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Fi g ur e 1. El asti c Diff usi o n g e n er at es hi g h q u alit y i m a g es at ar bitr ar y si z es usi n g a pr etr ai n e d diff usi o n  m o d el tr ai n e d o n a si n gl e i m a g e
si z e,  wit h e q ui v al e nt  m e m or y f o ot pri nt a n d n o f urt h er tr ai ni n g.  T h es e r es ults ar e b as e d o n St a bl e  Diff usi o n 1 .4 ,  w hi c h  w as tr ai n e d t o
g e n er at e 5 1 2 × 5 1 2 i m a g es.  T h e e x a m pl es s h o w n i n t his c oll a g e ar e pr es e nt e d  wit h o ut a n y i m a g e cr o p pi n g, str et c hi n g, or p ost- pr o c essi n g.

A b st r a ct

Diff usi o n  m o d els h a v e r e v ol uti o niz e d i m a g e g e n er ati o n i n
r e c e nt y e ars, y et t h e y ar e still li mit e d t o a f e w siz es a n d as-
p e ct r ati os.  We pr o p os e  El asti c Diff usi o n, a n o v el tr ai ni n g-
fr e e d e c o di n g  m et h o d t h at e n a bl es pr etr ai n e d t e xt- t o- i m a g e
diff usi o n  m o d els t o g e n er at e i m a g es  wit h v ari o us siz es.
El asti c Diff usi o n att e m pts t o d e c o u pl e t h e g e n er ati o n tr a-
j e ct or y of a pr etr ai n e d  m o d el i nt o l o c al a n d gl o b al si g-
n als. T h e l o c al si g n al c o ntr ols l o w- l e v el pi x el i nf or m a-
ti o n a n d c a n b e esti m at e d o n l o c al p at c h es,  w hil e t h e
gl o b al si g n al is us e d t o  m ai nt ai n o v er all str u ct ur al c o n-
sist e n c y a n d is esti m at e d  wit h a r ef er e n c e i m a g e.  We t est
o ur  m et h o d o n  C el e b A-  H Q (f a c es) a n d L AI O N-  C O C O ( o b-
j e cts/i n d o or/ o ut d o or s c e n es).  O ur e x p eri m e nts a n d q u alit a-

ti v e r es ults s h o w s u p eri or i m a g e c o h er e n c e q u alit y a cr oss
as p e ct r ati os c o m p ar e d t o  M ulti Diff usi o n a n d t h e st a n d ar d
d e c o di n g str at e g y of St a bl e  Diff usi o n.  Pr oj e ct  We b p a g e:
htt ps:// el asti c diff usi o n. git h u b.i o/

1. I nt r o d u cti o n

Diff usi o n  m o d els ar e a p o w erf ul f a mil y of al g orit h ms t h at
a c hi e v e r e m ar k a bl e q u alit y a n d o bt ai n t h e c urr e nt st at e- of-
t h e- art p erf or m a n c e o n v ari o us i m a g e s y nt h esis t as ks.  As is
t h e c as e  wit h  m ost d e e p n e ur al n et w or ks, diff usi o n  m o d els
ar e t y pi c all y tr ai n e d o n o n e or a f e w i m a g e r es ol uti o ns. F or
i nst a n c e, St a bl e  Diff usi o n ( S D) [3 9 ], o n e of t h e  m ost  wi d el y
a d o pt e d diff usi o n  m o d els, is tr ai n e d o n a s q u ar e i m a g es of
si z e 5 1 2 x 5 1 2, y et f ails t o  m ai nt ai n its p erf or m a n c e at dif-
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ferent aspect ratios during inference time. In practice, many
applications require a wide aspect ratio or portrait mode,
such as digital billboards, wearable devices, automotive dis-
plays, and any application relying on a computer screen.

Recent studies address the issue of variable image size
in different ways. SDXL [35] and Any-Size-Diffusion [62]
explicitly finetune models on images with a range of aspect
ratios, which requires extensive computation, a quadratic
memory footprint, and larger training data. In addition,
this strategy requires a set of resolutions to be specified up-
front during training time, while the models still struggle to
generalize to new resolutions during inference, often result-
ing in artifacts. Recent works also show remarkable results
in generating panoramic images using pretrained diffusion
models by overlapping generated patches into a larger im-
age [3, 63]. These methods work well for landscape im-
ages with repetitive patterns. However, their lack of global
guidance limits their abilities to generate images of single
objects or faces where global structure is important. Recent
work [24, 50, 51] aimed at extending pre-trained diffusion
models capabilities to others domains, often in a training-
free way [4, 7, 13, 28, 30, 34, 47, 54, 61]. Few concurrent
work [9, 10, 12, 31, 60] focus on adapting them to higher
resolutions, yet they are constrained to square images.

In this work, we propose ElasticDiffusion, a novel de-
coding strategy that takes a pretrained diffusion model and
generate images at arbitrary sizes during inference using a
constant memory footprint. To achieve this, we revisit the
guidance mechanism of conditional diffusion models to de-
couple global and local content generation. Global content
controls the high-level aspects of the image, whereas local
content adds finer, more granular details. This separation fa-
cilitates generating the local content in patches for images
of varying sizes, all while being guided with global content
that we derive from a reference image at the diffusion model
pretraining resolution. This enables the synthesis of images
at diverse resolutions and aspect ratios while adhering the
diffusion forward calls to the model’s initial training size.
To aid in this task, we introduce several techniques includ-
ing an efficient patch fusion method for smooth boundaries,
a novel guidance strategy to reduce image artifacts, and a
global content resampling technique that amplifies the res-
olution of diffusion models up to 4X the training size.

Figure 1 shows a diverse array of images generated with
ElasticDiffusion. Several of theses images include a single
object or were generated with extreme aspect ratios, show-
casing our method’s ability to produce coherent images un-
der various sizes. Quantitatively, ElasticDiffusion outper-
forms baselines across most aspect ratios. More impor-
tantly, despite relying on Stable Diffusion , ElasticDiffu-
sion obtains comparable FID ( vs ) and CLIP
scores ( vs ) as SDXL when generating images
at , which is the native resolution of SDXL.

