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Fi g ur e 1. Gi v e n pr etr ai n e d pl u g- a n d- pl a y m o d ul es ( e. g ., C o ntr ol N et, L o R A) of t h e b as e diff usi o n m o d el (e. g ., St a bl e Diff usi o n 1. 5), t h e
pr o p os e d X- A d a pt er c a n u ni v ers all y u p gr a d e t h es e pl u gi ns, e n a bli n g t h e m dir e ctl y w or k wit h t h e u p gr a d e d M o d el ( e. g ., S D X L) wit h o ut
f urt h er r etr ai ni n g. Te xt pr o m pts: “ 1 girl, s ol o, s mil e, l o o ki n g at vi e w er, h ol di n g fl o w ers ” “ A p pl y f a c e p ai nt ” “ 1 girl, u p p er b o d y, fl o w ers ”
“ A c ut e c at h ol di n g a g u n ” “ B est q u alit y, e xtr e m el y d et ail e d ” “ A f o x m a d e of w at er ” fr o m l eft t o ri g ht, t o p t o b ott o m.

A bst r a ct
We i ntr o d u c e X- A d a pt er, a u ni v ers al u p gr a d er t o e n-

a bl e t h e pr etr ai n e d pl u g- a n d- pl a y m o d ul es ( e. g ., C o ntr ol-
N et, L o R A) t o w or k dir e ctl y wit h t h e u p gr a d e d t e xt-t o-i m a g e
diff usi o n m o d el ( e. g ., S D X L) wit h o ut f urt h er r etr ai ni n g. We
a c hi e v e t his g o al b y tr ai ni n g a n a d diti o n al n et w or k t o c o n-
tr ol t h e fr oz e n u p gr a d e d m o d el wit h t h e n e w t e xt-i m a g e d at a
p airs. I n d et ail, X- A d a pt er k e e ps a fr oz e n c o p y of t h e ol d
m o d el t o pr es er v e t h e c o n n e ct ors of diff er e nt pl u gi ns. A d-
diti o n all y, X- A d a pt er a d ds tr ai n a bl e m a p pi n g l a y ers t h at
bri d g e t h e d e c o d ers fr o m m o d els of diff er e nt v ersi o ns f or
f e at ur e r e m a p pi n g. T h e r e m a p p e d f e at ur es will b e us e d as

* C orr es p o n di n g A ut h or.

g ui d a n c e f o r t h e u p g r a d e d m o d el. T o e n h a n c e t h e g ui d a n c e 
a bilit y of X- A d a pt er, w e e m pl o y a n ull-t e xt t r ai ni n g st r at e g y 
f or t h e u p g r a d e d m o d el. Aft er t r ai ni n g, w e al s o i nt r o d u c e a 
t w o-st a g e d e n oisi n g st r at e g y t o ali g n t h e i niti al l at e nts of X-
A d a pt er a n d t h e u p g r a d e d m o d el. T h a n ks t o o u r st r at e gi es,
X- A d a pt er d e m o nstr at es u ni v ers al c o m p ati bilit y wit h v a ri-
o us pl u gi ns a n d al s o e n a bl es pl u gi ns of diff er e nt v e rsi o ns 
t o w o r k t o g et h er, t h e r e b y e x p a n di n g t h e f u n cti o n aliti es of 
diff usi o n c o m m u nit y. T o v e rif y t h e eff e cti v e n ess of t h e p r o-
p os e d m et h o d, w e c o n d u ct e xt e nsi v e e x p eri m e nts a n d t h e r e-
s ults s h o w t h at X- A d a pt er m a y f a cilit at e wi d er a p pli c ati o n 
i n t h e u p g r a d e d f o u n d ati o n al diff usi o n m o d el. P r oj e ct p a g e 
at: h t t p s : / / s h o w l a b . g i t h u b . i o / X - A d a p t e r / .
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1. Introduction
Large text-to-image diffusion models [29, 32, 35] have
drawn the attention of both researchers and creators nowa-
days. Since these models are often trained on thousands
of GPU days with millions of data pairs, the major de-
velopment of the current research focuses on designing
plug-and-play modules [12, 17, 24, 43], which are com-
monly called plugins, to add new abilities on the pre-trained
text-to-image models. People use plugins for photo cre-
ation [17, 34, 39], controllable drawing [24, 43], and edit-
ing [22, 30], both for image and video [9, 12, 42]. The
development speed of downstream plugins is faster than the
release of the base model since it is easier to train and en-
ables many more different features. But when a larger foun-
dation model (e.g., SDXL [29]) is released, all the down-
stream plugins need to be retrained for this upgraded model,
which takes much more time for maintenance and upgrada-
tion.

