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Abstract

Large-scale text-to-image models evolve rapidly in size
and architecture. The existing adapters struggle to keep
pace with these models, requiring extensive retraining. This
paper proposes a novel adapter transfer framework, A4A
(Adapter for Adapter), which uses an all-for-all mapping
approach to seamlessly transfer attention-based adapters
across different model architectures (e.g., U-Net to trans-
former). The framework consists of Coupling Space Pro-
jection and Upgraded Space Mapping. During Coupling
Space Projection, all attention features of the pretrained
adapter are aggregated to fully capture the coupling rela-
tionship before being projected into a unified space. The
unified space maintains coupling features in a consistent di-
mension, effectively and efficiently addressing feature scale
discrepancies arising from the base model’s architecture.
In the Upgraded Space Mapping Module, randomly initial-
ized learnable features are introduced to connect the unified
and upgraded spaces by integrating reference features via
the attention mechanism. The learned features are adap-
tively injected into the upgrade model through the Align-
ment module, which bridges the discrepancies between the
models using the all-for-all mapping. Experimental results
on personalized image generation tasks demonstrate that
A4A outperforms previous methods in transferring adapters
while being the first to achieve adapter transfer across
model architectures.

1. Introduction

Recent advancements in large-scale text-to-image diffusion
models [5, 11, 23, 26] have significantly improved their
ability to generate high-quality, realistic images based on
user-friendly textual prompts. Building on these generative
capabilities, numerous adapters have been developed upon
these pretrained models to further endow them with new
control conditions, such as pose and human identity control,

*Zhendong Mao is the corresponding author.

thereby fostering the growth of downstream real-world ap-
plications like personalized image creation. As pretrained
models rapidly evolve, with increasing parameters (e.g.,
from SD1.5’s 860M to SDXL’s 2600M) and developing ar-
chitectures (e.g., from the convolution U-Net [27] to the
transformer [22]), the original adapters built on base mod-
els require substantial resources for retraining and signifi-
cant effort for redesign to accommodate upgraded models.
This leads to a lag in adapter development compared to the
progression of upgraded models '. Therefore, the adapter
transfer task, i.e., effectively and efficiently transferring ex-
isting adapters from base models to upgraded models to
leverage the strong control capabilities of the original well-
developed adapters and the superior generative abilities of
the upgraded models, has become an increasingly important
and urgent requirement in both academia and industry.

Given the substantial potential benefits of adapter trans-
fer, several prior studies have been conducted in this field.
For instance, Ctrl-Adapter [19] has been proposed to trans-
fer the ControlNet [41] architecture by fusing the output of
the zero-convolution from the pretrained ControlNet into
the corresponding layer in the upgraded model. Concur-
rently, X-Adapter [25] has been explored for mapping the
latent from the base model’s decoder block and adding them
to the corresponding location within the upgraded model’s
decoder. In summary, existing adapter transfer methods pri-
marily focus on addition-based adapters (i.e., the control
conditions are injected into the pretrained models by simple
addition, typically, ControlNet), through a layer-by-layer
mapping, i.e., the output of each layer in the base model’s
adapters are mapped to the semantically equivalent layer in
the upgraded model.

However, in this study, we argue that the existing layer-
by-layer mapping fails to fully exploit the coupling between
original adapters and base models to effectively bridge the

UIn this study, we define “base models” as the original pretrained text-
to-image models with well-developed adapters (e.g., SD1.5), and “up-
graded models” as those pretrained models that require adapter transfer
(e.g., SDXL). Upgraded models typically have more parameters and ad-
vanced architectural designs compared to the base models.

18476



discrepancies between base models and upgraded models.
Here, coupling refers to the already well-trained compati-
bility between the original adapters and base models, while
differences refer to the architectural discrepancies between
base models and upgraded models. The reason behind this
is that the original adapters and base models function as
an integrated whole, and the layer-by-layer mapping dis-
rupts this holistic consistency by isolating the output of
each layer. Consequently, during the subsequent mapping
to the upgraded models, this overall consistency cannot be
effectively utilized. As a result, existing adapter transfer
methods suffer from limited transfer scopes. On the one
hand, they can only transfer addition-based adapters (typ-
ically, ControlNet) but fail to generalize to the attention-
based adapters, which are more widely used. This is tech-
nically more challenging because attention-based adapters
(i.e. the control conditions are injected into pretrained mod-
els by attention mechanisms) involve more complex interac-
tions and dependencies across different layers of the model.
On the other hand, these methods are limited to transferring
between similar pretrained model architectures (e.g., from a
U-Net model to another U-Net model) but fail when trans-
ferring from a U-Net model to a transformer model. This
limitation is particularly critical, as the latest state-of-the-
art pretrained text-to-image models [ 1, 6] are predominantly
transformer-based, while the current most mature adapters
remain developed on the U-Net architecture.