2. Related Work
Diffusion Models have been widely adopted for their high-
quality outputs in generative tasks [8, 11, 15, 20, 22, 35,
37, 39, 43, 55, 58]. These models involve iterative decod-
ing with many steps leading to high compute and memory
requirements. Recent work addressed these issues by de-
vising faster sampling strategies [26, 48], hierarchical mod-
els [19, 37, 43], progressive training at increasing resolu-
tions [33, 35, 39], and two-stage models [35, 39, 42, 53].
Stable Diffusion (SD) [39] trains a variational auto-encoder
to compress images into a low-dimensional latent
space and trains a diffusion model on this latent space. To
train for higher resolutions, models are initially trained at a

resolution, before fine-tuning them at
and in the case of SDXL [35]. SD is one of
the few large-scale diffusion models that released trained
parameters, making it the building block for many subse-
quent work [5, 16, 40, 44, 52, 53]. However, these models,
including SD, are confined to specific resolutions and do
not generalize well to aspect ratios unseen during training.
Interestingly, despite being presented with a reso-
lution during their early training stages, both SD and SDXL
fail to generate realistic images at this resolution after be-
ing fine-tuned for larger outputs. ElasticDiffusion enables
high quality generation at unseen resolutions including re-
enabling consistent high quality outputs for SD at .

Mixture of diffusers [63] and MultiDiffusion [3] generate
panoramic images using a pre-trained diffusion model by
generating overlapping crops and combining the generation
signal of the overalpping regions. Blending multiple gener-
ation signals spatially has been of interest in many previous
work [1, 63]. SDXL [35] and Any-Size-Diffusion [62] fine-
tune a pre-trained SD on a fixed set of resolutions. A con-
current work [14] uses dilated convolution kernels to reduce
SD artifacts when generating non-square images. ElasticD-
iffusion extends a pre-trained SD to generate images of var-
ious sizes at a constant memory requirement and without
additional training, all while ensuring global coherence.

Guided diffusion models devise strategies to condition
image generation based on text and other modalities [2, 2,
6, 18, 23, 25, 32, 39, 57, 59]. Classifier guidance [32] uses
a pre-trained classifier on noisy images to guide the gener-
ation process. Classifier-free guidance [18] eliminates the
need for a pretrained classifier but requires training a condi-
tional diffusion model, limiting its applications. Universal
Guidance [2] applies a pre-trained classifier on the noise-
free images produced by DDIM [48], bypassing training
on noisy images. StableSR [53] uses LoRA [21] to condi-
tion the generation on low-resolution inputs to achieve su-
perb image super-resolution. Inspired by this, we propose
Reduce-Resolution Guidance (Sec. 4) to constrain the gen-
eration of high-res images using a lower resolution version,
substantially reduceing artifacts without extra training.
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3. B a c k g r o u n d: Diff usi o n M o d els

A c o n diti o n al diff usi o n m o d el ϵ θ : X × C → X pr e di cts a
l ess n ois y v ersi o n of t h e i n p ut i m a g e x ∈ R H × W × 3 , c o n di-
ti o n e d o n v ari a bl e c ∈ R D (e. g . a t e xt e m b e d di n g). St arti n g
wit h x T ∼ N ( 0, I ), t h e r e v ers e diff usi o n pr o c ess pr o gr es-
si v el y d e n ois e x T o v er T st e ps t o g e n er at e a r e alisti c i m a g e
x 0 t h at c o nf or ms t o t h e i n p ut c o n diti o n c t hr o u g h:

x t − 1 = ϵ θ (x t , c) f or t = T, T − 1 , . . . , 1 ,

w h er e ϵ θ is t h e d e n oisi n g n et w or k. St a n d ar d diff usi o n m o d-
els o p er at e i n t h e pi x el s p a c e, b ut ot h ers li k e L at e nt Dif-
f usi o n M o d els [3 9 ] i nst e a d o p er at e o n a l at e nt i m a g e e n-
c o di n g s p a c e t o r e d u c e m e m or y f o ot pri nts. A U- N et ar c hi-
t e ct ur e is c o m m o nl y us e d t o i m pl e m e nt t h e d e n oisi n g n et-
w or k a n d is t y pi c all y tr ai n e d o n i m a g es at a fi x e d r es ol uti o n
H × W [8 , 3 9 , 4 3 ]. T h e c o n v ol uti o n al ar c hit e ct ur e of a
U- N et all o ws f or i n p uts a n d o ut p uts of ar bitr ar y s p ati al di-
m e nsi o ns . I n or d er t o g e n er at e a n i m a g e of a diff er e nt si z e
¯H × ¯W at i nf er e n c e ti m e, o n e c a n s a m pl e a n i niti al n ois e
v ari a bl e x̄ T ∈ R

¯H × ¯W × 3 a n d f oll o w t h e s a m e diff usi o n pr o-
c ess. H o w e v er, w e fi n d t h at t his w or ks p o orl y i n pr a cti c e,
r es ulti n g i n a si g ni fi c a nt d e gr a d ati o n i n o ut p ut q u alit y.

D e n oisi n g Diff usi o n I m pli cit M o d els ( D DI Ms) i ntr o-
d u c e a f ast er n o n- M ar k o vi a n s a m pli n g str at e g y, b y p assi n g
d e n oisi n g st e ps. T h e r e v ers e diff usi o n st e p i n D DI M is:

x t − 1 =
√

ᾱ t − 1

x t − 1 − ᾱ t ϵ
( t )
θ ( x t )

√
ᾱ t

pr e di ct e d x̂ t
0

+ 1 − ᾱ t − 1

dir e cti o n
p oi nti n g
t o x t

, ( 1)

w h er e ᾱ t =
t
i = 1 1 − β i is a c u m ul ati v e pr o d u ct of t h e

n ois e l e v els usi n g a pr e d et er mi n e d v ari a n c e s c h e d ul e β . x̂ t
0

is a n ois e-fr e e esti m ati o n of x t o bt ai n e d b y s u btr a cti n g t h e
pr e di ct e d n ois e s c al e d f or st e p t. We ass u m e a d et er mi nisti c
s a m pli n g pr o c ess i n t h e D DI M f or m ul a [ 4 8 ] f or si m pli cit y.

