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Figure 1. DiffusionCLIP can even perform manipulation of 512 x 512 images using the ImageNet [37] pretrained diffusion models. Thanks
to the near-perfect inversion capability, DiffusionCLIP enables the zero-shot text-driven manipulation, moving a step forward to the general
text-driven manipulation. In contrast, due to the diversity of the images in ImageNet, GAN-based inversion and its manipulation in the latent
space of ImageNet shows limited performance [5, 10]. Hence, zero-shot text-driven manipulation using ImageNet pretrained GAN have been

rarely explored. For more results, see Fig. 7, 17, 18 and 19.

A. Details on Related Works
A.1. DDPM, DDIM and ODE Approximation

Denoising diffusion probabalistic models (DDPM). Dif-
fusion probabilistic models [ 8] are a class of latent variable
models based on forward and reverse processes. Suppose
that our model distribution py () tries to approximate a
data distribution ¢(x(). Let X denote the sample space
for o generated from a sequence of latent variables x; for

t=1,---,T, where z1r ~ N(0,I). In the forward process,
noises are gradually added to data x( and the latent sequence
set 1.7 are generated through the following Markov chain
upon a variance schedule defined by {3;}7_;:
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where ODE approximation. In fact, DDIM can be considered as

) p_— a Euler method to solve ODE. Speci cally, Eq. (8) can be
a(xejxt 1) := N( Xt 15 tl): (2)  represented as:
Then, q(xjXo) can be represented in a closed form as ' — T ' — F 3 ! _
A0xeixo) N (xe; ™ “oxoi (1 o), where ¢:=1 X xS 1 (e
and = "L, (1 ). Then, we can samp as: (10)

_P— P "y S
Xe=" Xot 1 wiwherew N (0:1): (3) If we sety; = P 1= x{ andp; := P 1= ¢ 1, wecan

In the reverse process; is denoised to generate through  fewrite Eq. (10) as follows:
the following Markov process:

yer ye=(po1 p) (Xt (11)
P (XoT) = p(xT)v P (Xt 1jX¢); (4) In the limit of small steps, this equation goes to ODE
=t dyr = (x¢;t)dp:

wherext N (0;1) and
P (Xt 1jxt) = N( (Xe;t);  (Xe;9)1); )

where  (x¢;t) is set to be learnable to improve the sample Vis1  Ye=(p+1 Pt) (Xgt); (12)
quality [28] and

Then, the reversal of this ODE can be derived as follows:

which becomes:

1 1 r r__ r r !
X;t) = p— X — (Xi;t) (6 1 1 1 1
(Xt;1) p*t t plit (Xt; 1) (6) ~—xu =i = = 1 = 1 (xob):
and the neural network (X; t) is trained with the following (13)

improved objective [15]: Finally, the above equation can be written as:

) p_— P )
Lsimple = Exomiiw  ( txo+ 1 w;t)iiz; (7)

wherew N (0;1).
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which is equal to our forward DDIM process formulation

- e that is used in Sec. 3.2.
Denoising diffusion implicit models (DDIM). An alter-

native non-Markovian forward process that has the sameA.2. Additional Related Works
forward marginals as DDPM and corresponding sampling
process is proposed in [40]. Here, the forward diffusion is
described by