To address this challenge, we propose a novel adapter
transfer framework, A4A (Adapter for Adapter), which uti-
lizes an innovative all-for-all mapping approach to seam-
lessly transfer the intrinsic coupling between all layers of
the original adapters and base models to all layers of the
upgraded models, thereby enabling the transfer of more dif-
ficult and widely used attention-based adapters and facili-
tating cross-architecture model transfers. Specifically, A4A
achieves all-for-all mapping through the Coupling Space
Projection and Upgraded Space Mapping. In the Coupling
Space Projection phase, all attention features of the pre-
trained adapter are collected, capturing the complete cou-
pling relationship between the adapter and the base model,
and then projected into a unified space. The coupling rela-
tionship treats the features of all layers of the adapter as a
unified whole, conveying a continuous representation of the
new control conditions throughout the generation process,
distinguishing it from isolated layer mappings. Upgraded
space refers to the coupled feature space that corresponds
to the upgraded model, where we randomly initialize learn-
able attention features to transfer the coupling relationship
from the base model to the upgraded model. By integrating
the reference features through the attention mechanism and
aligning them with the upgraded architecture, the learnable
features bridge the discrepancies between the models.

The contributions of this work are as follows:

1. To alleviate the limited transfer scopes, we introduce
a novel all-for-all mapping approach that enables the
transfer of attention-based adapters and facilitates cross-
architecture model transfers.

2. A4A projects the adapter’s complete features into the
unified coupling space and bridges it with the upgraded
space by fusing these features with randomly initialized
learnable features through the attention mechanism.

3. Experiments in various types of personalized image cre-
ation demonstrate that A4A is an effective attention-
based adapter transfer approach for cross-architecture
models, achieving better performance than the pre-
trained adapter from the upgraded model with minimal
training costs.

2. Related work
2.1. Latent Diffusion Models

Recent diffusion-based text-to-image models [11, 23, 26,
29] have received wide acclaim for their outstanding image
fidelity and diversity. Ho et al. [11] introduce the denois-
ing diffusion process into generation models in the seminal
work DDPM. Diffusion models learn the generation process
through iterative denoising steps. Latent Diffusion Model
(LDM) [26] proposed to perform the diffusion process in
the latent space of a Variational Autoencoder [31]. Un-
der the LDM architecture, two primary backbone models
are employed: the convolutional U-Net [27] and the trans-
former [22]. While these models share a similar genera-
tion process, there are significant differences between the
two models. The most notable example of U-Net models is
the StableDiffusion [23, 26] series, excluding SDv3.0 [6],
which consists of the symmetric encoder and decoder. The
encoder is composed of multiple blocks of diverse dimen-
sions, interconnected by down-sampling layers. Each block
incorporates several attention layers [32] to fuse latents and
conditions. Another series of models [4, 6, 9, 28] adopts
DiT blocks [22] for denoising. The transformer model has
been widely used in recent video generation tasks [20],
where it has achieved state-of-the-art results. After patchi-
fication, the resulting features are progressively processed
through a series of DiT blocks. In the DiT blocks, the
features are scaled and shifted using AdaLLN, maintaining
the same dimension, which distinguishes them from U-Net-
based models. Transformer-based models, with their flex-
ible structure and impressive generative capabilities, have
garnered significant attention due to their great potential.