Cl assi fi e r- F r e e G ui d a n c e u p d at es t h e r e v ers e diff usi o n
pr o c ess t o c o n diti o n it o n a gi v e n c o n diti o n c as:

ϵ̂
( t )
θ (x t ) = ϵ

( t )
θ (x t )

u n c o n diti o n al
s c or e

+( 1 + w ) · (ϵ
( t )
θ (x t , c) − ϵ

( t )
θ (x t ))

∆ C ( x, c ) : cl ass dir e cti o n s c or e

. ( 2)

ϵ θ (x, c ) is a pr etr ai n e d c o n diti o n al diff usi o n m o d el, a n d w
is a s c ali n g f a ct or. T h e diff er e n c e b et w e e n t h e c o n diti o n al
ϵ θ (x, c ) a n d u n c o n diti o n al ϵ θ (x ) s c or es, d e n ot e d as cl ass
dir e cti o n s c or e , gi v es t h e g ui d a n c e dir e cti o n t o w ar ds c .

4. El asti c Diff usi o n

T h e ai m of t his w or k is t o d e v el o p a m et h o d c a p a bl e of s y n-
t h esi zi n g i m a g es at ar bitr ar y si z e ¯H × ¯W , a n d c o nf or mi n g

Fi g ur e 2. P C A of diff usi o n s c o r es: cl ass- dir e cti o n s c or e (t o p)
di ct at es gl o b al c o nt e nt b y cl ust eri n g o n s e m a nti c p arts, w hil e t h e
u n c o n diti o n al s c or e ( b ott o m) l a c ks pi x el c orr el ati o ns.

t o a gl o b al c o n diti o n c usi n g a pr e-tr ai n e d diff usi o n m o d el
t h at is li mit e d at i nf er e n c e t o its tr ai ni n g r es ol uti o n H × W .
T o a c hi e v e t his, w e o bs er v e a m ai n i nsi g ht wit h r es p e ct t o
t h e diff usi o n s c or es i n E q. (2 ) t h at w e vis u ali z e i n Fi g. 2 .
T h e cl ass dir e cti o n s c or e ( ∆ c ) pri m aril y di ct at es t h e i m-
a g e’s o v er all c o m p ositi o n b y s h o wi n g cl ust eri n g al o n g s e-
m a nti c r e gi o ns ( e. g . h air) a n d e d g es. T h us, u ps c ali n g t his
s c or e m ai nt ai ns gl o b al c o nt e nt i n hi g h er r es ol uti o ns. I n c o n-
tr ast, t h e u n c o n diti o n al s c or e l a c ks i nt er- pi x el c orr el ati o n,
s u g g esti n g a l o c ali z e d i n fl u e n c e i n e n h a n ci n g d et ail at t h e
pi x el l e v el. T h us, c o m p uti n g it r e q uir es a pi x el-l e v el pr e-
cisi o n. We st u d y t h e gl o b al a n d l o c al b e h a vi o ur of t h es e
s c or es i n S u p p. S e c. 2. 1. O ur i nt uiti o n b e hi n d t his o bs er v a-
ti o n is t h at l at e nt pi x els, s p e ci fi c all y i n e arl y diff usi o n st e ps
w h er e n ois e is hi g h, dis pl a y w e a k a n d s h ort-r a n g e c orr el a-
ti o ns. T his l e a ds t h e u n c o n diti o n al s c or e t o f o c us o n l o c al
p att er ns d u e t o t h es e li mit e d pi x el i nt er a cti o ns. M e a n w hil e,
as ∆ c r e pr es e nts a l at e nt dir e cti o n t o w ar ds a s p e ci fi e d gl o b al
c o n diti o n, it e x erts a gl o b al i n fl u e n c e b y g ui di n g cl ust ers
of pi x els wit h si mil ar dir e cti o ns t o w ar ds s e m a nti c r e gi o ns,
o v erri di n g t h eir i niti al n ois y st at e. L e v er a gi n g t his i nsi g ht,
w e pr o p os e a m et h o d t o d e c o u pl e t h e g e n er ati o n of l o c al
a n d gl o b al c o nt e nt d uri n g t h e diff usi o n pr o c ess. S p e ci fi-
c all y, w e c o m p ut e t h e u n c o n diti o n al s c or e o n l o c al p at c h es
of si z e H × W w hil e si m ult a n e o usl y r esi zi n g a cl ass di-
r e cti o n s c or e, ori gi n all y d eri v e d f or a r ef er e n c e l at e nt of t h e
di m e nsi o ns H × W as w ell. T his d u al str at e g y f a cilit at es t h e
g e n er ati o n of i m a g es at v ari e d si z es usi n g a pr etr ai n e d dif-
f usi o n m o d el at its n ati v e r es ol uti o n, all w hil e m ai nt ai ni n g
t h e s a m e m e m or y r e q uir e m e nt a n d wit h o ut f urt h er tr ai ni n g.
We first pr es e nt o ur a p pr o a c h f or c o m p uti n g t h e u n c o n di-
ti o n al s c or e ( S e c. 4. 1 ). We t h e n d et ail o ur m et h o d t o esti-
m at e ( S e c. 4. 2 ) a n d u ps c al e t h e r es ol uti o n ( S e c. 4. 3 ) of t h e
cl ass dir e cti o n s c or e. Fi n all y, w e c o m bi n e t h e t w o esti m at e d
s c or es wit h a n o v el g ui d a n c e str at e g y t o g e n er at e i m a g es at
ar bitr ar y si z es ( S e c. 4. 4 ). T h e g e n er ati o n pr o c ess of El as-
ti c Diff usi o n is ill ustr at e d i n Fi g. 3 .

