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ABSTRACT

The rising popularity of large foundation models has led to a heightened de-
mand for parameter-efficient fine-tuning methods, such as Low-Rank Adap-
tation (LoRA), which offer performance comparable to full model fine-
tuning while requiring only a few additional parameters tailored to the
specific base model. When such base models are deprecated and replaced,
all associated LoRA modules must be retrained, requiring access to either
the original training data or a substantial amount of synthetic data that
mirrors the original distribution. However, the original data is often inac-
cessible due to privacy or licensing issues, and generating synthetic data
may be impractical and insufficiently representative. These factors com-
plicate the fine-tuning process considerably. To address this challenge, we
introduce a new adapter, Cross-Model Low-Rank Adaptation (LoRA-X),
which enables the training-free transfer of LoRA parameters across source
and target models, eliminating the need for original or synthetic training
data. Our approach imposes the adapter to operate within the subspace
of the source base model. This constraint is necessary because our prior
knowledge of the target model is limited to its weights, and the criteria
for ensuring the adapter’s transferability are restricted to the target base
model’s weights and subspace. To facilitate the transfer of LoRA param-
eters of the source model to a target model, we employ the adapter only
in the layers of the target model that exhibit an acceptable level of sub-
space similarity. Our extensive experiments demonstrate the effectiveness
of LoRA-X for text-to-image generation, including Stable Diffusion v1.5
and Stable Diffusion XL.

1 INTRODUCTION

Large foundation models (LFMs) have demonstrated outstanding performance across var-
ious domains, including natural language processing (OpenAl et al., |2023; |Gemini Team
et al.l 2023 |Anthropid}, 2024; |AlQMeta) |2024)) and computer vision (Ho et al., |2020; Rom-
bach et al., [2022)). Due to their remarkable capabilities, fine-tuning LFMs for a wide array
of downstream tasks has become common practice. In the full fine-tuning approach, each
new model tailored to a specific task generally retains the same number of parameters as
the original model. As models increase in size and customization requirements grow, the
need to store such fully fine-tuned checkpoints also rises, leading to substantial storage and
memory costs.

To address this challenge, Parameter-Efficient Fine-Tuning (PEFT) (Xu et al., 2023) meth-
ods, such as Low-Rank Adaptation (LoRA) (Hu et al. 2022), offer a promising solution.
PEFT methods aim to reduce the number of parameters that need to be updated during
fine-tuning, making the process more computationally efficient and less resource-intensive.

LoRA, in particular, addresses this by representing the weight changes in the model using
two low-rank matrices, A and B. Specifically, the weight update is expressed as Wy +

*Corresponding author
fQualcomm AI Research is an initiative of Qualcomm Technologies, Inc.



Published as a conference paper at ICLR 2025

Figure 1. LoRA-X training-free transfer (a) from source SD-v1.5 to targets SD E -v1.0 and
RV-v3.0, (b) from source SDXL to targets SSD-1B and RVXL-v3.0.

W = Wy + BA , where Wy is the original weight matrix, and W is the change applied
during ne-tuning. By decomposing the weight changes into these low-rank matrices, LORA
signi cantly reduces the number of parameters that need to be adjusted, thus making the
ne-tuning process more e cient.

Nevertheless, a consequential limitation of the LoRA approach is its dependency on the
base model. A LoRA adapter ne-tuned for a speci c task is intrinsically tied to its base
model and cannot function independently of it. Moreover, it cannot be directly transferred

to another base model without additional training. This dependency poses a profound
challenge when the base model is deprecated and replaced by a newer version. In such
cases, applications utilizing LORA adapters from the deprecated model must transition their
adapters to the newer base model. This process can be cumbersome, resource-intensive, and,
crucially, infeasible if the original ne-tuning data is no longer available.

This naturally leads us to an important question: Can we design a LORA adapter that can
be transferred between di erent base models without requiring additional training or access to
the original data? A solution addressing this problem allows the longevity of LORA adapters

and eliminates the need for repeated ne-tunings as base models evolve.

In this work, we introduce LoRA-X, a compact adapter that can be transferred between
di erent versions of a base model without the need for ne-tuning with the original data. The
core idea behind LoRA-X is to maintain the adapter within the column-row subspace of the
base model weights. This innovative strategy ensures that the adapter remains compatible
with alternative versions of the base model, simplifying the transition process and enhancing
the adaptability of ne-tuned models.