We aim to solve this inconvenient plugin incompatibil-
ity when upgradation by proposing a unified adapter net-
work, where all the downstream plugins in the original base
model (e.g., Stable Diffusion v1.5 [32]) can be directly
used in upgraded model (e.g., SDXL [29]) via the proposed
method. However, this task has a lot of difficulties. First,
when training different diffusion model versions, the com-
patibility of plugins is often not considered. Thus, the orig-
inal connector of the plugin might not exist in the newly
upgraded model due to dimension mismatch. Second, dif-
ferent plugins are applied in the different positions of the
Stable Diffusion. For example, ControlNet [43] and T2I-
Adapter [24] are added at the encoder and decoder of the
fixed denoising UNet respectively. LoRA [17] are added
after each linear layer of a fixed denoising UNet. This un-
certainty makes it difficult to design a unified plugin. Fi-
nally, although most current models are based on the latent
diffusion model [32], the latent space of each model is dif-
ferent. This gap is further boosted between the diffusion
models in pixel and latent space.

We propose X-Adapter to handle above difficulites. In
detail, inspired by ControlNet [43], we consider X-Adapter
as an additional controller of the upgraded model. To solve
the problem of the connector and the position of different
plugins, we keep a frozen copy of the base model in the
X-Adapter. Besides, we design several mapping layers be-
tween the decoder of the upgraded model and X-Adapter for
feature remapping. In training, we only train the mapping
layers concerning the upgraded model without any plugins.
Since the base model in the X-Adapter is fixed, the old plu-
gins can be inserted into the frozen diffusion model copy
in the X-Adapter. After training, we can sample two latent
for X-Adapter and an upgraded model for inference. To

further boost the performance, we also propose a two-stage 
inference pipeline by sequentially inference Stable Diffu-
sion v1.5 first and then the SDXL inspired by SDEdit [22].
Experiments show that the proposed method can success-
fully upgrade the plugins for larger models without specific 
retraining. We also conduct numerical experiments to show 
the effectiveness of two widely used plugins, i.e., Control-
Net [43], and LoRA [17].

  In summary, the contribution of this paper can be sum-
marized as:
• We target a new task in the large generative model era

  where we need to update plugins for different founda-
  tional models.

• We propose a general framework to enable upgraded
  model compatible with pretrained plugins. We propose
  a novel training strategy that utilizes two different latent
  with mapping layers. Besides, we design two kinds of
  inference strategies to further boost the performance.

• Experiments show the proposed methods can successfully
  make old plugins work on upgraded text-to-image model
  with better performance compared to the old foundational
  model.

2. Related Works
Diffusion Model for Text-to-Image Generation. Diffu-
sion models are initially proposed by Sohl-Dickstein et al.
[36], and have recently been adapted for image synthe-
sis [10, 19]. Beyond unconditional image generation, the 
text-to-image diffusion models [32] is an important branch 
of the image diffusion model, since it leverages larger-
scale datasets for training. In these networks, Glide [25]
proposes a transformer [37] based network structure. Im-
agen [35] further proposes a pixel-level cascaded diffu-
sion model to generate high-quality images. Different 
from pixel-level diffusion, the technique of Latent Diffusion 
Models (LDM) [32] conducts diffusion in a latent image 
space [18], which largely reduces computational demands.
Stable Diffusion v1.5 [7] is a large-scale pre-trained latent 
diffusion model. Stable Diffusion v2.1 [8] and SDXL [29]
are the following versions of Stable Diffusion v1.5 by op-
timizing latent space, network structure, and training data.
Compared to Midjourney [23] and DALL [26, 27], SDXL 
achieves state-of-the-art results.
Plugins for Text-to-Image Diffusion Model. Since the 
stable diffusion model [32] is open-sourced, plug-and-play
modules, commonly referred to as “plugins”, significantly 
expand the capabilities of pre-trained text-to-image (T2I)
models. GLIGEN [20] adds an additional gate attention for 
grounded generation. LoRA [17] is a general parameter-
efficient training method that allows us to fine-tune the 
stable diffusion for stylization and customization easily.
Dreambooth [34] and Textual Inversion [11, 40] customize 
personal concepts by finetuning the pre-trained diffusion
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Figure 2. Task Definition. Different from the previous method to
train each plugin individually, our method only trains a single X-
Adapter to all the fixed downstream plugins.

model. IP-Adapter [39] extends these works for univer-
sal image variation. Besides, ControlNet [43] and T2I-
Adapter [24] add spatial conditioning controls to diffusion
models by incorporating an extra network to encode condi-
tions. AnimateDiff [12] allows a personalized T2I model to
generate videos with high temporal consistency by adding a
temporal module. Although these plugins are powerful, it is
unfeasible to apply an old plugin to an upgraded T2I model,
which significantly hampers the development and applica-
tion of diffusion models.
Parameter-Efficient Transfer Learning. Our topic is also
related to parameter-efficient transfer learning since we
need to remedy the domain gap when upgrading. The emer-
gence of large-scale pre-trained models, e.g., Stable Dif-
fuions [32], CLIP [31], has highlighted the importance of
the effective transfer of these foundational models to down-
stream tasks. Parameter-efficient Transfer Learning (PETL)
methods [15, 41, 44] add additional parameters to the orig-
inal model to overcome the domain gaps between the pre-
trained dataset and target tasks. PMLR [15] introduces an
adapter that consists of a down-sampling layer and an up-
sampling layer and inserts it into Transformer [37] blocks.
Zhao et al. [44] bridge the domain gap by aligning the
dataset’s distribution. Zhang et al. [41] propose a task-
agnostic adapter among various upstream foundation mod-
els. Similar to upgrading the CLIP for visual understand-
ing [41], our objective is to enable upgraded diffusion mod-
els compatible with all kinds of plugins.