Diffusion-based image manipulation. Recent diffusion
models have demonstrated impressive performance in image
generation [13,18, 21, 242] with additional advantages of
Xt = P T X0+ P 1z great mode coverage and stable training.
) o ) Despite this recent progress, only a few studies [8, 26]
while the reverse diffusion can be represented as foIIowmg:haWe been carried out for image manipulation with diffu-
q sion models, such as local editing and the image translation
Xt 1= P Taof (xgt)+ 1 1 2 (xgt)+ Pz from unseen domain to the trained domain. In ILVR [3],
@) image translation where the low-frequency component of
the reference image is conditioned at each transition during
wherez N (0;1) andf (xi;t) is a the prediction 0ko  the sampling process is introduced. In SDEit [26], images
att givenxt : with the user's local edit or strokes are rst noised via the
X4 p T 7 (xit) stochastic SDE process, and subsequently denoised by simu-
f(Xe;t) = P ; 9 lating the reverse SDE to generate the realistic image in the
pretrained domain. However, it is not clear how these meth-
and (Xxy;t) is computed by (7). ods can be extended for more general image manipulation
This sampling allows using different reverse samplers by applications, such as attribute manipulation, translation from
changing the variance of the reverse noiseEspecially, by  the trained domain to multiple unseen domains, etc.
setting this noise to 0, which is a DDIM sampling process  On the other hand, DiffusionCLIP enables text-guided
[40], the sampling process becomes deterministic, enablingimage manipulation with an in nite number of types of text-
to conversation latent variables into the data consistently anddriven attributes, and translation of images in the pretrained
to sample with fewer steps. or an unseen domain to another unseen domain.

t



GAN-based image manipulation. Image manipulation Algorithm 1: DiffuisonCLIP ne-tuning
methods have been mostly implemented using GAN models:

Conditional GAN methods [7, 11, 20,29, 31,46, 56,57] learn Input: (pretrained model)‘,xg,')gi’\'z1 (images to
direct mappings from original images to target images. How- precompute)yrer (reference text)yea (target
ever, these methods need additional training and collection text), to (return step)Syor (# of inversion
of the dataset with a huge amount of manual effort whenever steps) Sgen(# of generation stepslk (# of
the new controls are necessary. ne-tuning iterations)

In GAN inversion based methods4,6,17,34,35,43, Output:  ~ (ne-tuned model)

,54,55], an inputimage is rst converted to alatent vector !/ Step L: frecompute latents
so that the image can be manipulated by modifying the latent 1 Denef sgif s.t. 1 =0; = to.

or ne-tuning the generator. In recent works [16,30], GAN 2 fori =1;2;:::;N do

inversion is combined with the CLIP loss [37], so thatimage 3 | for s= 1;2;: 15S0r 1do

manipulation given simple text prompts can be achieved 4 CARES T S B SN

without additional training dataset for target distribution. 5 x® f+ 1T
However, image manipulation by GAN inversion still (.) 0

demands further investigation, because many datasets aré | Save the latent, Stor”

still hard to invert due to the limited inversion capability of /I Step 2. Update the diffusion model

GAN models [19, 23, 34]. Even the encoder-based GAN 7 Clone the pretrained modek

inversion approaches [3, 34,43], which is the current state-g De ne f Sgsgen st 1=0; ., = to.

of-the-art (SOTA) methods, often fail to reconstructimages ¢ for k =1:2:::::K do
with novel poses, views, and details, inducing the unintended 1o fori = 1;2; 222N do

change in the manipulation results. This issue becomes Clone the latene®  x )
even worse in the case of images from a dataset with high, for S= Sper S er: 1 2do
variances such as church images in LSUN Church [50] or o M.
13 A(X X S), f f/\(X y s
ImageNet dataset [37]. 0) ps s
On the other hand, DiffusionCLIP allows near-perfect 14 <.ttt 1 s 1

inversions, so that it can perform zero-shot text-driven image
manipulation successfully, preserving important details even
for images from a dataset with high variance. We can even 16
translate the image from an unseen domain into another"’ | L
unseen domain or generate images in an unseen domain
from the strokes. In the following, we illustrate the detailed
procedure with pseudocode.

