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Abstract

Recent advancements in text-to-image diffusion models have enabled the person-
alization of these models to generate custom images from textual prompts. This
paper presents an efficient LoORA-based personalization approach for on-device
subject-driven generation, where pre-trained diffusion models are fine-tuned with
user-specific data on resource-constrained devices. Our method, termed Hollowed
Net, enhances memory efficiency during fine-tuning by modifying the architecture
of a diffusion U-Net to temporarily remove a fraction of its deep layers, creating a
hollowed structure. This approach directly addresses on-device memory constraints
and substantially reduces GPU memory requirements for training, in contrast to
previous methods that primarily focus on minimizing training steps and reducing
the number of parameters to update. Additionally, the personalized Hollowed Net
can be transferred back into the original U-Net, enabling inference without addi-
tional memory overhead. Quantitative and qualitative analyses demonstrate that our
approach not only reduces training memory to levels as low as those required for
inference but also maintains or improves personalization performance compared to
existing methods.

1 Introduction

Recent research on text-to-image (T21) diffusion models [[1,2]], which generate high-resolution images
from text prompts, has increasingly focused on personalizing and customizing these generative models
effectively [3} 14} 15,16, [7]. A primary approach, termed subject-driven generation [J5], involves fine-
tuning pre-trained diffusion models with a few user-specific images to generate varied representations
of a subject using simple text prompts. This allows users to create personalized images of specific
subjects, such as family, friends, pets, or personal items, with preferred appearances, backgrounds, and
styles. Such capabilities enable creative applications including art renditions, property modifications,
and accessorization.

From a practical standpoint, implementing subject-driven generation on-device offers significant
benefits in efficiency and privacy. By operating independently of congested cloud servers or networks,
users can generate personalized images anywhere at no additional cost and do not need to compromise
their privacy as all data and personal information remain on the device.
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Despite extensive research aimed at efficiently personalizing diffusion models, limited attention
has been paid to memory I/O, a critical bottleneck in on-device learning. Recent studies have
mainly explored two strategies: (1) decreasing the number of training steps and (2) reducing the
number of updating parameters. The first methods [8 (9} 10} [11} [12] utilize additional large pre-
trained models to generate a set of personalized Low-Rank Adaptation (LoRA) parameters [13]], text
embeddings, or image prompts from a user-specific image. This strategy provides a better initial
setup for personalizing the diffusion models, effectively reducing required training steps. Some
models [[10, [11} [12]] even support zero-shot personalization, although they underline that further
fine-tuning can enhance personalization quality and address failure cases. Nonetheless, these methods
are not viable for environments with severely limited computational resources, as they necessitate
additional inference using large pre-trained models (e.g., 2.7B parameters for BLIP-2 in BLIP-
Diffusion [12] and 2.5B for apprentice models in SuTI [[L1]), which are substantially larger than
standard diffusion models (e.g., 1B for Stable Diffusion v2 [2]), making their application challenging
in on-device settings.

The second approach [7,|14]], often involving LoRA, aims to reduce the number of updating parameters
by limiting updates to specific layers or decomposing weight matrices. However, even with fewer
parameters to update, these parameters reside within large pre-trained models, and thus the backward
pass through the large models is required to compute gradients. Given limited computational resources,
where even simple inference tasks with diffusion models can strain GPU memory, performing
backpropagation while keeping the entire diffusion model in GPU memory remains a significant
limitation.

A promising approach to address these challenges is side-tuning [[15 [16} 17} 18], which fine-tunes
a smaller auxiliary network rather than directly updating the parameters of a large pre-trained
network. This method significantly reduces the heavy memory costs associated with computing
backpropagation on the larger network. Particularly for Natural Language Processing (NLP) tasks,
Ladder Side Tuning (LST) [18] has proven effective, reducing the memory costs required for fine-
tuning large language models (LLMs) by 69 percent. However, applying LST directly to diffusion
U-Nets presents significant challenges. Unlike transformer layers in LLMs, which maintain consistent
input and output dimensions, diffusion U-Nets have varying spatial dimensions and channels, as well
as skip-connections across different blocks. Additionally, the requirements for structural pruning and
weight initialization to build side-tuning networks further complicate the rapid adaptability of LST to
personalization tasks across different subjects and domains.