3. Methods
3.1. Task Definition

We aim to design a universal compatible adapter (X-
Adapter) so that plugins of the base stable diffusion model
can be directly utilized in the upgraded diffusion model.
As shown in Fig. 2, given a powerful pre-trained text-to-
image diffusion model Mnew (i.e., SDXL [29]), we aim to
design a universal adapter X-Adapter so that all the pre-
trained down-stream plugins (e.g., ControlNet [43], T2I-

Adapter [24], LoRA [17]) on Mbase (i.e., Stable Diffusion
v1.5 [32]) can work smoothly on Mnew without requiring
additional training. Thanks to this universal adaption, we
highlight some potential benefits:
(i) Universal Compatibility of Plugins from Base Model. A
naive idea to apply a plugin network to the new model is
to directly train the specific downstream plugin individu-
ally. However, take ControlNet [43] family as an example,
it would require training more than ten different networks
to achieve the original abilities. Differently, our method
only needs to train one version-to-version adapter in ad-
vance and enable direct integration of pre-trained plugins
from the base model, i.e., Stable Diffusion v1.5 [32].
(ii) Performance Gain with respect to Base Model. Since
original plugins are only trained on the base model, their
power is also restricted due to the limited generative capa-
bility. Differently, our adapter can improve the performance
of these plugins by the upgraded models since these new
models are typically more powerful in terms of visual qual-
ity and text-image alignments.
(iii) Plugin Remix Across Versions. Since we retain the
weights of both the base and upgraded models, our method
also enables the use of plugins from both models (e.g. Con-
trolNet of Stable Diffusion v1.5 and LoRA of SDXL can
work together smoothly as if ControlNet were originally
trained on SDXL). It largely expands the applicability of
the plugins from different development stages of the text-
to-image community.

3.2. Preliminary: Latent Diffusion Model

Before introducing our method, we first introduce the La-
tent Diffusion Model (LDM [32]), since most of the open-
source models are based on it. LDM extends denoising
diffusion model [14] for high-resolution image generation
from text prompt, which first uses a VAE [18]’s encoder E
to compress the RGB image x into latent space z. After that,
a UNet [33] �� is used to remove added noise from a noisy
latent. Formally, �� is trained using the following objective:

min
�

Ez0;�∼N(0;I);t∼ Uniform (1;T ) k�� �� (zt; t; c)k22 ; (1)

where zt is the noisy latent of z from timestep t and c is the
embedding of conditional text prompt.

3.3. X-Adapter

X-Adapter is built upon the base Stable Diffusion v1.5 [32]
to maintain the full support for the plugin’s connec-
tors. Additionally, in the decoder of each layer, we
train an additional mapping network to map the fea-
tures from the base model to the upgraded model (e.g.,
SDXL [29]) for guidance as shown in Fig. 3. In
each mapper, a stack of three ResNet [13] is utilized
for dimension matching and feature extraction. For-
mally, suppose we have N adapters and Fn(�) denotes
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Fi g ur e 3. M et h o d O v er vi e w . I n tr ai ni n g, w e a d d diff er e nt n ois es t o b ot h t h e u p gr a d e d m o d el a n d X- A d a pt er u n d er t h e l at e nt d o m ai n of
b as e a n d u p gr a d e d m o d el. B y s etti n g t h e pr o m pt of t h e u p gr a d e d m o d el t o e m pt y a n d tr ai ni n g t h e m a p pi n g l a y ers, X- A d a pt er l e ar ns t o
g ui d e t h e u p gr a d e d m o d el. I n t esti n g, ( a) w e c a n dir e ctl y a p pl y t h e pl u gi ns o n t h e X- A d a pt er f or t h e u p gr a d e d m o d el. ( b) A t w o-st a g e
i n fl u e n c e s c h e m e is i ntr o d u c e d t o i m pr o v e i m a g e q u alit y.

t h e n t h tr ai n e d m a p p er, gi v e n m ulti-s c al e f e at ur e m a ps
F b a s e = { F 1

b a s e , F
2
b a s e , ..., F

N
b a s e } fr o m b as e m o d el, g ui d-

a n c e f e at ur e F m a p p e r = { F 1
m a p p e r , F 2

m a p p e r , ..., F N
m a p p e r }

is f or m e d b y f e e di n g F b a s e t o t h e m a p pi n g l a y ers. N ot e t h at
t h e di m e nsi o n of F m a p p e r is t h e s a m e as t h at of c ert ai n i n-
t er m e di at e f e at ur es of u p gr a d e d d e c o d er l a y ers. F m a p p e r

is t h e n a d d e d wit h t h os e l a y ers. I n s u m m ar y, t h e g ui d a n c e
f e at ur e e xtr a cti o n a n d f usi o n c a n b e d e fi n e d as t h e f oll o wi n g
f or m ul ati o n:

F n
m a p p e r = F n (F n

b a s e ) ( 2)