4. 1. Esti m ati n g t h e U n c o n diti o n al S c o r e

B uil di n g u p o n pr e vi o us w or k [ 3 , 5 3 , 6 3 ], w e esti m at e t h e

u n c o n diti o n al s c or e f or a l ar g e l at e nt si g n al x̄ t ∈ R
¯H × ¯W × 3

b y c o n c at e n ati n g s c or es d eri v e d fr o m l o c al p at c h es. S p e cif-
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Fi g ur e 3. Ill ust r ati o n of El asti c Diff usi o n: We g e n er at e i m a g es at v ari o us si z es b y g e n er ati n g l o c al a n d gl o b al c o nt e nt s e p ar at el y. F or
l o c al c o nt e nt, w e p artiti o n t h e l at e nt x̄ t i nt o n o n- o v erl a p pi n g p at c h es p k , e a c h c o n c at e n at e d wit h c o nt e xt c k t o esti m at e t h eir u n c o n diti o n al
s c or e. F or gl o b al c o nt e nt, w e d o w ns a m pl e x̄ t t o x t , p a d t o a s q u ar e si z e (x̂ t ), c o m p ut e cl ass- dir e cti o n s c or e (∆ c ), a n d u ps c al e t o m at c h x̄ t .

i c all y, w e di vi d e i m a g e x̄ t t o K p at c h es P k ∈ R H × W × 3

a n d c o m p ut e t h e s c or e as ϵ θ ( x̄ t ) = { ϵ θ (P k ); ∀ k ≤ K } . A
c o m m o n c h all e n g e e n c o u nt er e d wit h t his i m pl e m e nt ati o n is
dis c o nti n uiti es at b o u n d ari es, as ill ustr at e d i n Fi g. 4 ( A). T o
a d dr ess t his, e arli er r es e ar c h c al c ul at e d t h e diff usi o n m o d el
s c or e o n e x pli citl y o v erl a p pi n g p at c h es a n d a v er a g e d t h eir
s c or es i n t h e i nt ers e cti n g r e gi o ns [ 3 , 5 3 , 6 3 ]. W hil e t his
str at e g y miti g at es dis c o nti n uiti es, it r e q uir es l ar g e o v erl a p
b et w e e n p at c h es, t h er e b y s u bst a nti all y i n cr e asi n g i nf er e n c e
ti m e a n d bl urri n g d et ails. T o s p e e d u p t h e pr o c ess, w e i ntr o-
d u c e a m or e eff e cti v e m et h o d t h at e n h a n c es b o u n d ar y tr a n-
siti o ns i n l o c al p at c h es b y i n c or p or ati n g c o nt e xt u al i nf or m a-
ti o n fr o m a dj a c e nt p at c h es, t h us n e g ati n g t h e n e e d f or si g-
n al a v er a gi n g i n o v erl a p pi n g ar e as. S p e ci fi c all y, w e s el e ct
p at c h es s m all er t h a n t h e f ull si z e p k ∈ R h × w × 3 wit h h < H
a n d w < W , a n d c o n c at e n at e t h e m wit h c o nt e xt pi x els fr o m
a dj a c e nt p at c h es, d e n ot e d as c k ∈ R ( H − h ) × ( W − w ) × 3 , t o
c o m p ut e t h e diff usi o n m o d el u n c o n diti o n al s c or e S u as:

ϵ̃ θ ( x t ) = { ϵ θ ( p k | c k ) | x̄ t = { p k ; ∀ k ≤ K } } , ( 3)

w h er e p i is a l o c al p at c h a n d c i ar e t h e c o nt e xt pi x els s ur-
r o u n di n g it. T his s u bst a nti all y i n cr e as es t h e ef fi ci e n c y of
t h e pr o c ess. F or i nst a n c e, t o g e n er at e a n i m a g e of si z e
1 0 2 4 × 1 0 2 4 , pr e vi o us m et h o ds [3 , 5 3 , 6 3 ] us e d 8 7 .5 % o v er-
l a p b et w e e n a dj a c e nt p at c h es, n e c essit ati n g 8 1 f or w ar d dif-
f usi o n c alls p er d e c o di n g st e p. I n c o m p aris o n, El asti c Diff u-
si o n a c hi e v es c o m p ar a bl e r es ults wit h o nl y 9 f or w ar d c alls,

as d e m o nstr at e d i n Fi g. 4 ( D). E m pl o yi n g t h e s a m e n u m-
b er of c alls, pr e vi o us t e c h ni q u es r es ult i n o b vi o us b o u n d ar y
dis c o nti n uiti es, as d e pi ct e d i n Fi g. 4 ( B).

4. 2. Esti m ati n g t h e Cl ass Di r e cti o n S c o r e

A si m pl e a p pr o a c h t o esti m at e a cl ass dir e cti o n s c or e of a n
i nt er m e di at e l at e nt si g n al x̄ t ∈ R

¯H × ¯W × 3 is t o u ps a m pl e
t h e s c or e fr o m a r ef er e n c e l at e nt x t ∈ R N × M × 3 t o ¯H × ¯W .
T his is p ossi bl e d u e t o o ur o bs er v ati o n t h at t h e cl ass dir e c-
ti o n s c or e r e pr es e nts a l at e nt dir e cti o n t h at c a n b e s h ar e d
b et w e e n n e ar b y pi x els. We v ali d at e t his o bs er v ati o n e m pir-
i c all y i n S u p pl e m e nt ar y. We c h o os e N < H a n d M < W
s u c h t h at N × M is as cl os e as p ossi bl e t o H × W a n d
¯H
¯W