To this end, we introduce a novel personalization technique called Hollowed Net, which is illustrated
in Fig.|1] Based on our observation that deep layers in the middle of diffusion U-Nets play significantly
less important roles than the rest of the layers, we propose to fine-tune LoRA parameters for the
personalization using Hollowed Net, a layer-pruned U-Net featuring a central hollow, which is
constructed by temporarily removing the middle deep layers from the pre-trained diffusion U-Net.
By utilizing the symmetrical "U-shape" architecture of the diffusion U-Net, we avoid complicated
processes of applying structural pruning and weight initialization to build a side network, and neither
additional models nor extensive pre-training with large datasets are required.

By fine-tuning LoRA parameters using Hollowed Net, we can significantly reduce the memory
needed for storing model weights in GPU. Once the LoRA parameters are fine-tuned with Hollowed
Net, they can be seamlessly transferred back to the original Diffusion U-Net for inference, without
requiring any additional memory beyond the small set of transferred parameters. Our experiments
demonstrate that Hollowed Net enables achieving performance that is comparable to or better than
the direct fine-tuning with LoRA, while using 26 percent less GPU memory, which is only 11 percent
increased GPU memory relative to an inference.

To the best of our knowledge, Hollowed Net is the first technique that addresses subject-driven
generation in terms of memory efficiency. Our method shows how T2I diffusion models can be
fine-tuned under extremely limited computational resources with as low GPU memory as required for
inference. Furthermore, it is important to note that our method does not preclude the use of previously
described strategies for efficient personalization. Both enhanced parameter-efficient strategies and
improved initializations with additional pre-trained models can be integrated with our approach to
further increase efficiency according to given resource constraints.

Our contributions can be summarized as follows:



Figure 1: The LoRA personalization with Hollowed Net for resource-constrained environments. The
input image is from the DreamBooth dataset [5].

« We introduceHollowed Net a novel personalization technique for T2I diffusion models
under limited computational resources. Our method signi cantly reduces the memory
demands on GPU to levels as low as those required for inference, while maintaining a
high- delity personalization capacity. This demonstrates its potential as a feasible on-device
learning solution for resource-constrained devices.

» Our method provides a scalable and controllable solution for on-device learning. As this
method does not require any additional models or pre-training with large datasets, it is easily
scalable to other architectures such as SDXL and Transformers. Moreover, we can simply
adjust the fraction of hollowed layers to control the trade-offs between performance and
memory requirements, depending on the target application and resources.

» Unlike previous side-tuning methods, Hollowed Net does not need to be retained for
inference. The LORA parameters ne-tuned with Hollowed Net can be seamlessly transferred
back to its original network, enabling inference with no additional memory cost.

2 Related Works

2.1 Efcient Personalization of T2l Diffusion Models

Recent research on the personalization of T2l diffusion models has introduced various methods
to ne-tune the models for generating diverse images of user-speci ¢ subjects from a few given
images. Two foundational works in this area are Textual Inversion and DreamB&th Textual
Inversion B] aims to learn new text embeddings to represent a given subject, while DreamBpoth [
proposes ne-tuning an entire diffusion model to align the subject with a unique token.

Building on these foundational works, recent research has focused on enhancing the ef ciency of this
personalization process, primarily through two approaches. The rst approach involves decreasing
the number of training steps, mostly by utilizing an additional large pre-trained model. A popular
method is to use a pre-trained image/multi-modal encoder to generate personalized text embeddings



or image prompts from a user-speci ¢ imade 12, 10]. Other recent worksg, 11] propose utilizing

a set of pre-optimized LoRA parameters or millions of ne-tuned expert models to pre-initialize for
ef cient ne-tuning or enable zero-shot generation with in-context learning. While these models
demonstrate signi cant reductions in the number of training steps, the requirement for additional large
pre-trained models limits their application to on-device settings. Moreover, models with zero-shot
personalization capacitiet], 12, 10] cannot be a one-size- ts-all solution for addressing different
types of user-subject prompts. These models often struggle with exibility in editing subjects or
maintaining subject delity, and in these cases, additional ne-tuning with speci ¢ subjects is needed
to further enhance their personalization capacity [11, 12].

On the other hand, another stream of work adapts parameter-ef cient ne-tuning (PEFT) approaches.
These methods demonstrate signi cant reductions in the number of training parameters by limiting
updates to a small subset of model weights in cross-attention lagjeos further reducing the
updating parameters by applying singular vector decomposition to weight mafrieblpwever,

these methods are still limited in environments with extremely low computational resources, as they
require backpropagation over large diffusion models and do not reduce memory usage from the model
weights. Therefore, it is crucial to explore new approaches for personalizing T2I diffusion models in
resource-limited settings, as we propose with our novel method, Hollowed Net. Notably, our method
can be integrated with previously discussed techniques to further improve ef ciency based on speci ¢
resource constraints.