F n
u p = F n

u p + F n
m a p p e r , n ∈ { 1 , 2 , ..., N } , ( 3)

w h er e F n
u p d e n ot es u p gr a d e d m o d el’s n t h d e c o d er l a y er t o

f us e g ui d a n c e f e at ur e.
Tr ai ni n g St r at e g y. As s h o w n i n Fi g. 3 , gi v e n a n u p gr a d e d
diff usi o n m o d el, X- A d a pt er is firstl y tr ai n e d i n a pl u gi n-
fr e e m a n n er o n t h e u p gr a d e d diff usi o n m o d el f or t e xt-t o-
i m a g e g e n er ati o n. F or m all y, gi v e n a n i n p ut i m a g e I , w e
first e m b e d it t o t h e l at e nt s p a c es z 0 a n d z 0 vi a b as e a n d u p-
gr a d e d a ut o e n c o d er r es p e cti v el y. T h e n, w e r a n d o ml y s a m-
pl e a ti m e st e p t fr o m [ 0, T ], a d di n g n ois e t o t h e l at e nt
s p a c e, a n d pr o d u c e t w o n ois y l at e nt z t a n d z t f or d e n oisi n g.
Gi v e n ti m est e p t , t h e pr o m pt c b of X- A d a pt er a n d u p gr a d e d
m o d el’s pr o m pt c u , X- A d a pt er is tr ai n e d wit h t h e u p gr a d e d
diff usi o n n et w or k ϵ θ t o pr e di ct t h e a d d e d n ois e ϵ b y:

E z 0 , ϵ,t ,c b ,c u ∥ ϵ − ϵ θ (z t , t , c u , X A d a p t e r (z t , t , c b )) ∥
2
2 .

( 4)
I n t h e tr ai ni n g pr o c ess, t h e o bj e cti v e of t h e a b o v e

l oss f u n cti o n is t o d et er mi n e t h e offs ets b et w e e n t h e X-
A d a pt er a n d t h e u p gr a d e d s p a c e. I ns pir e d b y pr e vi o us t as k-
c o m p ati bilit y pl u gi ns f or a d diti o n al c o ntr ol si g n al [ 2 4 , 4 3 ]
a n d vi d e o g e n er ati o n [ 1 2 ], w e fi n d t h at t h e k e y t o t as k-
a g n osti c a d a pt ati o n is t o fi x t h e p ar a m et ers of t h e tr ai n e d

diff usi o n U N et. T h u s, w e fr e e z e t h e p ar a m et ers i n t h e 
b as e m o d el d uri n g tr ai ni n g, w hi c h e n s ur es t h at ol d pl u gi ns  
c a n b e s e a ml essl y i n s ert e d. T o a v oi d aff e cti n g t h e ori gi n al  
hi g h- q u alit y f e at ur e s p a c e of t h e u p gr a d e d m o d el, w e al s o  
fr e e z e it s p ar a m et ers si mil ar t o c o n diti o n al c o ntr ol m et h-
o ds [2 4 , 4 3 ]. All t e xt pr o m pts c u ar e s et t o a n e m pt y stri n g
i ns pir e d b y [2 1 ]. T h u s, t h e u p gr a d e d m o d el pr o vi d es t h e a v-
er a g e f e at ur e s p a c e wit h a n e m pt y pr o m pt, w hil e X- A d a pt er  
l e ar ns t h e off s et gi v e n b a s e f e at ur e s p a c e, g ui di n g t h e n ati v e  
u p gr a d e d m o d el. Alt h o u g h c u is s et t o e m pt y d uri n g tr ai n-
i n g, o ur e x p eri m e nts s h o w t h at w e d o n ot n e e d t o a d h er e  
t his r ul e d uri n g i nf er e n c e a n d X- A d a pt er w or ks w ell wit h  
a n y c u aft er tr ai ni n g. Aft er tr ai ni n g, t h e pl u gi ns c a n n at u-
r all y b e a d d e d t o X- A d a pt er f or t h eir a biliti es.
I nf e r e n c e St r at e g y. D uri n g tr ai ni n g, t w o b y p ass es’ l at e nts 
ar e e n c o d e d fr o m t h e s a m e i m a g e, n at ur all y ali g ni n g wit h
e a c h ot h er. H o w e v er, si n c e t h e l at e nt s p a c e of t h e t w o m o d-
els i s diff er e nt, d uri n g t h e i nf er e n c e st a g e, if t h e i niti al l a-
t e nts f or t w o b y p ass es ar e r a n d o ml y s a m pl e d ( Fi g. 3 ( a)),
t his l e a ds t o a l a c k of ali g n m e nt, p ot e nti all y c a u si n g c o n-
fli cts t h at aff e ct t h e pl u gi n’s f u n cti o n a n d i m a g e q u alit y.