= N
M . T his is i m p ort a nt t o m ai nt ai n t h e as p e ct r ati o a n d

pr e v e nt str et c hi n g t h e gl o b al c o nt e nt. F or m all y, w e c o m-
p ut e t h e cl ass dir e cti o n s c or e S d as:

x t ← D o w n s a m pl e( x̄ t , N × M ),

∆ C ( x̄ t , c) = U p s a m pl e( ∆ C (x t , c), ¯H × ¯W ),
( 4)

w h er e ∆ C (.) is t h e cl ass dir e cti o n s c or e fr o m E q. (2 ),
D o w n s a m pl e a n d U p s a m pl e ar e d o w ns a m pli n g a n d u p-
s a m pli n g o p er ati o ns. We us e a n e ar est- n ei g h b ors a p pr o a c h
t o pr e v e nt alt eri n g t h e st atisti cs of t h e l at e nt si g n al. I n or-
d er t o m ai nt ai n t h e i n p ut t o t h e diff usi o n m o d els at t h e
si z e H × W , w e d y n a mi c all y p a d t h e d o w ns a m pl e d l a-
t e nt x t usi n g a r a n d o m b a c k gr o u n d wit h a c o nst a nt c ol or.
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Fi g ur e 4. C o m p ari n g str at e gi es f or c al c ul ati n g diff usi o n m o d el
s c or e o n a l o c al p at c h. N o o v erl a p b et w e e n a dj a c e nt p at c h es ( A)
l e a ds t o dis c o nti n uiti es at t h e b o u n d ari es. Str at e gi es ( B) a n d ( C),
e x pli citl y o v erl a p n e ar b y p at c h es, n e c essit ati n g s u bst a nti al o v er-
l a p t o b e eff e cti v e. O ur i m pli cit o v erl a p pi n g m et h o d ( D) a c hi e v es
s u p eri or r es ults wit h c o m p ut ati o n al d e m a n d si mil ar t o ( B).

T his e n c o ur a g es t h e m o d el t o c o n c e ntr at e c o nt e nt g e n er-
ati o n wit hi n t h e c e nt er ar e a. We t h e n cr o p t h e e xt e n d e d
p arts fr o m t h e pr e di ct e d n ois e t o t h e t ar g et i m a g e r es ol u-
ti o n N × M . F or m all y w e m o dif y t h e f or w ar d c all f or t h e
r e v ers e diff usi o n st e p as:

x̂ t ← P a d x t , A t

√
ᾱ t +

√
1 − ᾱ t · Zt ,

ϵ θ (x t , c) = C r o p ( ϵ θ ( x̂ t , c) , N × M ) ,
( 5)

w h er e Z t ∼ N ( 0, I) r e pr es e nts t h e i nj e ct e d G a ussi a n n ois e
at e a c h st e p, a n d A t r e pr es e nts a b a c k gr o u n d i m a g e of si z e
(H − N ) × (W − M ) wit h a c o nst a nt c ol or v al u e Y r a n d o ml y
s a m pl e d fr o m a u nif or m distri b uti o n. T his si m pl e p a d di n g
o p er ati o n g u ar a nt e es t h at t h e i n p ut t o t h e diff usi o n m o d el
is k e pt at H × W , w hil e e n c o ur a gi n g t h e diff usi o n m o d el
t o k e e p t h e g e n er at e d c o nt e nt wit hi n t h e cr o p p e d N × M
c e nt er t h at w e ar e i nt er est e d i n.

4. 3. R e fi n e d Cl ass Di r e cti o n S c o r e

S h ari n g t h e cl ass dir e cti o n s c or e a m o n g n e ar b y pi x els c a n
r es ult i n o v er-s m o ot h e d i m a g es. T o miti g at e t his, w e pr o-
p os e a n it er ati v e r es a m pli n g t e c h ni q u e t h at i n cr e as es t h e
r es ol uti o n of t h e esti m at e d cl ass dir e cti o n s c or e b y e xtr a p-
ol ati n g missi n g i m a g e c o m p o n e nts fr o m t h eir s urr o u n di n g
c o nt e xt, f oll o wi n g [ 2 9 ]. O ur t e c h ni q u e i n v ol v es a gr a d-
u al e n h a n c e m e nt of t h e cl ass dir e cti o n s c or e’s r es ol uti o n
b y esti m ati n g a n d i nt e gr ati n g it f or n e wl y s a m pl e d pi x els.
S p e ci fi c all y, i n e a c h it er ati o n, w e r e pl a c e n % of t h e pi x els

Fi g ur e 5. T h e Eff e ct of R e d u c e d- R es ol uti o n G ui d a n c e ( R R G).
Hi g h er R R G w ei g hts eff e cti v el y eli mi n at es e m er gi n g artif a cts al-
b eit at t h e c ost of sli g htl y bl urri er o ut p uts. δ = 2 0 0 stri k es a g o o d
b al a n c e. I m pr o v e m e nts ar e m or e n oti c e a bl e w h e n z o o mi n g i n.

Fi g ur e 6. Eff e ct of R es a m pli n g. A p pl yi n g m or e r es a m pli n g st e ps
n oti c e a bl y e n h a n c es d et ail i n t h e g e n er at e d i m a g es.

i n x t wit h n e wl y s a m pl e d o n es fr o m x t t o g et a n u p d at e d
v ersi o n x̃ t . F oll o wi n g e a c h u p d at e, t h e dir e cti o n s c or e is r e-
c al c ul at e d a n d bl e n d e d wit h t h e pr e vi o usl y c al c ul at e d s c or e.
F or m all y, w e c o nsi d er S 0

d = S d a n d d e fi n e t h e it er ati v e r e-
s a m pli n g as:

S r + 1
d = S r

d ⊙ m + S̃ d ⊙ ( 1 − m ), ( 6)

w h er e m ∈ { 0 , 1 }
¯H × ¯W is a m as k wit h a v al u e of 1 at t h e

p ositi o ns of t h e n e wl y s a m pl e d pi x els a n d 0 els e w h er e. S̃ d

r e pr es e nts t h e r e c al c ul at e d cl ass dir e cti o n s c or e o n x̃ t as
p er E q. ( 4 ). T his m et h o d esti m at es t h e cl ass dir e cti o n s c or e
of n % n e w pi x els w hil e r et ai ni n g t h e i nf or m ati o n of t h e
pr e vi o usl y esti m at e d s c or e, t h er e b y i n cr e asi n g t h e s c or e’s
o v er all r es ol uti o n. I n o ur e x p eri m e nts, w e s et n t o 2 0 % a n d
r e p e at t h e pr o c ess R ti m es, d e p e n di n g o n t h e t ar g et g e n er a-
ti o n r es ol uti o n. Fi g. 6 d e m o nstr at es t h e eff e cti v e n ess of o ur
m et h o d i n e n h a n ci n g t h e d et ails of t h e g e n er at e d i m a g es.