To the best of our knowledge, LoRA-X is the rst adapter designed for transferability
without additional training. Our main contributions are (See Figure 1):

Concept of LORA-X : We introduce LORA-X, a versatile cross-model adapter
that can be seamlessly transferred across various base models without the need for
additional training. This innovation simpli es the process of adapting models to
new tasks or domains.

Subspace Similarity and Transferrability Metrics : We propose a subspace
similarity metric to identify pairs of modules between source and target base models
that share a common subspace. Additionally, we compute a scalar transferability
cost metric to quantify the di culty of transferring adapters. This metric is de-
rived from the optimal transport solution to pair-wise subspace similarities between
di erent modules of the source and target models.
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Transfer Method : We present a practical yet highly e ective method to transfer
LoRA-X from a source model to a target model. This approach ensures that the tar-
get model inherits the capabilities of the source model, enabling e cient knowledge
transfer and improved performance.

Throughout this paper, we refer to \Source" as the case where the LoRA-X adapter is trained
from scratch on a specic base model (pretrained weights) using a training dataset. Con-
versely, \Target" denotes the case where the LORA-X adapter, transferred from a di erent

base model without any additional training, is applied to a new base model.

2 Related Work

Parameter E cient Finetuning (PEFT) (Xu et al., 2023) has emerged as a pivotal
research area, particularly in transfer learning, where the challenge lies in adapting large
pretrained models to speci c tasks without extensive retraining. The literature on PEFT
includes various strategies, each aiming to modify a minimal number of parameters while
maintaining competitive performance. Several PEFT methods have been introduced, such
as Adapter Modules (Sung et al., 2022), Prompt Tuning (Lester et al., 2021), and popular
Low-Rank Adaptation techniques like LORA (Hu et al., 2022) and VeRA (Kopiczko et al.,
2023). Among these, recent methods such as SVDi (Han et al., 2023), PiSSA (Meng et al.,
2024), SVFT (Lingam et al., 2024) and LoRA-XS (Balazy et al., 2024) ne-tune the singular
values of base model weight matrices. However, SVDi and its follow-up works primarily
aim to reduce the number of parameters during ne-tuning rather than the transferability of
the adapter, which is our main objective. A drawback of existing PEFT techniques is their
lack of transferability across base models. Our approach addresses this challenge, providing
a novel solution for the rst time.

Knowledge Distillation (Hinton, 2015; Gou et al., 2021; Kim & Rush, 2016; Park et al.,
2019; Bui Thi Mai & Lampert, 2019) is a technique where knowledge from a larger, typically
more complex model (teacher) is transferred to a smaller, more e cient model (student).
Variants of knowledge distillation include Self-Distillation (Zhang et al., 2019; 2021; Zhang
& Sabuncu, 2020), where the same model acts as both teacher and student, and Weak-to-
Strong Distillation (Bang et al., 2021; Kaplun et al., 2022; Wang et al., 2022), which can help
the stronger model avoid over tting under certain circumstances. While these approaches
have shown promise in transferring knowledge between models, they still rely on a training
dataset for the distillation process, making them problematic to apply in data-free scenarios.

Adapter Transfer : Both (Wang et al., 2024) and (Ran et al., 2023) aim to transfer adapters
across di erent base models. The primary di erence between (Wang et al., 2024) and our
method lies in their use of synthetic data generated by the source model, along with a
small subset of the original dataset, for the transfer process. (Ran et al., 2023) proposed a
universal mapper capable of transferring adapters from a source di usion model to a target
model. However, this mapper requires training for each target model using a dataset subset
common to both the source and target models. In contrast, we develop an adapter transfer
methodology using a closed-form solution, which eliminates the need for additional training.
Additionally, we introduce adapters that are inherently transferable.

3 Motivation

A LoRA adapter is ne-tuned for a speci c task using a designated base model and dataset,
making it dependent on that model. This dependency becomes problematic if the base model
is updated or if a user wants to use a distilled version, like SDXL to SSD-1B. Additionally,
users might lack access to the original training dataset, complicating transfers. To address
this, we propose LoRA-X, an adapter that can be easily transferred between di erent base
model versions. This approach leverages the strong correlation between layers of di erent
base model versions (Samragh et al., 2023), especially in deeper layers, which signi cantly
impact ne-tuned task performance (Frenkel et al., 2024).
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Figure 2: (a) Source: only ¢ is netuned for a down stream task, Target: for a given

s from a source, rst computes s ; and then reconstruct the weight change using its
own left and right singular matrices. (b) Samples produced by di usion target models SD
E -v1.0 and SSD-1B, utilizing training-free transferred adapters from sources SD-v1.5 and
SDXL, respectively.