2.2. Adapters for Text-to-Image Diffusion Models

Given the inefficiencies of fine-tuning large pretrained mod-
els, an alternative strategy is to utilize adapters, which intro-
duce a limited number of trainable parameters while keep-
ing the pretrained model frozen. Due to their flexibility and
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greater efficiency compared to fine-tuning, adapters have
gained significant interest. By designing conditional mod-
ules, an adapter can introduce new control conditions, such
as personalized characters, objects, layouts, and style infor-
mation, to a pretrained text-to-image model. Downstream
tasks for these adapters include personalized character gen-
eration (ID customization) [7, 34, 40, 42, 44], personal-
ized object generation (IP customization) [2, 7, 13, 21, 30,
36, 37, 40, 42], attribute and layout control [3, 16, 18, 35,
38, 43], and stylization [10, 39]. As discussed in Sec. 1,
these adapters can be categorized into two main types:
attention-based and addition-based. In the addition-based
adapter (typically, ControlNet [41]), the encoded new con-
ditions are directly added to the output of the sub-blocks
of the generation model. In contrast, the attention-based
adapter processes the encoded conditions through attention
layers, modifying the original attention values based on
both the new conditions and the text prompts. Attention-
based adapters [7, 10, 30, 34, 3640, 42—44] have received
widespread attention due to their efficient and precise con-
dition control capabilities, dominating the field of adapters.

2.3. Adapter Transferring

The rapid evolution and diverse architectures of text-to-
image generation models place constraints on transfer-
ring the aforementioned adapters. Consequently, to ac-
commodate new models, adapters often require retraining
from scratch on these pretrained diffusion models. X-
Adapter [25] designates models equipped with the well-
trained adapter as base models, with the upgraded version
referred to as the upgraded model. It establishes manual
connections between decoder blocks of the same dimen-
sions in both the base and upgraded models. Specifically,
the decoder of SD1.5 and SDXL consists of blocks with di-
mensions 1280, 640, and 320. X-Adapter [25] maps the out-
put of the base model’s blocks to the corresponding blocks
of identical dimensions in the upgraded model. As a re-
sult, X-Adapter is specifically suited for SD-series models
and faces challenges when transferring to transformer-based
models [4, 6, 9, 22, 28]. Ctrl-Adapter [19] aims to transfer
the addition-based adapter, ControlNet [41], for video gen-
eration models or upgraded image generation models. It
connects the output of the zero-convolutional layers of both
models through mappers to transfer the ControlNet.

3. Method

We propose a novel framework for transferring well-trained
adapters from the base model to the upgraded model with
architectural discrepancies, specifically U-Net model and
transformer model. For the sake of brevity, we define PTA
as the Pre-Trained Adapter. Specifically, pretrained refers
to the version that has been officially published. Addition-
ally, we denote My, . and M,,), as the previously mentioned

base model and upgraded model. A4A first projects the ex-
tracted attention features into the unified coupling to main-
tain the coupling relationship between PTAs and Mpgse.
Then, the coupling space is mapped to the upgraded space,
where learnable features integrate the reference coupling
features with attention layers. These learned features are
then adaptively aligned with M,,, through the Alignment
component.

3.1. Preliminaries

Before presenting our method, we introduce the diffusion
model with various backbones. The Latent Diffusion Model
(LDM), which perform noise addition and denoising in the
latent space z of the VAE encoder, is the most prominent
open-source community for text-to-image generation. The
objective of training LDMs is:

Hgn Lrom =E, cono,n.elle = €o(ze, t, Ev(ye))|[3, (D)

where ¢ is uniformly sampled from the time steps
{1,---,T}, y: denotes the conditional text prompt, and F;
represents the text encoder. The parameterized denoising
network denoted as €y, may take the form of either a U-Net
model or a transformer model. The U-Net architecture con-
sists of blocks with varying dimensions. Each U-Net block
includes down-sampling or up-sampling layers along with
attention layers. The transformer model primarily consists
of multiple DiT blocks grounded on the transformer archi-
tecture. Since our method aims to transfer the widely used
attention-based adapters, we define the cross-attention pro-
cess and its associated signals as follows:

qg=Wi%4, k=W'. ¢, and v=W"-¢c (2
where 2 denotes the latents of the image, and c signifies the
embeddings of the condition, such as the text prompt in the
original model. Additionally, W represents the weights for
attention projection. Attention is conducted as follows:
q- kT)

v
Vd

where d represents the dimensions of k and v. Through

cross-attention, the image latents and condition embeddings
are comprehensively integrated.