4. 4. R e d u c e d- R es ol uti o n G ui d a n c e ( R R G)

We eff e cti v el y esti m at e t h e u n c o n diti o n al s c or e si g n al a n d
c o n c urr e ntl y st e er t h e i m a g e g e n er ati o n usi n g t h e cl ass di-
r e cti o n s c or e. H o w e v er, i n a c c ur a ci es i n u n c o n diti o n al s c or e
esti m ati o n or fl u ct u ati o ns i n l o c al c o nt e nt, es p e ci all y fr o m
dist a nt p at c h es, c a n l e a d t o artif a cts. T o e n h a n c e i m a g e c o-
h er e n c e a n d di mi nis h artif a cts, w e c o nsi d er a d o w ns a m pl e d
v ersi o n of t h e l at e nt at e a c h d e c o di n g st e p as a r ef er e n c e a n d
ai m t o ali g n t h e d e c o d e d l at e nt wit h it t hr o u g h o ur r e d u c e d-
r es ol uti o n l at e nt u p d at e str at e g y. S p e ci fi c all y, w e utili z e t h e
n ois e-fr e e s a m pl e x̂ t

0 of t h e l at e nt x t fr o m E q. (1 ) a n d g e n-
er at e a c orr es p o n di n g n ois e-fr e e s a m pl e x̂ t

0 fr o m its d o w n-
s a m pl e d c o u nt er p art x t i n E q. (4 ) as:

x̂ t
0 =

1
√

ᾱ t
( x t −

√
1 − ᾱ t · ( ϵ θ ( x t ) + ( 1 + w ) · ∆ C ( x t , c) ) ) ,

H er e, b ot h x̂ t
0 a n d x̂ t

0 c orr es p o n ds t o t h e s a m e l at e nt u p-
d at e at diff er e nt r es ol uti o ns. D u e t o its s m all er di m e nsi o n,
x̂ t

0 h as a br o a d er c o nt e xt w h e n c o m p uti n g t h e u n c o n diti o n al
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Fi g ur e 7. Q u alit ati v e c o m p a ris o n at v a ri o us r es ol uti o ns o n C el e b A H Q f a c es. El asti c Diff usi o n c o nsist e ntl y g e n er at es c o h er e nt i m a g es
at all r es ol uti o ns. St a bl e Diff usi o n , a n d M ulti Diff usi o n pr o d u c e r e p e ati n g b o d y p arts at hi g h er r es ol uti o ns, w hil e St a bl e Diff usi o n- X L f ails t o
m ai nt ai n its q u alit y at l o w er r es ol uti o ns, r es ulti n g i n n ois y o ut p uts at 2 5 6 × 2 5 6 . We e x cl u d e M ulti Diff usi o n r es ults at 2 5 6 × 2 5 6 as it is
n ot d esi g n e d t o pr o d u c e i m a g es at l o w er r es ol uti o ns.

si g n al. T o g ui d e x t wit h its d o w ns a m pl e d r ef er e n c e, w e r e-
fi n e t h e l at e nt x t wit h t h e dir e cti o n t h at mi ni mi z es L 2 dif-
f er e n c e b et w e e n x̂ t

0 a n d x̂ t
0 . F or m all y,

x̄ t − 1 ← x̄ t − 1 − δ t ∇ x t
||U p s a m pl e( x̂ t

0 , ¯H × ¯W ) − x̂ t
0 ||, ( 7)

w h er e δ t r e pr es e nt t h e w ei g ht of t h e g ui d a n c e. Si n c e t h e
o v er all i m a g e str u ct ur e is d et er mi n e d i n t h e e arl y diff usi o n
st e ps, w e st art wit h δ t = 4 0 0 a n d f oll o w a c osi n e s c h e d-
ul er t o d e cr e as e t his w ei g ht f or l at er diff usi o n st e ps. T his
s c h e d uli n g str at e g y miti g at es p ot e nti al q u alit y d e gr a d ati o n
fr o m m at c hi n g t h e g e n er at e d i m a g e wit h a l o w er-r es ol uti o n
v ersi o n w hil e all o wi n g t h e m o d el t o fill-i n hi g h er-r es ol uti o n
d et ails i n t h e l at er d e c o di n g st a g es. Fi g. 5 ill ustr at es h o w
R R G eli mi n at es e m er gi n g artif a cts.

5. E x p e ri m e nts

El asti c Diff usi o n s u p p orts g e n er ati n g i m a g es a cr oss diff er-
e nt r es ol uti o ns a n d as p e ct r ati os. O ur e x p eri m e nts f o c us
o n: ( 1) s q u ar e i m a g es at m ulti pl e r es ol uti o ns, a n d ( 2) i m-
a g es wit h v ari e d as p e ct r ati os a n d r es ol uti o ns.
D at as ets. We e v al u at e t h e g e n er ati o n of s q u ar e i m a g es o n
t h e M ulti- M o d al C el e b A H Q d at as et [5 6 ], w hi c h i n cl u d es
hi g h-r es ol uti o n s q u ar e f a c e i m a g es a c c o m p a ni e d wit h t e xt
d es cri pti o ns. We e v al u at e diff er e nt as p e ct r ati o g e n er ati o n
usi n g t h e L AI O N- C O C O d at as et [ 4 6 ], d eri v e d fr o m t h e
w e b- cr a wl e d L AI O N- 5 B d at as et [ 4 5 ], w hi c h i n cl u d es a v a-
ri et y of i m a g e as p e ct r ati os a n d c o nt ai ns l a n ds c a p es, p e o pl e,

o bj e cts, a n d e v er y d a y s c e n es, e a c h p air e d wit h a s y nt h eti c
c a pti o n g e n er at e d usi n g B LI P [ 2 7 ]. We c o nsi d er f o ur c o m-
m o n as p e ct r ati os: 9: 1 6, 1 6: 9, 3: 4 a n d 4: 3.