2.2 Fine-Tuning with Side Networks

The idea of of side-tuning has been introduced by Zhang etl§], proposing the training of

a lightweight "side" network instead of directly ne-tuning a pre-trained network for adaptation.
In terms of ef ciency, Cai et al.16] has demonstrated an additional lightweight residual module
can reduce memory overhead associated with the activations of the original network. Similarly,
AuxAdapt [17] has shown that a small auxiliary network can be ne-tuned to adjust the main
network's decisions, enabling ef cient test-time adaptation for video semantic segmentation tasks.

In the context of generative models, LST8] has demonstrated the effectiveness of side networks for
different NLP tasks with LLMs by introducing a small side network that takes intermediate activations

of the main network as input via shortcut connections. However, directly applying LST to diffusion
U-Nets poses challenges due to varying spatial dimensions, channel sizes, and skip-connections across
blocks, unlike the consistent dimensions in transformer layers of LLMs. Furthermore, the structural
pruning and speci ¢ weight initialization required to construct side-tuning networks complicate
LST's adaptability for personalized tasks across a range of subjects and domains.

2.3 Layer Pruning of Large Generative Models

Several concurrent works demonstrate that layer-pruning methods can be applied to generative
models, particularly for NLP tasks. Gromov et dl9] suggest that for ne-tuning LLM models, up

to 40% of deep layers can be removed, while still achieving comparable results. The authors propose
that the optimal block of layers to prune can be selected based on similarity across layers. Similarly,
Kim et al. [20] also propose a depth-pruning approach by evaluating block-level importance.

These approaches differ from ours due to the distinct characteristics of LLMs versus diffusion U-Nets.
The aforementioned approaches involve the complete removal of deep layers for both ne-tuning
and inference, considering that those layers store less critical knowledge. However, our study nds
that the deep layers of diffusion U-Nets may be less involved with personalization but still contain
crucial high-level image features for generating high- delity images. Thus, their removal can lead
to severe performance degradation, even with additional pre-training [21], as shown in Appendix A.
This highlights the importance of our two-stage ne-tuning strategy, which excludes layers during
ne-tuning to reduce memory overhead while preserving the knowledge from these excluded layers
throughout both training and inference stages.

3 Preliminaries

In this section, we describe some preliminaries on T2l diffusion models. First, we discuss the basics
of Stable Diffusion (SD) model and how they can be used for ne-tuning. The SD model is a large



(a) DreamBooth (b) CustomConcept101

Figure 2: Analysis of the LORA weight change before and after personalization, per block of U-Net.

foundational T2l model, pre-trained on large amount of text-image Rirs), where we have
imagex and associated text prompt The SD contains the following components: (a) Autoencoder
consisting of the encoder-decoder pdr D), (b) Text Encoder as CLIE+ (), and (c) Conditional
Diffusion Model as U-Net (). The encodeE( ) processes an imageinto a latent space = E(x),

and the decoder is used to reconstruct the inputimage from laterth thak D (z). The diffusion
process of SD is conducted in the latent space. For a randomly sampled nbis€0; | ) at time
stept, the standard scheduler produces a noisy latent zode (z+  , where { and  are
coef cients controlling the noise schedule. The conditional diffusion modé trained using the
following de-noising objective:

min  Ep; ;¢ [jj (z; L ET (P)ii3l: 1)

After the training is carried out, the conditioned mod€]) is used to predict the noise by using

the conditional embedding+ (P) and time step as input. To personalize diffusion models for
subject-driven generation introduced g}, [the same loss is used except that the data is sampled
from user-speci ¢ subjects such as dog, person, backpack, and etc. For the prompt, a special identi er
S is used and described asSa person”, "aS backpack", etc. For regularizatiorg] introduces

an additional class-speci ¢ prior preservation loss term, written as

min  Ez. ¢ [jj pr (Zto; t;ET(Ppr ))]J%] )

where p, is the ground truth noise for the data generated using the frozen pre-trained diffusion model
with promptsPy,, described more generic as "a person”, "a backpack”, and etc.

The diffusion U-Net can be fully ne-tuned, but it is also possible to ne-tune only a subset of
parameters with LORA13] for better ef ciency. In LoRA, network weight residualsW are
ne-tuned instead of the full weightd/. For the ne-tuning of W, itis further decomposed into
low-rank matricesA andB such that W = AB. SinceA andB are low-rank matrices, the total
number of parameters to optimize ifW is signi cantly smaller than inw .

