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Abstract. Given a factorization of an image into a sum of linear compo-
nents, we present a zero-shot method to control each individual compo-
nent through diffusion model sampling. For example, we can decompose
an image into low and high spatial frequencies and condition these com-
ponents on different text prompts. This produces hybrid images, which
change appearance depending on viewing distance. By decomposing an
image into three frequency subbands, we can generate hybrid images
with three prompts. We also use a decomposition into grayscale and
color components to produce images whose appearance changes when
they are viewed in grayscale, a phenomena that naturally occurs under
dim lighting. And we explore a decomposition by a motion blur kernel,
which produces images that change appearance under motion blurring.
Our method works by denoising with a composite noise estimate, built
from the components of noise estimates conditioned on different prompts.
We also show that for certain decompositions, our method recovers prior
approaches to compositional generation and spatial control. Finally, we
show that we can extend our approach to generate hybrid images from
real images. We do this by holding one component fixed and generating
the remaining components, effectively solving an inverse problem.

Keywords: Diffusion models - Perceptual illusions - Hybrid images

1 Introduction

The visual world is full of phenomena that can be understood through image
decompositions. For instance, objects look blurry when seen from a distance,
while up close their details are highly salient—two distinct perspectives that can
be captured by a decomposition in frequency space [42,49]. During the day, we
see in full color, while in dim light we perceive only luminance—an effect that
can be appreciated with a color space decomposition.

We present a simple method for controlling the factors of such decomposi-
tions, allowing a user to generate images that are perceived differently under
different viewing conditions, yet still globally coherent. We apply this approach
to generating a variety of perceptual illusions (Fig. 1). (i) Inspired by the clas-
sic work of Oliva et al. [42] we generate hybrid images, whose interpretation
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Fig. 1: Illusions by Factorized Diffusion. By conditioning the components of a
generated image with different prompts, we can use off-the-shelf text-conditioned im-
age diffusion models to synthesize hybrid images [42], hybrid images containing three
objects, and new perceptual illusions which we refer to as color hybrids and motion
hybrids, which change appearance when color is added or motion blur is induced. In
addition, we can extract a component from an existing image and generate the missing
components, allowing us to produce hybrid images from real images, which we term in-
verse hybrids. Examples shown are hand-picked. For random samples please see Fig. 9
and Fig. 18. For the hybrid images, we include insets to aid in visualization. However,
perception of this effect depends on the resolution of the images, so we highly en-
courage the reader to zoom so that an image fills the screen completely, or
visit our webpage for easier viewing.
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changes with viewing distance, which we achieve by controlling the generated
image’s low and high frequency components. A decomposition into three sub-
bands allows us to produce hybrid images with three different prompts, which
we refer to as triple hybrids. (ii) We generate color images whose appearance
changes when they are viewed in grayscale, a phenomena that naturally occurs
under dim lighting. We call these color hybrids, and achieve this by controlling
image luminance separately from its color. (iii) Finally, we produce images that
change appearance under motion blur, which is achieved by using a blur kernel
to decompose an image. We refer to these as motion hybrids.

Our approach consists of a simple change to the sampling procedure of an
off-the-shelf diffusion model. Given an image decomposition and a text prompt
to control each component, in each step of the reverse diffusion process we es-
timate the noise multiple times: once for each component, conditioned on its
corresponding text prompt. We then assemble a composite noise estimate by
combining components from each individual noise estimate, obtained by ap-
plying the decomposition directly to the noise estimates (Fig. 2). Notably, our
approach does not require finetuning [47,67] or access to auxiliary networks, as
in guidance based methods [1,17,21,31,31,40].

We also show that we can take components from existing images, and gen-
erate the remaining components conditioned on text. This recovers a simple
method to solve inverse problems, and is highly related to prior work on using
diffusion models for solving inverse problems [8-10, 28,34, 53,54, 64]. We apply
this technique to producing hybrid images from real images. Finally, we show
that using certain decompositions with our method recovers prior techniques for
spatial [2] and compositional [32] control over text prompts.

In summary, our contributions are as follows:

e Given a decomposition of an image into a sum of components, we propose a
zero-shot adaptation of diffusion models to control these components during
image generation.

e Using our method, we produce a variety of perceptual illusions, such as images
that change appearance under different viewing distances (hybrid images),
illumination conditions (color hybrids), and motion blurring (motion hybrids).
Each of these illusions corresponds to a different image decomposition.

e We provide quantitative evaluations comparing our hybrid images to those
produced by traditional methods, and show that our results are better.

e We give an analysis and intuition for how and why our method works.

e We show a simple extension of our method allows us to solve inverse problems,
and we apply this approach to synthesizing hybrid images from real images.