Attention(g, k, v) = Softmax(

3)

3.2. Coupling Space Projection

Condition Encoder of PTA. For new control conditions ,,
beyond the original text prompt, adapters typically incorpo-
rate a condition encoder as illustrated in Fig. 1. We denote
FE,, to distinguish it from the original text encoder E} of the
pretrained large-scale T2I models:

c,=E, (yn)> 4
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Figure 1. The illustration of the Adapter for Adapter (A4A) framework. Both the base model and the upgraded model are kept frozen.
(a) Coupling Space Projection: The pretrained Adapter, consisting of the condition encoder and attention layers (highlighted in pink), is
loaded. The adapter features k; and v; are projected into a unified coupling space, reshaping them as K and V. (b) Upgraded Space
Mapping: Randomly initialized learnable upgraded features, /& and V, are concatenated with K and V as references. The learning process
of K and V bridges the discrepancy between the base model and the upgraded model. These features are then aligned with the original

cross-attention layers of the upgraded model through Alignment, which can be a U-Net or Transformer model. Best viewed in color.

where ¢,, denotes the new condition embeddings. Taking
IP-Adapter [40] as an example, the Image Encoder exter-
nal to the original generation model serves as the condition
encoder. And we directly integrate the pretrained condition
encoder E,, from the adapter to efficiently transfer the well-
trained adapter to the upgraded model.

Attention Layers of PTA. As illustrated in Fig. 1, the en-
coded new condition embeddings c¢,, are processed through
the attention mechanism coupling with the base model. We
explicitly depict the attention layers associated with the pre-
trained adapter in the figure, denoting the weights of the ¢-th
attention layer of the adapter as W 4 ;, distinguishing them
from the original attention weights W in the base model.
Subscript 4 represents the adapter, and ; represents the ¢-th
adapter attention layer. For instance, the fine-tuned cross-
attention layers in the Decoupled Cross-Attention module
of IP-Adapter [40] exemplify this. ¢, are sequentially fed
into the aforementioned adapter’s attention layers W 4 ;:

ki=W1 (c,), kieRN*% ©)

v =W (), wv;€ RV (6)

where d; is the dimension of the feature, and N denotes the
number of tokens for feature k; and v;. To extract the at-
tention features from c,,, we employ the attention layers of
the adapter rather than utilizing the entire base model.

Projection onto the Coupling Space. The features ob-
tained from multiple layers form a sequence of length [,
[k1, k2, k] and [vy,va, - ,v;], where [ represents
the number of attention layers of PTA. The dimensions d;
of the features vary, as shown in Fig. 1. To achieve the all-
for-all mapping for the attention-based adapter from Mp, e
to M,,, the features of all cross-attention layers need to be

projected into a unified coupling space S, which is defined
by the smallest common multiple ds.,, of all dimensions
dii

K = Proj([ky1, ks, - , ki]), K € R>Nxdsem — (7)

V = Proj([v1,va,--- ,vy]), V € RPN*dsem (g

The projection module consists of several linear layers de-
signed to map dimensions d; to ds.n,. After the sequences
are projected to S.,, they are reshaped into matrices K,
and V. Mapping to S., defined by d.p, strikes the best
balance between efficiency and effectiveness. Sec. 7.3 in
the supplementary material demonstrates this through ex-
periments. It reduces computational complexity by aligning
features to a common dimension, avoiding the overhead of
larger spaces. At the same time, it maintains sufficient rep-
resentational capacity, preventing the loss of important in-
formation, which can happen with smaller spaces. This en-
sures effective feature alignment without excessive resource
usage, making it an optimal choice for both computational
efficiency and model performance.

3.3. Upgraded Space Mapping

Similarly, we define the number of the cross-attention lay-
ers in the upgraded model as [, and the space for upgraded
models as Sy,. To transfer the unified adapter features to
the upgraded space, inspired by BLIP-2 [17], we randomly
initialize two learnable parameters K € RN *dscm and
V € RIXNxdsem  Given that the attention layer is effec-
tive for integrating features, we adopt this architecture to
learn the aforementioned parameters. Consider the learning
of K as an example. To enhance the robustness, we first
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normalize K and K using layer normalization. And then,
the following operation is performed:

K = FFN[W°“. Attention( K W*

I C)
[KvK]W%[KvK]WS)]'

where [ K, K] denotes the concatenation of K and K along
dimension IN. The projection weights W’f, W’g , W§ €
Résem*din map K and K, respectively, to the intermedi-
ate space with dimension d;,,. Following the processing of
features using the Attention as described in Eq. (3), they
are subsequently transformed back to the original space via
the W°“*. The Feed Forward Network (FEN) is composed
of layers arranged sequentially, including layer normaliza-
tion, linear transformations, GELU activation, and addi-
tional linear layers. The aforementioned process of Eq. (9)
is iterated R times, with R serving as a hyperparameter. The
learning process of V is similar to K:

V = FEN[W°“". Attention(VW?,

_ v _ v (10)
[V7 V}W27 [Va V]WB)]

We clarify that two distinct modules with an identical struc-
ture are responsible for learning K and V, respectively.
Throughout this process, the learnable features KandV
are seamlessly integrated with the adapter features K and
V of the PTA, effectively bridging the unified coupling
space to the upgraded space.