LoRA-X is designed to stay within the same subspace as the base model, focusing on am-
plifying or diminishing features relevant to speci ¢ tasks without introducing new feature
extractors. This method enhances exibility and adaptability, ensuring ne-tuned tasks
bene t from base model updates without losing speci ¢ adaptations. Figure2 (b) shows
samples generated using a di usion base model (e.g., SD E -v1.0) with various training-free
transferred style adapters. Unlike Transferred LoRA, the samples generated using Trans-
ferred LoRA-X|transferred from a LORA-X adapter trained on a di erent base model (e.g.,
SD-v1.5) without additional training|successfully capture the BlueFire style.

4 Method

This section is organized as followsLoRA-X : We introduce LORA-X and de ne it based
on the Source base modelMethods for Transferring LORA-X : We then explain how
to transfer LORA-X from the Source to the Target model without additional training.

4.1 LoRA-X

We design LoRA-X based on the following two criteria: First, (Hu et al., 2022) demonstrated
that LoRA can amplify key features for speci ¢ downstream tasks that were learned but not
highlighted in the general pre-training model. Second, we only have access to the target
pre-trained model. Therefore, any similarity measurement between di erent modules of the
source and target models can only be based on their pre-trained model weights and their
corresponding subspace. Building on these crucial insights, we constrain the adapter to
remain within the subspace of the (source) base model. This allows for straightforward
transfer to another (target) base model by projecting it into the target's subspace.

To ensure that the adapter W 2 R™ " remains in the same subspace as the base model
weight Wg 2 R™ ", W should adhere to a specic structure. This typically involves
ensuring that W is aligned with the principal components or directions of Wy. One
common approach is to express W in terms of the singular value decomposition (SVD)
of Wo. If Wo=U V~>,whereU andV are left and right singular matrices, respectively,

and =diag( )and =[ 1;:::; n]is a diagonal matrix of singular values in descending
order!, then W can be structured as:
w=0 Vv (1)

Here, O 2 R™ " and Vv 2 R" " are truncated left and right singular matrices obtained
by zeroing out the n r smallest singular values fromU and V respectively. The matrix

*Note that the SVD computation is performed only once and can be cached.
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=diag([ 1;:::; ¢]) 2 R" " is a diagonal matrix satisfying i+ ; 0;81 i r.
The parameter r represents the rank of W identifying the rank of the adapter. During
ne-tuning task, U and V' are frozen and only learns the change of the singular values

of the pre-trained model.
By projecting W onto W subspace, we have
uu> wvv’>=UU’0 VVV =U V> = W 2

whereUU > WV V > gives the \projection" of W onto the subspace spanned byV . As
shown in equation 2 by projection we get W back, indicating W was already within the
W subspace. Figure 2 (a) illustrates LORA-X training on a source base model, while (b)
shows the transfer of LORA-X into a target model.

Generally, the matrix can be any arbitrary square matrix and does not need to be
diagonal. This exibility allows the adapter to capture a wide range of transformations.
However, if the general pre-trained model has already learned the key features necessary for
speci ¢ downstream tasks, imposing a diagonal constraint on can be su cient. This is
because the diagonal elements can scale the learned features appropriately without needing
to mix them. In cases where the pre-trained model's features are not perfectly aligned with
the downstream task, the adapter must learn a linear combination of these features. This is
achieved by allowing to be a full matrix, enabling the adapter to reweight and combine
the pre-trained features in a more complex manner.

(Han et al., 2023) proposed a similar adapter structure called SVDi, targeting the ne-

tuning of singular values within weight matrices. Our method di ers in two key ways: we
apply truncated SVD, modifying only the r largest singular values, and we apply LoRA-
X only to attention modules, while SVDi applies the adapter to all modules, including

convolutional ones. SVDi aims to minimize the number of parameters adjusted during
ne-tuning, which is bene cial in resource-limited scenarios.

In contrast, our work emphasizes the transferability of the adapter, enhancing adaptability
across di erent base models. By focusing on transferability, we aim to create an adapter
that can be e ectively reused in various LFMs, improving both e ciency and e ectiveness.
This distinction highlights the di erent priorities: SVDi focuses on parameter e ciency,
while our approach emphasizes transferability and adaptability.

4.2 Methods for Transferring LORA-X

Assume a source model with the base model weightVs.o = Us (Vo 2 R™ " and the

LoRA-X weight W4 = Ug S\7“3> 2 R™ " Our goal is to transfer W4 2 R™ " to
. . 0 0 . ..
another target model with the base weightWo = U; (V,” 2 R™ " without training.