Liotar L direction(R 0i » Ytan X oi  Yrer)
Liotar L tota* le(*‘(l),x(l))
Take a gradient step anaL iotq):

Algorithm 2: GPU-ef cient ne-tuning

B. Details on Methods /I Step 2: Update the diffusion model
1 Clone the pretrained modek
B.1. DiffusionCLIP Fine-tuning 2 Denef g0 st 1=0; .. = to.
We adopt a two-step approach as detailed in Algorithm 1. 3 for k=1;2;:::;K do
First, real images or sampled i |mages from pretrained domain 4 fori=1; 2 """ ;N do
fx3 g, areinverted to the latenf g\, via determin- 5 Clone the Iatenkgg) X
istic forward DDIM processes [ ]Wlth the pretrained diffu- 6 for s= Sgen Sgen 1;:::;2do
sion model . To accelerate the process, instead of perform- 7 A(x ('S), s); f fA(x('S); s
ing forward diffusion until the last time step, we use fewer 8 x® P f 4+ T
discretization steps sg5 suchthat; =0; ._ = to. L Lo (f oy (- ’
In the second step, we start to updatea copy of the total airection ;Yiar; X6 Vre)
10 Liotat L tota+ Lia(f ; X(I))

pretrained diffusion model. For each latenf mto g\, the
image is sampled through the reverse DDIM process [40] 1 L
and the model is updated guided by CLIP l6$§ection and —
identity lossL |p to generate images that represggpt The

second step is repeat&dtimes until converged.

Take a gradient step anaL iota:

the last step as illustrated in Fig. 2(a) and Algorithm 2. Al-
GPU-ef cient ne-tuning. During the ne-tuning, the  though this method shows great manipulation performance,
model is updated by back-propagating the gradient from as the gradient pass the mo&gt,times, the GPU usage can



Figure 2. Gradient ows during the ne-tuning and GPU-ef cient
ne-tuning. In GPU-ef cient ne-tuning, loss calculation and a
gradient step are proceeded at each timetsteith f (x.;t), the
prediction ofx ¢ att.

ef cient ne-tuning method. Here, as shown in in Fig. 2(b),
the back-propagation from the loss functions is performed at
each time step. GPU-ef cient ne-tuning can require half

of VRAM usage compared to the original ne-tuning, but
it requires twice as much time due to calculating loss and
making steps at each time step. More details of running time
can be found in Sec. G. We show the result of manipulat-
ing ImageNet [37p12 512images using GPU-ef cient
ne-tuning method in Fig. 7, 17, 18 and 19.

Image manipulation via ne-tuned model. Once the
diffusion model ~ is ne-tuned for the target controkyy,
the manipulation process of a input imaggis quite sim-
ple as in Algorithm 3. Speci callyxy is inverted tox,
through the forward DDIM process with the original pre-
trained model , followed by the reverse DDIM process
with the ne-tuned model ~ resulting®. We use the same
to as used in the ne-tuning.

B.2. Image Translation between Unseen Domains

By combining the method in SDEdit [26] and the ma-
nipulation with the ne-tuned model by DiffusionCLIP as
detailed in Algorithm 4, we can even translate an image
from an unseen domain into another unseen domain.
the rst step, the input image in the source unseen domain
Xo iS rst perturbed tox ?0 through the stochastic forward
DDPM process [18] until the return stégp. Next, the image

Algorithm 3: DiffuisonCLIP manipulation

Input: X (input image), ~ ( ne-tuned model),
(pretrained model}, (return step)Skor (# of
inversion steps)3qen(# of generation steps)

1 Function Manipulation( X, »,*):

2 | Denef sgo st. 1=0; . = to.

3 for s=1;2;:::;S% 1do

;1 LX (Xps; s);ff+pf1(xs; s)
s+l s+1 s+l

6 De ne f sgigj” st 1=0; .= to

7 k‘to Xto

8 | for s= Sgen Sgen 1;:::;2do

9 AR s) f IofA(%S; s)

10 k‘ s 1 S 1f + 1 s 1

1 | return Ro (manipulated image)

forward-generative processes are repeatel fsgpy times
until the imagex§ is close to the image in the pretrained
domain.

be burdensome. Therefore, we additionally propose GPU- ‘ diate
the CLIP-guided unseen domain with the ne-tuned model

In the second step, is manipulated into the imagl, in

~ as in Algorithm 3.