E v al u ati o n M et ri cs. F oll o wi n g pri or t e xt-t o-i m a g e s y n-
t h esis w or ks [3 , 3 3 , 3 5 , 3 8 , 4 3 ], w e us e a ut o m ati c e v al u-
ati o n m etri cs Fr e c h et I n c e pti o n Dist a n c e ( FI D) a n d C LI P-
s c or e . FI D [1 7 ] m e as ur es b ot h t h e r e alis m a n d di v ersit y of
t h e g e n er at e d i m a g es b y c al c ul ati n g t h e diff er e n c e b et w e e n
f e at ur es of t h e r e al a n d g e n er at e d i m a g es c o m p ut e d usi n g
I n c e pti o n- V 3 [4 9 ] pr etr ai n e d o n I m a g e N et [4 1 ]. C LI P-
s c or e us es a pr etr ai n e d t e xt-i m a g e C LI P m o d el [ 3 6 ] t o m e a-
s ur e ali g n m e nt b et w e e n t h e g e n er at e d i m a g es a n d i n p ut
pr o m pts. We us e 1 0, 0 0 0 i m a g es t o c o m p ut e t h es e s c or es.

B as eli n es. We c o m p ar e o ur a p pr o a c h a g ai nst pri or diff u-
si o n m o d el g e n er ati o n m et h o ds, s p e ci fi c all y f o c usi n g o n
St a bl e Diff usi o n ( S D) a n d M ulti Diff usi o n ( M D) . S D f oll o ws
t h e st a n d ar d r e v ers e diff usi o n pr o c ess o n a n i m a g e l at e nt
s p a c e. M D us es a pr etr ai n e d S D f or p a n or a mi c i m a g e g e n-
er ati o n, b y cr e ati n g s m all er, o v erl a p pi n g p at c h es a n d a v-
er a gi n g t h e Diff usi o n M o d el s c or es i n i nt ers e cti n g ar e as.
F or b as eli n e c o m p aris o ns, w e fi x t h e pr e-tr ai n e d diff usi o n
m o d el t o S D 1 .4 , w hi c h is tr ai n e d t o g e n er at e i m a g es at a
r es ol uti o n of 5 1 2 × 5 1 2 . A d diti o n all y, w e c o m p ar e o ur
m et h o d wit h S D X L , a n e n h a n c e d S D m o d el t h at is t hr e e
ti m es l ar g er t h a n t h e st a n d ar d o n e. S D X L is tr ai n e d at a
hi g h er r es ol uti o n of 1 0 2 4 p , a n d fi n e-t u n e d o n a s p e ci fi c s et
of as p e ct r ati os wit h pi x el s u ms cl os e t o 1 0 2 4 2 . We e x cl u d e
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Figure 8. Qualitative comparison on various aspect ratios.
ElasticDiffusion effectively handles a variety of aspect ratios. In
comparison, SD and MultiDiffusion generate unrealistic images,
while SDXL outputs exhibit a decline in the perceptual quality.

the latent refinement module in SDXL and focus our anal-
ysis on the base model. Throughout our experiments, we
employ a DDIM sampling strategy with 50 steps and use

for the classifier-free guidance scaling factor. We also
ensure consistency in seeds and captions for all baselines.

5.1. Qualitative Results

We show square image generation samples in Fig. 7 gen-
erated from the CelebAHQ dataset at various resolutions.
Both MultiDiffusion and Stable Diffusion have a tendency
to replicate textures and body parts at higher resolutions, re-
sulting in images that lack coherence. At resolutions lower
than its training resolution , StableDiffusion aligns
poorly with the provided captions and produces unappeal-
ing images. SDXL, trained for resolution,
has a similar trend of reduced perceptual quality at lower
sizes, eventually producing complete noise at a resolution
of . In contrast, ElasticDiffusion maintains im-
age coherence across all tested resolutions, and yields re-
sults comparable to SDXL at , despite using a
less powerful base model and lower memory. We excluded

Table 1. Quantitative comparison of on CelebA-HQ and LAION-
COCO at different resolution. We indicate the best performances
in bold, and underline the second best ones. #Calls represent the
number of diffusion model calls required at each decoding steps.

Res. Method
CelebA-HQ LAION-COCO

#Calls Mem.
FID ↓ CLIP ↑ FID ↓ CLIP ↑

256
×

256

SD1.4 258.43 20.14 54.06 21.43 2 7.2GB

SDXL 368.06 14.40 175.87 14.60 2 18.5GB

Ours1.4 235.23 23.88 23.77 26.30 2 8.6GB

512
×

512

SD1.4 233.40 24.00 20.50 27.33 2 8.6GB

SDXL 240.20 21.57 42.58 25.34 2 21.6GB

768
×

768

SD1.4 238.87 23.45 29.89 27.01 2 11.1GB

MD1.4 240.56 22.82 29.98 27.31 50 8.6GB

SDXL 225.48 24.23 23.31 27.88 2 24.5GB

Ours1.4 225.86 26.66 25.78 25.93 17 8.6GB

1024
×

1024

SD1.4 266.01 21.90 47.01 25.70 1 14.7GB

MD1.4 264.57 21.55 37.70 26.96 162 8.6GB

SDXL 230.21 24.62 25.58 28.06 1 27.5GB

Ours1.4 228.87 23.74 27.76 26.07 33 8.6GB

results at because both our method and Multi-
Diffusion generate same outputs as the base Stable Diffu-
sion model. We also omitted the results of MultiDiffusion at

since it is not designed to generate images at sizes
smaller than the base model. Fig. 8 presents generated sam-
ples at various aspect ratios. We observe a similar trend of
pattern repetition and reduced perceptual quality for images
generated by the baselines, in contrast to those generated
by ElasticDiffusion. Finally, we apply our method using
SDXL as the base model to enable Full-HD image genera-
tion ( ) and provide examples in Supp. Sec. 3.3.