4.2.1 Same Dimension

In the case,m = m®and n = n® by projecting the source adapter weight W into the
target pre-trained based weightW, = U; ;V,” we have

Wt s = UtUt> WSVtVt> = UtUt> LTS S\TS> VtVt> = Ut t th> (3)

where t s = U7 Us S\7“5> V, rotates s in a direction that the source and target
have highest subspace similarity. Consequently, s can inuence the target's modules
that have pre-trained weight subspaces highly similar to those in the source model. More-
over, t s is no longer a diagonal matrix unless the source and target subspaces are

perfectly aligned, i.e., U;U> Us = Uty and Vi~ V{V,” = ;.

4.2.2 Different Dimensions

If the dimensions of the source and target base model weights do not match, with either

m 6 m®or n 6 n% we cannot computeU;” Us or \7“5> V; in equation 3. Instead, we need to
nd a subspace of the same dimension that captures the highest correlation. One possible
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solution is to nd a linear transformation that minimizes the Frobenius norm di erence. As-
sumingm 6 m?, the linear transformation can be evaluated asP = argminp kPUs  UkZ.

Consequently, we haveUs = U UZ (UsUZ) Us. Similarly, if n 6 n° an approximate of
right singular matrix is given by Vg = Vs(VS Vs) VS V.

4.2.3 Subspace Similarity

To capture subspace similarity, we useunweighted simiIaIrDity ,
KUZ Ug K2 TN G
- = ; 4)
to measure the subspace similarity between two column orthonormal matrice®tJ, 2 R™ "
and Ug 2 R™ " obtained by taking columns of the left singular matrices of A 2 R™ "
> 2
andB 2 R™ ". Similarly, we use [(A;B)= ( Va;Vg)= % by taking columns of
Va 2 R" "and Vg 2 R" " the right singular matrices of A and B, respectively. Refer to
Appendix C for additional variants of the subspace similarity metric.

1(A;B)= ( Ua;Ug)=

4.2.4 Transferability Metric Across Models

To determine the transferability of adapters across models, we use subspace similarity be-
tween modules of a source and target base model. We propose a transferability metric
to guide training-free transfers between architectures, such as from SDXL to SD1.5. This
involves developing a cost function for transferring adapters between architectures.

Assume that the source model hasS locations for attaching adapters, with weight matrices
W/ fori 2f1;2;::Sg. Similarly, the target model has T locations with weight matrices W}
forj 2f1;2;:::Tg. The cost of transferring adapteri from the source toj in the target is

computed using subspace similarity (W {;W/). This similarity is then used to construct a
cost matrix. The cost matrix is employed to compute an optimal transport map, resulting in
an optimal transport cost, which we refer to as the Adapter Transferability Cost (ATC). The
ATC, normalized between 0 and 1, indicates the cost of transferring adapters, with higher
values representing greater di culty. Details on obtaining the ATC are in Appendix D

5 Experiment

This section describes our experiments evaluating the e ectiveness of LoORA-X, detailing
the setup and presenting our evaluation. We analyze and quantify LoRA-X through text-
to-image generation experiments in Section 5.1 and text-generation experiments in Ap-
pendix E.3.

5.1 Experimental Setup for Text-To-Image Generation

To evaluate the quality of images generated by LoRA-X and its training-free transferred
version, we consider two scenarios. In the rst scenario, \Trained", we train the LORA-X on
a speci ¢ base model (e.g., SD E -v1.0) using a training dataset and generate samples with
this trained LoRA-X. In the second scenario, \Transferred", we transfer a LORA-X trained
on a dierent base model (e.g., SD-v1.5) to the same base model used in the \Trained"
scenario (SD E -v1.0) and generate samples with the transferred LoRA-X.

Datasets: For style transfer, we evaluate LoRA-X trained from scratch on base source
models and training-free transferred LoRA-X using public datasets likeBlueFire, Origami
Styles and Paintings. We follow the setup described in (Borse et al., 2024). Additional
details are in AppendixB.

Models: For text-to-image generation tasks, we employ Stable Diusion v1.5 (SD-
v1.5) (Rombach et al.,, 2022) and Stable Diusion XL (SDXL) (Podell et al., 2024) as
the source models. The target models include Stable Di usion E cient v1.0 (SD E -v1.0)
(see Appendix A for details), Realistic Vision v3.0 (RealVis-v3.0), Segmind Stable Di usion
1B (SSD-1B) (Gupta et al., 2024), and Realistic Vision XL v3.0 (RealVisXL-v3.0).
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