Algorithm 4: Translation between unseen domains

Input: xo (image in an unseen domain or strokey,
( ne-tuned model)K pppm (# of iterations of
Step 1), (pretrained model}, (return
step),Stor (# of inversion stepsHgen(# of
generation steps)

Output: R (manipulated image)

/I Step 1: Source unseen I Pretrained
1 Denef Sgigel” st. 1=0; .. = to.
2 X3 Xo
3 fork=1;2;:::;Kpppm do
4 w N FgO;I)
5 X?O TOX8+(1 to)W
6 for s= Sgem Sgen 1;:::;2doO
7 X% f (X% )
s inl F— P

/I Step 2:
9 k‘o

Pretrained !
Manipulation(

Target unseen
0 *
Xg, ~ %)

InB.3. Noise Combination

With the multiple diffusion models ne-tuned for the dif-

ferent controld g, , we can change multiple attributes

in the pretrained domaixg is sampled through the reverse through only one sampling process. Speci cally, we can

DDIM process with the original pretrained model These

exibly mix several single attribute ne-tuned models with



different combinations as described in Algorithm 5, without
having to ne-tune new models with target texts that de ne
multiple attributes.

More speci cally, we rstinvert an input image o into
Xt, Via the forward DDIM process with the original pre-
trained diffusion model as single attribute manipulation.
Then, we use the multiple ne-tuned models during the re-
verse DDIM process. By applying different time dependent
weight ;(t) satisfying i'\il i(t) =1 for each model, we
can control the degree of change for multiple attributes. Of

Figure 4. Details of Res block.

Most of existing diffusion models receives andt as

note, we can also apply this noise combination method fOrinputs to the network (x;t). We use the DDPM [18]

controlling the degree of change during single attribute ma-

nipulation. By mixing the noise from the original pretrained
model and the ne-tuned model~ concerning a single

, we can perform interpolation between the original image
and the manipulated image smoothly.

Algorithm 5: Multi-attribute transfer
Input: Xo (inputimage)f ~ g, (multiple
ne-tuned models), (pretrained model),
f (t)ig", (sequence of model weights),
(return step)Sror (# of inversion steps),
Sgen(# of generation steps)
Output: R¢ (manipulated image)

1 Denef ¢go% st 1=0; . = to.
2for s=1;2;::::Sor 1do
3 (X o5 s) f pf (X 45 s)
4 Xs+l 54-1f + 1 s+l
5 Denef sgfgel" st. 1=0; ,, = to.
Gk‘to Xt
7 for s:§gen;Sgen 1;:::;2do

M .
8 pi=l i(s) "i(X o s)
o | f ,Nlﬂ) i( s)fﬂi(é s5 s)
10 k\s 1 s lf + 1 s 1

C. Details on Network

Figure 3. The shared U-Net architecture acitogkthe diffusion
model that generate256 256 images. The model receives
andt as inputs and outputs (X1 ;t).

models pre-trained o856 256 images in CelebA-HQ
[22], LSUN-Bedroom and LSUN-Church [50] datasets. This
model adopts the U-Net [36] architecture based on Wide-
ResNet [51] shared acrossas represented in Fig. 3. In
speci ¢, the model is composed of the encoder part, middle
part, decoder part, and time embedding part. In the encoder
part, the8 8feature is generated from t2&6 256input
image via 1 input convolution and 5 Res blocks. One Res
block is composed of two convolutional blocks including
Group normalization [47] and Swish activation [33] with the
residual connection as in Fig. 4. Atthé 16resolution,
self-attention blocks are added to the Res block. The middle
part consists of 3 Res blocks and the second block includes
a self-attention block. In the decoder part, the output whose
resolution is the same as the input is produced from the
feature after the middle part through 5 Res blocks and 1
output convolution with skip connections from the features
in the encoder part. In the time embedding part, the diffusion
timet is embedded into each Res blocks as represented in
Fig. 4 after the Transformer sinusoidal encoding as proposed
in [44]. We use the models pretrained on Celeba-HQ, LSUN-
Bedroom, and LSUN-Church models that are used in [26].