Alignment with the Upgraded Model. The learned fea-
tures in the upgraded space should be aligned with the at-
tention layers of M,,, to fully leverage the adapter’s capa-
bilities. Specifically, we first fetch the dimensions d; of the
cross-attention layers within the original upgraded model.
Then, we employ the linear layer to align the i-th row of the
matrix K to d; dimensions through Alignment, which we
denote as k;:

k1, k] = Align(K). (11)

Similarly, the identical operation is applied to the V' matrix
in order to derive the vector U;:

[01,- -, 07 = Align(V). (12)

For the i-th cross-attention layer, let g;”, k;”, and v;” be
the original features. The extracted features, I_ci and v,;, are
combined through linear weighting and summation with the
prior values of the upgraded model using Attention Eq. (3):

Z = Attention(q;?, k;",v{?)+

_ 13
Attention(q;"?, ki, v;). 42

The result of Eq. (13), Z, serves as the output for the i-th
cross-attention layer and will be forwarded to the next layer
of the upgraded model. The parameter A serves as a bal-
ancing factor, fixed at 1.0 during training and subsequently
adjusted for downstream tasks during inference.

3.4. Optimization Loss Function

To optimize the A4A framework, we employ the loss func-
tion L, pys of the upgraded model M, as defined in Equa-
tion Eq. (1):

Lrpym =E. cono,n),ell€ — €5 (21,1, APz, (14)

The condition ¢“? includes the original text prompt y; and
new control conditions y,,. The upgraded model €,” ac-
quires new control conditions and capabilities by injecting
learned adapter features.

The base model and upgraded model remain frozen. The
loss function is exclusively used to update the A4A module,
which consists of the network with learnable features and
the PTA for fine-tuning. To optimize model training, given
the varying numbers of parameters in each trainable mod-
ule, we adopt an asynchronous training strategy. Specif-
ically, for training the projection in S, and alignment in
Sup» a learning rate of 1 x 107° is employed to avoid over-
fitting, while a learning rate of 1 x 10~% is applied to the
other components. If the pretrained adapter is fine-tuned, a
smaller learning rate of 1 x 10~ is used to effectively retain
PTA’s conditional encoding capabilities.

4. Experiments

4.1. Experimental Settings

Datasets. In our study, we utilize the CelebAMask-HQ
dataset [15], which consists of approximately 20,000 high-
quality facial images, each with a resolution of 1024 x 1024
pixels, and the Openlmages dataset [14], which offers a di-
verse collection of images featuring a wide range of clearly
identifiable objects. We employ the BLIP-2 model [17] to
generate captions for the aforementioned datasets, which
serve as text prompts paired with the images. For validation,
we randomly select 100 images from CelebAMask-HQ, en-
suring they are distinct from those in the training set, and
generate four images for each reference image.

Implementation Details. We implement A4A using
SD1.5 [26] as the base model, and SDXL [23] and Pixart-
Alpha (XL) [4] as the upgraded models. Both SDXL and
Pixart-Alpha are significantly larger text-to-image models
compared to SD1.5, and we use them as upgraded models
for the U-Net and transformer architectures, respectively.
In this paper, we utilize the IP-Adapter [40] as our pre-
trained adapter. The IP-Adapter series has recently demon-
strated remarkable capabilities, garnering significant inter-
est for its ability to enhance personalization in generative
models. Its performance across a variety of tasks highlights
its increasing potential to advance text-to-image generation.
Due to variations in GPU types across compared methods
and the absence of comprehensive GPU hour reports, we
use Sample Count (SC), which represents the number of
samples processed up to a specific time point, as a metric
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Text Prompt
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on the beach
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Blue hair
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MAHITS /1
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Figure 2. The visualization of personalized human generation using SDXL with U-Net architecture as the upgraded model. A4A(ours)
compares with the previous work X-Adapter and pretrained adapter from the upgraded model (PTA-UM).
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A watercolor painting|
of a wooden pot on a
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A cat in a superhero
costume climbing a
tree