4 Methodology

In this section, we describe the details of our novel memory-ef cient personalization technique,
Hollowed Net, and its ne-tuning strategy. We begin by identifying less signi cant layers for
personalization from diffusion U-Nets. Based on these observations, we explain how to construct
Hollowed Net from a pre-trained U-Net. Next, we present our ne-tuning and inference processes for
memory-ef cient personalization of T2l diffusion models.

4.1 Analysis of the LORA Weight Changes per Block of U-Net

To achieve the goal of reducing the required memory for ne-tuning a diffusion model, we rst
identify less signi cant layers in the diffusion U-Net for personalization. Similar to Li et2d],[
Kumari et al. /] and Shah et al.g], we analyze the LoRA weight changedV in the ne-tuned
model for each block:



Figure 3: The inference process with personalized LoRA parameters transferred from Hollowed Net
to the original U-Net. The input image is from the DreamBooth dataset [5].
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wherew andw? respectively represent the weights before and after personalizatiom, iarttie
total number of weights in a speci ¢ block. This represents the average weight change per element
i. Figure 2 shows the analysis of the weight chang®¥ before and after personalization for each
block of U-Net: (a) for all subjects from the DreamBooth dataset and (b) for all subjects from
the CustomConcept101 dataset by ne-tuning Stable Diffusion v2.1 diffusion m2pier[1000
steps with a learning rate of 1e-4. The x-axis shows the changes in LORA weights before and after
personalization, while the y-axis of each plot represents the speci ¢ U-Net blocks. For each dataset,
we average the weight changes across subjects and provide error bars to indicate the statistical
variance within each dataset.

From the gures, we observe that the average weight changes tend to be close to zero around the cen-
tral blocks and become increasing for the layers farther fronmtigke block. This demonstrates that

the blocks around the center are less involved in the personalization compared to those at the begin-
ning and end of the U-Net (e.glpown_blocks.0, down_blocks:1, up_blocks2, andup_blocks:3).

We leverage this characteristic for designing Hollowed Net.

4.2 Hollowed Net

Based on the aforementioned observations, we propose ne-tuning a layer-pruned U-Net, which
we refer to as Hollowed Net, instead of directly ne-tuning the entire diffusion model. The core
concept of Hollowed Net involves removing deep layers that are not vital for personalization from
a pre-trained diffusion U-Net. This strategy decreases the need to store the entire model in GPU
memory, thereby reducing the memory cost associated with the model's weights.

However, unlike transformer layers in large language models, where input and output maintain
the same data structure, the alterations in spatial and channel dimensions in U-Net architectures
complicate the removal of its deep layers in the middle. To address this, we utilize the symmetrical
"U-shape" architecture of the diffusion U-Net, where each down-block layer's output is concatenated
with a corresponding up-block layer's input via a skip-connection. This design permits us to select any
up-block layer skip-connected to a down-block layer and hollow out the middle layers between the
pair, ensuring that the processed information from the remaining down-blocks can still be transferred
to the remaining up-blocks without the need for additional projection layers to adjust for dimensional
differences. The missing input for the upper layer, due to the removal of the middle layers, is replaced
with the pre-computed output from the full diffusion U-Net, which is illustrated in the next section.

4.3 LoRA Personalization with Hollowed Net

To optimize GPU memory utilization, we propose a two-stage ne-tuning strategy: (1) pre-computing
intermediate activations of the original diffusion U-Net and (2) ne-tuning the Hollowed Net using the
pre-computed activations, as shown in the upper and bottom half of Fig. 1, respectively. Initially, we



Table 1: The quantitative comparisons of ne-tuning methods with three evaluation metrics. The
number of parameters are the ones held in GPU memory during ne-tuning stage. The results are
obtained by averaging over four runs with different seeds (standard deviation is added in a small-sized
text).

Method # of Parameters Training Memory DreamBooth CustomConcept101
Base LORA Peak Comp. w/ Inf. DINO CLIP-I CLIP-T DINO CLIP-I CLIP-T
0.663 0.802 0.302 0.605 0.773 0.302
Full FT 866M . 16.62GB +376% 0:013 0:007 0:002 0:005 0:006 0:002
LoRAFT 0.658 0.806 0.299 0.603 0.773 0.302
(r=128) 866M  27M 5.23GB +50% 0:001 0:005 0:002 0:008 0:005 0:002
LoRA FT 0.516 0.738 0.314 0.522 0.737 0.305
(r=1) 866M 207K 4.84GB +39% 0:011 0:003 0:001 0:008 0:005 0:001
Hollowed Net 0.660 0.805 0.300 0.603 0.773 0.302
(Ours) 527M  24M 3.88GB +11% 0:011 0:006 0:001 0:007 0:005 0:002
Table 2: Human evaluation results Table 3: Computational loads (FLOPS)
Method Subject Fidelity —Text Fidelity Method Pre-computing  Fine-tuning Inference
Hollowed Net 31.2% 18.1% Hollowed Net 0.238T 2.004T 0.920T
Tie 49.3% 69.4% LORAFT - 2.148T 0.716T
LoRAFT 19.5% 12.5%