For the manipulation of dog faces, we use the improved
DDPM [28] models pre-trained on AFHQ-Dog [9]. The
architecture is almost same except that the model produces
the extra outputs at the output convolution to predict the
variance (Xi;t) as well as the mean (x.;t) which can
be predicted from (x;t). We use the models pretrained
on AFHQ-Dog that is used in [3].

For the manipulation d612 512images from ImageNet
dataset [37], we use the improved DDPM [28] pretrained
model that is used in [13]. Different fro@66 256resolu-
tion models, self-attention blocks are added to the Res block
at the resolution 08 8;16 16and32 32resolution.

D. Details and More Results of Comparison

D.1. Reconstruction

Here, we provide details on the quantitative comparison
of reconstruction performance between our diffusion-based
inversion and SOTA GAN inversion methods, which results
are presented in Sec 4.1 and Tab. 1 of our main text.



Baseline models. We use optimization approach [1],
pixel2style2pixel (pSp) encoder [34], Encoder for Editing
(ede) [43], ReStyle encoder [3] and HFGI encoder [45] as
our baseline models. pSp encoder adopts a Feature Pyra-
mid Network and [25] inverts the image inW + space of
StyleGAN. In contrast, e4e converts the image to the latent
in W space, which enables to explain the trade-offs between
distortion and editing quality. Restyle encoder is a residual-
based encoder, improving its performance using iterative
re nement. HFGI encoder further improves the inversion
performance leveraging the adaptive distortion alignment

module and the distortion consultation module.
Figure 5. Example of segmentation results from the manipulation

Comparison setting. We followed the experimental set- results by different methods.

tings as described in [45]. We invert the rst 1,500 CelebA-
HQ images. Then, we measure the quality of reconstruction
from the inverted latent using MAE, LPIPS, SSIM metrics.
All results except the result of our method are from the [45]
For our method, we s¢Bxor; Sgen) to (200, 40), which is our
general setting.

Here,E, andEt are CLIP's image and text encoders, re-
spectively, andiar, X gen are the text description of a target
and the generated image, respectively. Alsg; X e denote
" the source domain text and image, respectively. Next, SC
is a pixel accuracy when the segmentation result frggn
by the pretrained segmentation model is set as the label and
D.2. Human Evaluation the result fromx 4en is set as the prediction, as shown in

Figure 5. Lastly)D := LtacdX gens X ref) WhereL toce is the
Comparison setting. We conduct user study to evalu- fage identity Ios)sljin[ 1 faceX gen' X rer) face

ate real face image manipulation performance on CelebA- Our goal is to achieve the better score in termSgt SC,

HQ [22] with our method, StyleCLIP global direction (GD) and ID to demonstrate hi i
gh attribute-correspondeBgg) (
[30] and StngGAN-NADA [16]. We get 6,000 votes from as well as well-preservation of identities without unintended
50 people using a survey platform. We use the rst 20 im- changes (SC, ID)
r o

ages in CelebA-HQ testset as general cases and use anothe

20 images with novel views, hand pose, and ne details as

hard cases. For a fair comparison, we use 4 in-domain atComparison setting. To computeSq;r, we use a pretrained
tributes (angry, makeup, beard, tanned) and 2 out-of-domainCLIP [32]. To calculate SC, we use pretrained face parsing
attributes (zombie, sketch), which are used in the studies offetwork [49] and semantic segmentation networks [52, 53].
baselines. Here, we use of cial pretrained checkpoints and T0 compute ID, we use a pretrained face recognition [12]
implementation for each approach. We ask the respondentgnodel. Then, we performed comparison with StyleCLIP [30]
to rank the models by how well the image is manipulated, and StyleGAN-NADA [16]. We use 1,000 test images from

representing the property of the target attribute and preservCelebA-HQ [22] and LSUN-Church [50], respectively. We
ing important semantics of the objects. use the manipulation results for three attributes in CelebA-

HQ (makeup, tanned, gray hair) and LSUN-Church (golden,

red brick, sunset). These attributes are required to con rm

that the manipulation results correspond to the target text
without the changes of identities and shapes of the source
objects.