A cat wearing a
raincoat walking in
the rain
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Hawaiian shirt
relaxing in a

A yellow rubber duck|
on a mountaintop

A bunny driving a
colorful toy car in an
anime-style garden
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on a traditional
wooden table with
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with a ball of yarn
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hat in a doctor’s coat
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Reference
Image
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Figure 3. The visualization of personalized object generation using SDXL with U-Net architecture as the upgraded model. A4A(ours)
compares with the previous work X-Adapter and pretrained adapter from the upgraded model (PTA-UM).

for evaluating training costs and efficiency. For example,
the officially published PTA has an SC of 64M (i.e., the
PTA is trained with 8§ V100 GPUs for 1M steps with a batch
size of 8 per GPU). The terms in the following charts are
defined as: (1) A4A (ours): transferring the PTA from the
base model to the upgraded model using our method A4A;
(2) X-Adapter: transferring the PTA using the published X-
Adapter [25] checkpoint; (3) PTA-UM: the officially pub-
lished pretrained adapter from the upgraded model.

Evaluation Metrics. To verify the effectiveness and effi-

ciency of our method, we evaluate A4A on two tasks: per-
sonalized human generation (ID customization) and person-
alized object generation (IP customization). For ID cus-
tomization, we utilize IDentity Alignment scores (IDA) to
measure the similarity between generated and reference fa-
cial features, alongside the OMG method [12]. Specifically,
we employ the Antelopev2 model from the InsightFace li-
brary [8] to detect faces and extract facial embeddings from
both reference and generated images. For IP customiza-
tion, we extract image embeddings using pretrained CLIP
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A4A(ours)

Photo of a man/woman standing in a garden, dressed in casual
clothing, dressed in casual clothing

Text Prompt

IP-Adapter*

Photo of a man/woman standing in a garden, dressed in casual
clothing, dressed in casual clothing

Figure 4. The visualization of transferring the IP-Adapter from SD1.5 (U-Net architecture) to Pixart-Alpha (Transformer architecture).
The middle line, framed in orange, serves as the reference for comparison. The left side shows the A4A effect, which closely resembles
the reference, while the right side (IP-Adapter*) displays the results of training IP-Adapter from scratch.

model [24] and report the embedding similarity between
generated and reference images, referred to as the CLIP-
score. In the graph, we use the previously defined SC as the
horizontal axis to represent the training process.

4.2. Transferring to the U-Net model

We use SDXL as the upgraded model and compare our
results with the officially published PTA-UM [40] (repre-
sented by the green star in Fig. 5). To facilitate compari-
son, we extend a horizontal line from this point to represent
the performance of PTA-UM, rather than the actual train-
ing curve. As illustrated in Fig. 5, transferring the PTA
using A4A achieves an IDA comparable to that of the PTA-
UM at approximately SC 0.5M”. Furthermore, as shown in
Fig. 2, the lines “A4A (ours)” and “PTA-UM” demonstrate
that A4A not only preserves the intellectual property of the
characters but also maintains the editing capabilities of the
upgraded model with minimal training cost.

For personalized object generation (IP customization), as
shown in Fig. 6, transferring the PTA using A4A achieves
a CLIP-score comparable to that of PTA-UM at approxi-
mately 2.5M SC, compared to 64M SC for PTA-UM. As
illustrated in Fig. 3, the lines labeled “A4A (ours)” and
“PTA-UM” demonstrate that control ability, as guided by
the text prompt, is also preserved. When the attention-based
adapter is transferred to the upgraded U-Net model, A4A ef-

2 A4A is trained on 2 A100 GPUs with a batch size of 4 per GPU.

Transferring to SDXL

0.50
[ e i e T = B o o e B “he-=
0.40

9 0.354
0.30

—e— A4A(ours)
- PTA-UM

0.25 1

0.20 1

01 02 03 04 05 06 07 08 09 10 64
Sample Count(M)

Figure 5. The graph shows the IDA of ID preservation when trans-

ferring to SDXL, compared to the pretrained adapter from SDXL
(PTA-UM). The horizontal axis is in units of M.