conduct a forward pass with a pre-trained diffusion model for the speci ed humber of pre-computing
steps. During each step, given input images and sampled noise, we calculate and store intermediate
activations in the data storage, which serve as inputs for the upper-block layer of the Hollowed Net.
We also store the sampled noises, time steps, and the IDs when there are multiple user images.

Once the data from the pre-trained model is pre-computed, we ne-tune the Hollowed Net by loading
data from data storage, thereby avoiding the need to keep the original model in GPU memory. To
further improve ef ciency, we apply LoRA ne-tuning for the Hollowed Net instead of updating
entire parameters. The reduced number of parameters of the Hollowed Net decreases the required
GPU memory, satisfying the device's low memory I/O threshold and computational load during
backpropagation.

Additionally, our inference process ensures that both the original diffusion model and Hollowed Net
are not simultaneously maintained on GPU. Unlike side-tuning netwaB4 ¥, 18] that differ in
architecture and parameters from their original models, Hollowed Net maintains the same architectures
and parameters as the original diffusion U-Net, except for the removed middle layers. Thus, the LORA
parameters ne-tuned on Hollowed Net can be seamlessly transferred to the corresponding layers in
the original U-Net. As depicted in Fig. 3, there are two inference paths, respectively corresponds to
each stage of ne-tuning. The rst path (green line) represents the process of computing intermediate
activations without using LoRA, aligning with the pre-computing stage. The second path (red line)
involves using personalized LoRA parameters, which matches the application of these parameters
for generating personalized images during the ne-tuning stage. By sequentially executing these
paths, we enable personalized generation using the transferred LORA parameters without requiring
additional memory beyond the small set of LORA parameters.

5 Experiments

5.1 Experimental Settings

We conduct experiments following the protocol proposed in DreamB&ptie use a total of 131
subjects for experiments, utilizing both the DreamBo&jrajnd CustomConcept10Z][datasets. The
DreamBooth dataset includes 30 image sets from 15 different classes, each containing 4-6 images of
a given subject. The subjects are divided into living subjects and objects, and 25 different prompts are
assigned based on this division. Meanwhile, the CustomConceptl101 dataset includes 101 image sets,
each containing 3-15 images of a given subject. The subjects consist of 15 different large categories,
with 20 unique prompts assigned to each category. For evaluation, four images with different xed
random seeds are generated per subject per prompt for both datasets.



Figure 4: Qualitative generation results of Hollowed Net with different subjects and prompts. The
upper half are the examples from the DreamBooth datékedrid the lower half are the examples
from the CustomConcept101 dataset [7].

We adopt the three evaluation metrics frosjt DINO and CLIP-I for subject delity and CLIP-T

for prompt delity. DINO and CLIP-I are the average pairwise cosine similarities between feature
embeddings of the real and generated images, using DINO ViT-S/16 and CLIP ViT-B/32, respectively.
As DINO is more sensitive to differences between subjects of the same class due to its training on
instance discrimination, the DINO score is considered the preferred metric for measuring subject
delity. The CLIP-T score is the average cosine similarity between text prompt embeddings and image
CLIP embeddings. We use the Stable Diffusion v2.1 diffusion mdgleHollowing DreamBooth§],

we use a prior preservation loss witl1000 pre-generated class samples. LoR3| [s applied for

the cross and self-attention layers and ne-tuned f&000 steps. We use AdamW optimizer with

the learning rate of 1e-5 for full- netuning and le-4 for the others. Assuming a resource-constrained
environment, we use a batch size of 1 and do not update the pre-trained text encoder, while text
embeddings are pre-computed before ne-tuning.

5.2 Results

In this section, we present the results of our proposed Hollowed Net to evaluate its effectiveness
in terms of both memory ef ciency and personalization performance. We conduct experiments
with Hollowed Net, applying a hollowed fraction of 39.2%. Architectural details are provided in
Appendix B. Ablation studies on different fractions of hollowed layers can be found in Sec. 5.3. In
the main results, the rank of Hollowed Net is xed1@8 Experimental results on different ranks are
presented in Appendix C.
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