Results used for evaluation. We provide manipulation re-
sults by our method, StyleCLIP-GD and StyleGAN-NADA,
which are used for human evaluation, in Fig. 14, 15.

D.3. Quantitative Evaluation ) ) ]
D.4. Comparison of Church Image Manipulation
Quality metrics. We use the following quality metrics for

quantitative evaluation: Directional CLIP similarit§g), We additionally provide the manipulation 266 = 256

segmentation-consistency (SC), and face identity similarity church images from LSUN-Church [50] with StyleCLIP

(ID). Speci cally, Sy is de ned as follows: latent optimization (LO) [30] and StyleGAN-NADA [16] in
Fig. 16.

vy - h 1 Ti
Sair (X gens Year, Xref Yref) 1= {1071 (15)  D.5. Diffusion-based Manipulations

where We compare our model ne-tuning method with latent

optimization and conditional sampling method [13] guided
T=Er(Ya) Ev(Ye); | = Ei(Xgenn Ei(Xrep): by CLIP loss.



Figure 6. Comparison between diffusion-based manipulation meth-
ods.

For the latent optimization of the diffusion models, we
use the same objective (Eq. (10) in the main manuscript) as
the model ne-tuning. However, we optimize the inverted
latent®, instead of the model~. For conditional sampling,
the sampling process is guided by the gradient of CLIP loss
with respect to the latent as a classi er guides the processgigyre 7. Comparison with VQGAN-CLIP [15,32] usi6d2 512
in [13]. This method requires a noisy classi er that can jmages from ImageNet [37]
classify the image with noise, but the noisy CLIP model is
not publicly available and its training will be too expensive. preserving the identity of the object. However, the manipu-
To mitigate this issue, we use the method proposed by [27]4ation results by VQGAN-CLIP do not show representative
Instead of using noisy CLIP, they use the gradient from the properties of target styles. In the bottom two rows of Fig. 7,
normal CLIP loss with the predicted, givenx, whichwe  our method shows excellent semantic manipulation results
denoted aé (x;t) in Eq. (9) at every step. preserving the details of backgrounds, while the results from
In Fig. 6, we display a series of the real image manipula- VQGAN-CLIP show severe unintended changes.
tion given the text prompt by our model ne-tuning method,
latent optimization and conditional sampling. We can see
that the manipulation results via latent optimization and con-
ditional sampling methods failed to manipulate the images
to the unseen domain. The reason is that the manipulation us-
ing latent optimization and conditional sampling is restricted
by the learned distribution of the pretrained model. On the
other hand, the proposed model ne-tuning method shows
superior manipulation performance.

D.6. Other GAN Baselines

Comparison with VQGAN-CLIP. VQGAN-CLIP [15,

] recently show the impressive results of CLIP-guided
conditional generation of artistic images. It also provides Figure 8. Comparision with other GAN inversion-based manipula-
the style transfer, which optimizes the latent from the input tion: StyleSpace [48] and InterfaceGAN [38].
image guided by CLIP loss. We compare DiffusionCLIP
with VQGAN-CLIP for the manipulation 0612 512im- Other GAN inversion-based manipulation. We also
ages from ImageNet [37]. We follow of cial implementa- compare our method with non text-driven manipulation meth-
tion for VQGAN-CLIP. For our method, we utilize GPU- ods based on GAN inversion: StyleSpace [48] and Interface-
ef cient ne-tuning method with the diffusion model pre- GAN [38]. StyleSpace manipulates the latent inverted by
trained orb12 512ImageNet whichis used in [13]. We set ede [43] in StyleGAN2 [24\W+ space. InterfaceGAN
(Stor; Sgen) = (40;12). In the rst two rows of Fig. 7, our ~ manipulates the latent inverted by IDInvert [54] in Style-
method successfully translates the image into target styleGAN [23] W+ space. As shown in Fig. 8, StyleSpace and
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