Transferring to SDXL

CLIP-score

—o— A4A(ours)
4~ PTA-UM

05 1 15 2 25 3 35 64
Sample Count(M)

Figure 6. The graph shows the CLIP-score of personalized object
generation when transferring to SDXL, compared to PTA-UM.
The horizontal axis is in units of M.

fectively retains and transfers the adapter’s capabilities with
minimal training cost. The data of the quantitative indica-
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tors corresponding to the line chart are shown in Tab. 1.

4.3. Transferring to Transformer model

We use Pixart-Alpha [4] with the transformer architecture
as the upgraded model. Given the absence of a correspond-
ing published version of the IP-Adapter for Pixart-Alpha,
we train it from scratch using the CelebAMask-HQ dataset
as our baseline, represented by the orange line labeled “IP-
Adapter*” in Fig. 7 and Fig. 4. As illustrated in Fig. 7, em-
ploying A4A to transfer pretrained adapters to transformer
models offers a significant advantage over training adapters
directly on the transformer models. It is worth noting that
our work is the first to transfer the adapter from the U-Net
model to the transformer model, achieving strong results.
Fig. 4 presents a visualization comparing our method with
training the IP-Adapter from scratch, both at 30k steps with
a batch size of 8. The images generated by A4A show sig-
nificant facial similarity to the reference image, while the
image on the right does not yield comparable results.

Transferring to Pixart-Alpha

—8— A4A(ours)
IP-Adapter*

150
Sample Count(K)

50 100

Figure 7. The IDA of transferring the pretrained IP-Adapter from
SD1.5 to Pixart-Alpha using A4A (red line with dots), compared
to training the IP-Adapter from scratch (orange line with stars).
The horizontal axis is in units of K. Best viewed in color.

4.4. Ablation Study

In the previous section, we adopted the A4A paradigm,
which includes training our modules, namely Coupling
Space Projection and Upgraded Space Mapping, along with
fine-tuning the PTA. To demonstrate that fine-tuning is not
the core driving force of our method, we conducted the
following experiment. As shown, the two curves are very
close, with the fine-tuning paradigm showing only a slight
improvement over the non-fine-tuning version.

We present experiments on the hyperparameter settings
of the learning rates for each component in Sec. 7. It is
worth mentioning that, since Projection and Alignment have
similar numbers of parameters, we group them together.
The ablation study of the two core modules is presented
in Sec. 8, which demonstrates that our design achieves a
satisfactory transfer effect with an efficient structure.
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Ablation Study
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—8— A4A(ours)
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Figure 8. The yellow line labeled “A4A(ours w/fine-tuning)” rep-
resents training A4A without fine-tuning the PTA, while the red
line represents the full A4A approach with fine-tuning the PTA.

PTA: IP-Adapter IDAT  CLIP-score!
X-Adapter 0.062 0.7894
PTA-UM 0.4531 0.9124
A4A(ours) 0.5127 0.9154

Table 1. The evaluation metrics for IP customization (CLIP-score)
and ID customization (IDA) are presented. Using SDXL as the
upgraded model and IP-Adapter as the pretrained adapter, A4A
(ours) is compared with the transfer method X-Adapter and the
pretrained adapter from the upgraded model (PTA-UM).

4.5. Comparison with X-Adapter

The previous work X-Adapter [25] is designed specifically
for transferring adapters from U-Net models. To demon-
strate the effectiveness of A4A, we also compare it with
X-Adapter. As shown in Tab. 1, our method achieves better
results in generation using the transferred adapter for both
IP and ID customization. The visualizations in Figure 2
and Fig. 3, particularly the row labeled “X-Adapter”, fur-
ther substantiate this when compared to the adjacent rows.
It is also worth noting that our method requires only the
adapter for training and inference, without the need for de-
noising using the base model as in X-Adapter, which makes
it more efficient.

5. Conclusion

We propose A4A (Adapter for Adapter), a novel frame-
work designed to address the challenges of transferring pre-
trained adapters across rapidly evolving model architec-
tures. By employing an all-for-all mapping approach, A4A
seamlessly transfers attention-based adapters from U-Net to
transformer models without the need for extensive retrain-
ing. The framework’s two key components, Coupling Space
Projection and Upgraded Space Mapping, enable effective
bridging of adapter features with upgraded model struc-
tures. Our experimental results demonstrate that A4A pre-
serves both the generative power of upgraded models and
the controllability of the original adapters. This work offers
a scalable solution for cross-architecture adapter transfer.
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