   T o t a c kl e t hi s i s s u e, i n s pir e d b y S D E dit [2 2 ], w e pr o-
p os e a t w o-st a g e i nf er e n c e str at e g y a s s h o w n i n Fi g. 3 ( b).
Gi v e n t ot al ti m est e p T , at t h e fir st st a g e, w e r a n d o ml y s a m-
pl e a n i niti al l at e nt z T f or X- A d a pt er a n d r u n wit h pl u gi ns
i n ti m est e p T 0 w h er e T 0 = α T, α ∈ [ 0, 1] . At ti m est e p T 0 ,

t h e b a s e m o d el’s l at e nt z T 0 will b e c o n v ert e d t o u p gr a d e d  
m o d el’s l at e nt z T 0 b y:

z T 0 = E u p (D b a s e (z T 0 )) , ( 5)

w h er e D b a s e d e n ot es t h e b a s e m o d el’s d e c o d er a n d E u p d e-
n ot es t h e u p gr a d e d m o d el’s e n c o d er. z T 0 a n d z T 0 will b e
i niti al l at e nts f or t w o b y p ass es at t h e s e c o n d st a g e w h er e t h e
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pl u gi n will g ui d e t h e u p gr a d e d m o d el’s g e n er ati o n t hr o u g h
X- A d a pt er. We o bs er v e t h at f or m ost pl u gi ns o ur fr a m e-
w or k p erf or ms o pti m all y w h e n T 0 = 4

5 T , i. e., t h e b as e
m o d el r u n 2 0 % of t h e ti m e st e p f or w ar m u p a n d t h e n r u ns
o ur X- A d a pt er i n t h e r est of t h e i nf er e n c e ti m e dir e ctl y. We
gi v e d et ail e d a bl ati o ns o n t his t w o-st a g e i nf er e n c e i n t h e e x-
p eri m e nts.

4. E x p e ri m e nts

4. 1. I m pl e m e nt ati o n D et ails

We i m pl e m e nt X- A d a pt er usi n g St a bl e Diff usi o n v 1. 5 [ 3 2 ]
as t h e b as e m o d el, a n d S D X L [ 2 9 ] b as e as t h e m ai n u p-
gr a d e d m o d el. M a p pi n g l a y ers of X- A d a pt er ar e pl a c e d
at t h e b as e m o d el’s l ast t hr e e d e c o d er bl o c ks. N oti c e t h at
w e als o tr ai n o ur X- A d a pt er f or St a bl e Diff usi o n v 2. 1 [ 8 ],
w hi c h s h o ws pr o misi n g r es ults s h o w n as Fi g. 6 . F or tr ai n-
i n g, w e s el e ct a s u bs et of L ai o n- hi g h-r es ol uti o n c o nt ai ni n g
3 0 0 k i m a g es f or X- A d a pt er tr ai ni n g. I n o ur e x p eri m e nts,
t h e i n p ut i m a g e is r esi z e d i nt o 1 0 2 4 × 1 0 2 4 f or t h e u p gr a d e d
m o d el a n d 5 1 2 × 5 1 2 f or t h e b as e m o d el. We utili z e t h e
A d a m W o pti mi z er wit h a l e ar ni n g r at e of 1 e − 5 a n d a b at c h
si z e of 8. T h e m o d el is tr ai n e d f or 2 e p o c hs usi n g 4 N VI DI A
A 1 0 0 G P Us.

4. 2. C o m p a ris o ns

E x p e ri m e nt s etti n g. We c h o os e t w o r e pr es e nt ati v e pl u g-
i ns ( C o ntr ol N et [4 3 ] a n d L o R A [1 7 ]), t o e v al u at e t h e p er-
f or m a n c e of t h e pr o p os e d m et h o d, si n c e t h e y r e pr es e nt
t w o v al u a bl e a p pli c ati o ns of s e m a nti c a n d st yl e c o ntr ol.
We e v al u at e t h e p erf or m a n c e g ai n o ur m et h o d a c hi e v es as
w ell as pl u gi n f u n cti o n alit y r et e nti o n. F or C o ntr ol N et, w e
c h o os e c a n n y a n d d e pt h t o t est o ur m et h o d u n d er d e ns e
a n d s p ars e c o n diti o ns. We utili z e t h e C O C O v ali d ati o n s et,
w hi c h c o nt ai ns 5, 0 0 0 i m a g es, t o e v al u at e e a c h m et h o d. F or
L o R A [ 1 7 ], We us e A ni m e O utli n e [4 ] a n d M o Xi n [5 ] t o t est
t h e st yl e c o ntr ol pl u gi n. We s el e ct 2 0 pr o m pts fr o m ci vi-
t ai [1 6 ] f or e a c h L o R A, g e n er ati n g 5 0 i m a g es p er pr o m pt
usi n g r a n d o m s e e ds. T o eli mi n at e S D X L [ 2 9 ]’s eff e ct o n
st yl e, S D X L’s pr o m pt o nl y f o c us o n i m a g e’s c o nt e nt, a n d
X- A d a pt er’s pr o m pt will i n cl u d e L o R A’s tri g g er w or ds a n d
st yl e-r el at e d w or ds.  As f or e v al u ati o n m etri cs, w e us e
Fr e c h et I n c e pti o n Dist a n c e ( FI D) t o m e as ur e t h e distri b u-

Pl u gi n: C o nt r ol N et FI D ↓ C LI P-s c or e ↑ C o n d. R e c o n. ↑

S D 1. 5 [ 3 2 0. 2 4 2 6] 3 3. 0 9 0. 3 3 ± 0. 1 6
S D E dit [ 2 2 ] + S D X L 3 0. 8 6 0. 1 4 ± 0. 1 00. 2 5 9 4
X- A d a pt er + S D X L 3 0. 9 5 0. 2 6 3 2 0. 2 7 ± 0. 1 3

Pl u gi n: L o R A FI D ↓ C LI P-s c or e ↑ St yl e- Si m ↑

S D 1. 5 [ 3 2 -0. 2 5] 3 2. 4 6
S D E dit [ 2 2 0. 7 20. 2 5 8 4] + S D X L 3 0. 1 1
X- A d a pt er + S D X L 0. 8 30. 2 6 4 02 9. 8 8

Ta bl e 1. Q u a ntit ati v e e v al u ati o n a g ai nst b as eli n es.