5.2. Quantitative Results

Table 1 shows quantitative evaluations. StableDiffusion
shows increasing image quality degradation, as indicated
by the FID metric when processing images of sizes differ-
ent from its training resolution . MultiDiffusion
slightly improves FID at the expense of a substantially more
forward calls. SDXL demonstrates similar declines in qual-
ity at resolutions far from its fine-tuning size of .
ElasticDiffusion, however, improves FID while maintaining
a comparable CLIP-score to the base model. ElasticDiffu-
sion also significantly improves the performance for lower
resolutions , while achieving comparable results
to SDXL at its training resolution , with only

of the memory requirement for SDXL.
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Table 2. Quantitative comparison of on LAION-COCO
datasets at various aspect ratios (A) and resolutions (R). best
performances are in bold, andthe second best are underlined. Ver-
tical means the resolution is transposed from H:W to W:H.

A R Method
Horizontal Vertical

FID ↓ CLIP↑ FID ↓ CLIP↑

3:4

384
×

512

SD1.4 38.86 24.63 17.66 26.54
MD1.4 – – – –
SDXL 104.84 21.33 68.84 22.40
Ours1.4 35.10 24.91 15.50 27.33

512
×

680

SD1.4 45.54 24.96 16.81 27.33
MD1.4 43.44 24.56 19.13 26.80
SDXL 62.80 24.20 28.23 26.17
Ours1.4 41.06 24.40 18.90 26.83

768
×

1024

SD1.4 71.00 24.09 28.83 26.30
MD1.4 54.89 25.02 26.35 26.95
SDXL 47.05 25.79 19.50 27.41
Ours1.4 47.03 24.91 22.52 25.80

9:16

288
×

512

SD1.4 23.50 24.69 24.01 24.89
MD1.4 – – – –
SDXL 121.83 17.65 112.41 18.54
Ours1.4 23.23 25.26 22.86 26.30

512
×

904

SD1.4 29.86 25.34 27.45 26.01
MD1.4 26.35 25.70 26.70 25.28
SDXL 29.60 25.40 27.27 26.08
Ours1.4 22.85 25.01 26.68 26.12

Table 2 provides an evaluation on a variety of aspect
ratios and resolutions for both horizontal and vertical im-
age resolutions. StableDiffusion obtains worse FID score
with increasing resolutions, while surprisingly maintaining
or improving its CLIP-score. We posit that since CLIP-
score quantifies the agreement between the input prompt
and the generated image, StableDiffusion benefits from gen-
erating repetitive textures and artifacts that align closely
with the prompt. For example, a photo of repeated lipsticks
might align more with the caption ”lipstick” despite its
poor composition. MultiDiffusion generally enhances im-
age quality but does not achieve satisfactory performance.
MultiDiffusion struggles with objects that span the entire
image (e.g. Fig. 8). Our method consistently improves FID
over the baseline on horizontal and most vertical resolutions
while preserving fidelity to the input prompts, thereby at-
taining comparable or superior CLIP-scores. Remarkably,
even with a larger model size and explicit fine-tuning at a
similar resolution of , SDXL only marginally
surpasses our method at the resolution.

Table 3. Ablation analysis of ElasticDiffusion on 500 images.

Model Details FID CLIP

ElasticDiffusion 133.67 25.82
w/o Resampling 150.01 23.82
w/o RRG 150.64 24.34
w/o Imp. overlap, w/ exp. overlap 141.42 25.82

5.3. Ablation study

Tab. 3 presents results of our method when excluding key
components, demonstrating that each element improves
performance. Fig. 4 illustrates the effectiveness of our pro-
posed implicit overlap method in resolving boundary dis-
continuities at a reduced computational cost. Fig. 5 high-
lights the effectiveness of Reduced-Resolution Guidance in
removing emerging artifacts. Fig. 6 shows the effectiveness
of our iterative resampling technique in enhancing details.

6. Discussion and Conclusion

Experimental results highlight the adaptability and effec-
tiveness of ElasticDiffusion at steering diffusion models to
produce an array of resolutions and aspect ratios. ElasticD-
iffusion requires no fine-tuning, consumes a constant mem-
ory footprint, enables both increased and reduced resolu-
tions, and can generate a variety of aspect ratios.

ElasticDiffusion, however, does have several practical
limitations. First, inaccuracies in estimating the global and
local signals may result in artifacts. Although we attempt
to mitigate artifacts with our Reduced-resolution guidance,
it can still generate blurrier outputs. Second, since the
global content guidance is initially estimated at the original
training resolution of the underlying diffusion model, our
method is less effective in generating images at significantly
extended sizes beyond the training resolution. In particular,
at extreme resolutions beyond 4X, our method produces ar-
tifacts and images of a lower perceptual quality. We provide
examples of these failure cases in Supp. Sec. 10.4.

The main insight underpinning our method is a novel
reinterpretation of classifier-free guidance in somewhat dis-
entangling both global and local content. Our comprehen-
sive evaluations demonstrate the feasibility of disentangling
these signals, yet the full extent of their separation offers an
avenue for further exploration in this direction. We hope
that our findings inspire future work in investigating the
separation of global and local content guidance signals for
image synthesis. This separation holds potential for vari-
ous applications such as selectively manipulating local and
global content or enhancing style transfer. Additionally, the
rich semantic representation in the class-direction score has
the potential for improving discriminative models.
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