023; Li et al., 2023), which require pre-training
beforehand.

Implementation details. We utilized the imagenet small template for the training prompt, following
(Gal et al., 2023). For the identi�er, we employed templates of the form V? [class], similar to Custom
Di�usion. For example, our prompt was constructed as, �a photo of a nice V? dog�. We also implemented
weak augmentation, though signi�cantly less aggressive than that used in Custom Di�usion (Kumari et al.,
2023). Furthermore, we did not modify the loss computation region using masking. For the T2I model, we
used various versions of Stable Di�usion (Rombach et al., 2022) model, integrating the text encoder from the
CLIP (Radford et al., 2021) or OpenCLIP (Cherti et al., 2023). Our adapter is trained using the AdamW
optimizer (Loshchilov & Hutter, 2019) with a learning rate of 1e-4 for text encoder and 1e-3 for V� token for
100 steps. For TextBoost++, we trained for 80 steps. All experiments were conducted with batch size 8
on a single NVIDIA A6000 GPU.

5.2 Quantitative results

The quantitative comparison is presented in Tab. 1. Our method performs on par with existing approaches
while using signi�cantly fewer parameters. TextBoost achieves a notably high VQA score, demonstrating
strong performance. Regarding subject �delity, our method consistently produces results that are compara-
ble to or exceed those of other methods, suggesting that with proper tuning of the text encoder, e�ective
personalization can be achieved without sacri�cing performance. Additionally, our method excels in gener-
ating a diverse range of output images, as indicated by the high diversity score, providing end users with
diverse options.

We also compare our method, TextBoost, with ELITE and BLIP Di�usion in Tab. 2. As shown in
the table, TextBoost achieves comparable or even superior image and text �delity compared to these
encoder-based methods, which typically require extensive pre-training. This highlights a key advantage of
our approach, as it does not require pre-training or subject data, enabling rapid and e�cient �ne-tuning
during test time.

Computational e�ciency. We emphasize the practical advantages of our method, which demands sig-
ni�cantly fewer trainable parameters, as detailed in Tab. 1. In this regard, the fact that our method achieves
performance comparable to existing approaches is a signi�cant advantage. Moreover, personalization intro-
duces storage challenges, as the �ne-tuned model must be saved for each concept. Consequently, the number
of parameters directly correlates with storage requirements, as all parameters related to the �ne-tuned com-
ponents of the T2I model must be stored. While Textual Inversion o�ers notable storage e�ciency due to its
focus on �ne-tuning text embeddings, its limited performance hinders practical application, as evidenced by
the low image �delity and image-text alignment scores shown in the table. The compact size of our model
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Figure 6: Qualitative comparison. We compare images generated by a diverse set of methods, utilizing
various types of text prompts across di�erent subjects. It is important to note that all models were trained
using a single reference image, positioned at the leftmost of each comparison. The results demonstrate that
our TextBoost method can accurately generate images that adhere to the given prompt, maintaining high
subject �delity, even when compared to more computationally intensive methods with a large number of
parameters.

Figure 7: Comprehensive captions. To demonstrate the e�ectiveness of TextBoost in handling detailed
captions, we generate images from long and creative descriptions that vary in attributes, backgrounds, and
styles. Compared to other baseline methods, TextBoost exhibits superior performance in accurately
re�ecting these comprehensive captions, maintaining high subject �delity.

allows it to be seamlessly stored in environments with limited storage capacity, such as the cloud or portable
storage devices.

User study. In real-world scenarios, users need to select the output image that both satis�es (1) subject
�delity and (2) alignment between the text prompt and the generated image. To evaluate existing methods
and understand user preferences, we conducted a large-scale user study. Participants were tasked with se-
lecting the best image from multiple options generated by di�erent methods. We employed diverse subjects
and text prompts sourced from (Ruiz et al., 2023) (templates in Appendix A). To ensure fairness, random
seeds were �xed, and we computed the win-rate between our method and previous works. Through Amazon
Mechanical Turk, 50 participants completed 30 questions each, yielding a total of 1,500 responses. As indi-
cated in Fig. 5, our method showed higher win-rates compared to all of the existing methods, demonstrating
its superior ability to meet user demands for subject �delity and text-image alignment in practical settings.

5.3 Qualitative results

We conducted a qualitative analysis to compare the baseline models with TextBoost, and the results are
presented in Fig. 6 and Fig. 7.
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