I n p u t ( c a n n y)

Pr o m pt : a 
f ut uristi c r es e ar c h 
c o m pl e x i n a bri g ht 

f o g g y j u n gl e

L o R A :
A ni m e O utli n e

Pr o m pt : a b e a utif ul 
l a d y wit h gl ass es

S D E dit
+

S D X L

t0 0. 5 0. 6 0. 7

O urs

S D E dit
+

S D X L

O urs

t0 0. 5 0. 7 0. 9

Fi g ur e 4. Vis u al C o m p aris o n t o b as eli n e u n d er diff er e nt t 0 . We
c h o os e C o ntr ol N et [ 4 3 ] a n d L o R A [1 7 ] t o e v al u at e diff er e nt m et h-
o ds u n d er s e m a nti c a n d st yl e c o ntr ol. S p e ci fi c all y, w e c h o os e
A ni m e O utli n e[ 4 ], a L o R A s p e ci ali z e d i n bl a c k a n d w hit e s k et c h
g e n er ati o n. We s a m pl e t hr e e t 0 f or e a c h pl u gi n. We o bs er v e t h at
b as eli n e l os es st yl e c o ntr ol (t ur n bl a c k a n d w hit e t o c ol or) a n d
s e m a nti c c o ntr ol as t 0 i n cr e as es w hil e o ur m et h o d m ai nt ai n t h e
c o ntr oll a bilit y wit h t h e us a g e of X- A d a pt er.

Fi g ur e 5. Q u a ntit ati v e e v al u ati o n u n d er diff er e nt t 0 . B a s eli n e  
l os es st yl e c o ntr ol a n d s e m a nti c c o ntr ol a s t0 i n cr e as es w hil e o ur
m et h o d pr e s er v es f u n cti o n alit y of pl u gi ns

ti o n di st a n c e o v er i m a g es g e n er at e d b y o ur m et h o d a n d  
ori gi n al S D X L, w hi c h i n di c at es i m a g e q u alit y, a s w ell a s  
t e xt-i m a g e cli p s c or es. We al s o c al c ul at e t h e c o n diti o n r e-
c o nstr u cti o n s c or e f oll o wi n g C o ntr ol N et [4 3 ] a n d st yl e si m-
il arit y f oll o wi n g St yl e A d a pt er [3 8 ] t o e v al u at e t h e pl u gi n’s  
f u n cti o n alit y. T h e st yl e si mil arit y i s m e a s ur e d b et w e e n t h e 
g e n er ati o n of o ur m et h o d a n d t h e b a s e m o d el.

C o m p a ris o n t o b a s e m o d el. We s el e ct St a bl e Diff usi o n  
v 1. 5 [7 ] a s o ur b a s e m o d el. T h e q u a ntit ati v e r e s ult i s s h o w n  
i n Ta b. 1 . It s h o ws t h at o ur m et h o d a c hi e v es a b al a n c e b e-
t w e e n i m a g e q u alit y a n d pr e s er v ati o n of pl u gi n’s f u n cti o n.
C o m p a ris o n t o b a s eli n e. A n ai v e a p pr o a c h i s t o c o n si d er  
S D X L a s a n e dit or f or t h e o ut p ut of t h e b a s e St a bl e Dif-
f usi o n v 1. 5 m o d el, si mil ar t o S D E dit [2 2 ]. We s el e ct a  
ti m est e p t0 , a d di n g n oi s e t o t h e b a s e m o d el’s g e n er ati o n t o 
t0 a n d d e n oisi n g it u si n g t h e u p gr a d e d m o d el. We e v al u-
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SD 1.5 & Condition

SD2.1 +

 X-Adapter
SDXL + X-Adapter

SD 1.5 & Condition

SD2.1 +

 X-Adapter
SDXL + X-Adapter

SD 1.5 & Condition

SD2.1 + 

X-Adapter
SDXL + X-Adapter

SD 1.5 

SD 2.1 +

 X-Adapter
SDXL + X-Adapter

SD 1.5 

SD 2.1 +

 X-Adapter SDXL + X-Adapter

SD 1.5 

SD 2.1 +

 X-Adapter
SDXL + X-Adapter

Original Input

SD 1.5 SDXL + X-Adapter

ControlNet Depth ControlNet Canny T2I-Adapter Depth

LoRA (KawaiiTech) Personalized T2I (ToonYou) Personalized T2I (AnimeCreative)

Instruct-Pix2Pix (ControlNet Version)

Original Input

SD 1.5 SDXL + X-Adapter

Condition

SDXL(Lora Ref) SDXL + X-Adapter

SD1.5 ControlNet + XL Lora (VanGogh)

X-Adapter prompt: high quality, extremely detailed

SDXL prompt: high quality, extremely detailed

X-Adapter prompt: make it fire

SDXL prompt: best quality, extremely detailed

X-Adapter prompt: shot of a furry blue bird.

SDXL prompt: (trigger), soft blurry oil painting 

portrait of a close up shot of a bird

ControlNet Tile Model

X-Adapter: scifi, coffee machine, mug, (trigger)

Upgraded Models prompt : scifi, coffee machine, 

mug, masterpiece, best quality

X-Adapter & Upgraded Models prompt: 

best quality, masterpiece, 1girl, looking at viewer, 

blurry background, upper body, contemporary, dress

X-Adapter & Upgraded Models prompt: 

masterpiece, best quality, 1 girl, green eyes, kimono, 

(lycoris flower) in hair

X-Adapter & Upgraded Models prompt: 

A colorful lotus, ink, high quality, extremely detailed.

X-Adapter & Upgraded Models prompt: 

A man with an orange on his face, high quality, 

extremely detailed.

X-Adapter & Upgraded Models prompt: 

Aerial view of a circular portal in the horizon, portal 

to a world in fire, 8k, anime art style, sunset.

Figure 6. Qualitative Results on Different Plugins. The showcases of different results on SDXL and SD 2.1 based on the proposed
X-Adapter and pre-rained SD 1.5 plugins. We show the corresponding prompts in the yellow box.

ate it under the same experiment setting as shown in Tab.1.
Note that the function of t0 in SDEdit is similar to T0 in
our two-stage inference strategy. For both methods, the up-
graded model is more influenced by the base model when
t0 is lower, obtaining more semantic features and style in-
formation from the base model, which leads to less optimal
outcomes in terms of image quality. Conversely, a higher

t0 value decreases the base model’s influence, leading to
improved generation quality as shown in Fig. 4. This im-
plies that the SDE-based method loses essential semantic
details and style information (i.e., plugin’s control) when
t0 is large, indicative of higher image quality. Conversely,
X-adapter can maintain these controls and preserve the ca-
pabilities of the plugins even with a high t0, ensuring high-
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Plugin: ControlNet Result Quality " Condition Fidelity "
SD 1.5 [32 3.23 ± 0.12] 4.21 ± 0.32
SDEdit [22 2.46 ± 0.174.14 ± 0.57] + SDXL
X-Adapter + SDXL 4.46 ± 0.43 3.92 ± 0.26

Plugin: LoRA Result Quality " Style Fidelity "
SD 1.5 [32 -2.93 ± 0.09]
SDEdit [22 3.45 ± 0.333.92 ± 0.53] + SDXL
X-Adapter + SDXL 4.14 ± 0.294.38 ± 0.25

Table 2. User Study. We report the user preference ranking (1 to
5 indicates worst to best) of different methods.

quality generation with faithful plugin fidelity. To highlight
the advantage of our method, we sampled six t0 values at
equal intervals between [0; 1] and conducted experiments on
our method and baseline under these t0. Fig. 4 and Fig. 5
illustrate the performance of different methods. We observe
that although our method shows similar visual quality com-
pared to the baseline, it better preserves the functionality of
plugins.
User study. Users evaluate the generation results of our
method with ControlNet [43] and Lora [17]. For Control-
Net, we collect 10 canny conditions and depth conditions,
then assign each condition to 3 methods: Stable Diffusion
v1.5, SDEdit + SDXL, and X-Adapter. We invite 5 users
to rank these generations in terms of “image quality” and
”fidelity of conditions”. For LoRA, we collect 10 prompts
and also assign them to these three methods. Users rank
these generations in terms of “image quality” and ”style
similarity”. We use the Average Human Ranking (AHR) as
a preference metric where users rank each result on a scale
of 1 to 5 (lower is worse). The average rankings are shown
in Tab 2.

4.3. Qualitative Results on Multiple Plugins

As shown in Fig. 6, we show the qualitative results of
the proposed X-Adapter on both SD 2.1 and SDXL in
various pretrained plugins on Stable Diffusion v1.5 to
show the advantages. We present representative exam-
ples of conditional generation (ControlNet Depth, Con-
trolNet Canny, T2I-Adapter Depth), the personalization
style (LoRA Model [2], Personalized Model [1, 6]) and the
Image Editing Methods (ControlNet-based InstructPix2Pix
and ControlNet Tile). Finally, we show the plugin remix in
our methods, where the plugins [3] in SDXL can also di-
rectly cooperate with the Stable Diffusion v1.5 plugin (e.g.,
ControlNet in our case).

4.4. Ablative Study

Where to insert mapping layer? We study the effect of in-
serting mapping layers into different modules: (1) Encoder;
(2) Decoder; (3) Both encoder and decoder. Fig. 7 indicates
that the decoder-only strategy shows the strongest guidance

Encoder onlyBothConditions Decoder only

Figure 7. Ablation of module to insert mapping layers. The
key to better guidance ability is to retain encoder’s feature space.
Prompts: “a fantastic landscape / an apple with a lizard in it”.

GuidanceConditions SPADE Addition

Upgraded
X-

Adapter

+

Upgraded
X-

Adapter

+ -

Upgraded
X-

Adapter

Norm γ β

x

+
xλ

Figure 8. Ablation of different fusion types. The result shows that
fusing features through addition can maximize the restoration of
the condition. The text prompts are: “A chocolate apple” and “A
research room”.

capability since it does not harm the encoder’s feature space
and only performs guidance during generation. See also the
supplementary material for quantitative results for different
module selection.
How do mapping layers guide the upgraded model?
We explored three methods for integrating guidance fea-
tures into the upgraded model. Given guidance feature a
and upgraded model’s feature b, new feature c is formed
by (1) addition fusion: c = a + b (2) guidance fusion:
c = b + �(a � b) where � can be adjusted by users (3)
SPADE: c = 
(a)(norm(b))+�(a) where 
 and � are two
networks following SPADE [28]’s design. Fig. 8 presents
a visual comparison of different ablation fusion types. We
find that addition is the most effective way to provide guid-
ance for the upgraded model.
Is using empty text important in the upgraded model?
To demonstrate the effectiveness of the null-text training
strategy, we train three models under 100%, 50%, and 0%
null probability. Fig. 9 indicates that reducing the capabil-
ity of the upgraded model during training can maximize the
guidance effect of X-Adapter.
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Null = 0% Null = 50% Null = 100%Conditions

Figure 9. Ablation of different null probability during training.
Increasing the percentages of null text prompts in the upgraded
model can enhance XAdapter’s guidance ability. Text prompts are:
“A painting of a beautiful woman” and “A world of crystal” from
top to bottom.

Depth Condition
w/ two-stage 

inference strategy

w/o two-stage 

inference strategy

Figure 10. Ablation of inference strategy. The result shows that
X-Adapter can roughly reconstruct the condition even w/o the two-
stage inference, and the two-stage inference has a better similarity.
Text prompt: “stormtrooper lecture, photorealistic”
Is two-stage inference important? We study the effect of
a two-stage denoising strategy by randomly sampling ini-
tial latents for X-Adatper and upgraded model. Our method
still works effectively without initial latents alignment as
shown in Fig. 10. Adopting two-stage sampling strategy in
inference further boosts performance in terms of conditional
accuracy.

4.5. Discussion

Prompt Setting. We always set clear and sufficient prompts
for X-Adapter, therefore we study three different prompt
settings of SDXL: (1) Sufficient prompts which are seman-
tically consistent with X-Adapter’s prompts (2) Insufficient
prompts. The default insufficient prompt in this paper is
”best quality, extremely detailed”. (3) Conflicting prompts
which change the meaning of X-Adapter’s prompts. Fig. 11
shows that our method can still maintain overall layout and
style consistency even in case of prompt conflict.
Plugin Remix. Our method naturally supports plugins from
both X-Adapter (e.g. SD1.5 [7]) and upgraded model (e.g.
SDXL [29]) since we retain all connectors by freezing pa-
rameters of these two models. The bottom right picture of
Fig. 6 shows a combination of Stable Diffusion v1.5’s Con-
trolNet and SDXL’s LoRA, generating results that follow
LoRA’s style and condition’s semantics. It indicates that our
method can bridge community resources across different

Sufficient Insufficient ConflictingCond./Ref.

“A cute cat” “Best quality, 

extremely detailed”

“A cute dog”

“A beautiful lady”
“Best quality, 

extremely detailed”

“A beautiful lady, 

colorful”

SDXL prompt:

SDXL prompt:

“A cute cat” “A cute dog”

“A beautiful lady”

Figure 11. Prompt setting. Our method can still ensure the over-
all layout and style consistency even in case of prompt conflict.
LoRA[17] used here isAnimeOutline[4], an expert in black and 
white sketch generation. X-Adapter’s text prompts are: “A cute 
cat” and “A beautiful lady, (trigger words)” from top to bottom.

diffusion model versions (e.g. SD1.5, SD2.1 [8], SDXL).
Limitation. Although our method achieves impressive re-
sults, it still has some limitations. For some plugins to
generate personalized concepts, e.g., IP-Adapter [39], our 
method might not maintain the identity well. We give exam-
ples in the supplementary material for visualization. This is 
because the custom plugins work on the text-encoder other 
than the feature space concepts that are not directly injected 
into the upgraded model other than fused as guidance. Since 
our method has already made some universal plugin up-
grades, we leave the capability of the concept customization 
as future work.

5. Conclusion

In this paper, we target a new task of upgrading all the 
downstream plugins trained on old diffusion model to the 
upgraded ones. To this end, we propose X-Adapter, which 
comprises a copied base model and mapping layers between 
two decoders for feature mapping. During training, we 
freeze the upgraded model and set its text prompt to empty 
text to maximize the function of X-Adapter. In testing, we 
propose a two-stage inference strategy to further enhance 
performance. We conduct comprehensive experiments to 
demonstrate the advantages of the proposed methods.
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