2 Related Work

Diffusion models. Diffusion models [11,25,51,52,54] are trained to denoise
data corrupted by added Gaussian noise. This is achieved by estimating the
noise in noisy data, potentially with some additional conditioning, such as with
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text embeddings. To sample data from a diffusion model, pure Gaussian noise
is iteratively denoised until a clean image remains. Each denoising step consists
of an update that removes a portion of the predicted noise from the noisy im-
age, such as DDPM [25] or DDIM [52]. One noteworthy application of diffusion
models is for text-conditional image generation [29, 40,46, 48|, which we build
our method on top of.

Diffusion model control. Diffusion models are capable of both generating
and editing images conditioned on text prompts. By modifying the reverse pro-
cess [2,18,35,63,68], finetuning [47, 67|, performing text inversion [26, 37, 52,
61, 65], swapping attention maps [14, 23, 59|, supplying instructions [4], or us-
ing guidance [1,14,21,31,40,44], modifying the style, location, and appearance
of content in an image has become a relatively accessible task. Another line of
work on compositional generation [2,12,33,63] shows that diffusion models can
generate images that conform to compositions of text prompts. Our work builds
upon this, and shows that similar techniques can be applied to prompting indi-
vidual components of an image to produce perceptual illusions. Our work is also
similar to Wang et al. [63], in which a diffusion model is used to generate stacks
of images that emulate a zooming video. However, we focus on generating only
a single image that can be understood at multiple resolutions.

Computational optical illusions. Optical illusions are entertaining, but can
also serve as windows into human and machine perception [13,19,20,24,27, 39,
56,62]. As such, much work has gone into developing computational methods for
generating optical illusions [5-7,16,18,22,42 43, 58,60]. In classic work, Oliva et
al. introduced hybrid images [42], which are images that change their appearance
depending on viewing distance or duration [49]. These images work by exploiting
the multiscale processing of human perception [41,50]. By aligning low frequency
components of one image and high frequency components of another image, the
observer perceives the image as the former when seen from far away and as the
latter when seen up close. By contrast, our approach generates hybrid images
from scratch with a diffusion model, as opposed to fusing together two existing
images, and thus avoids manual alignment steps and the need to find appropriate
images, and also leads to fewer artifacts.

Artists and researchers have recently used text-conditioned image diffusion
models to generate optical illusions. For example, a pseudonymous artist [60]
adapted a QR code generation model [30,67] to create images that subtly match
a target template. While these are also images with multiple interpretations,
they are restricted to binary mask templates and require a specialized finetuned
model. Burgert et al. [5] use score distillation sampling [45] to generate images
that match other prompts when viewed from different orientations or overlaid
on top of each other. Other methods such as Tancik [58] and Geng et al. [18] use
off-the-shelf diffusion models [29,46] to generate multi-view optical illusions that
change appearance upon transformations such as rotations, flips, permutations,
skews, and color inversions. These methods work by transforming the noisy image
multiple ways during the reverse diffusion process, denoising each transformed
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version, then averaging the noise estimates together. However, many types of
transformations, like the multiscale processing considered in hybrid images, fail
because they perturb the noise distribution [18]. Like these approaches, our work
also changes the reverse diffusion process to produce images that have multiple
interpretations. However, our approach manipulates the noise estimate rather
than the noisy image, enabling us to handle illusions that prior work cannot.
Please see Appendix G for additional discussion and results.

3 Method

For a given decomposition of an image into components, our method allows for
control of each of these components through text conditioning. We achieve this
by modifying the sampling procedure of a text-to-image diffusion model.

3.1 Preliminaries: Diffusion Models

Diffusion models sample from a distribution by iteratively denoising noisy data.
Over T timesteps, they denoise pure random Gaussian noise, x, until a clean
image, Xg, is produced at the final step. At intermediate timesteps, a variance
schedule is followed such that the noisy image at timestep ¢ is of the form

X = JorXg + V1 — o€, (1)

where € ~ AN(0,I) is a sample from a standard Gaussian distribution, and
a; is a predetermined variance schedule. To sample x;_71 from x; the diffu-
sion model, €y(-,-,-), predicts the noise in x;, conditioned on the timestep ¢
and optionally on context y, such as a text prompt embedding. Afterwards, an
update step, update(:,-), is applied which removes a portion of the estimated
noise, €9 = €g(Xy,y,t), from the noisy image x;. The exact implementation
of this step depends on the specifics of the method used, but it is—critically
for our method—often a linear combination of x; and €y (and possibly noise,
z ~ N(0,1)). For example, DDIM [52] (with o, = 0) performs the update as:

Xt — /1 — azé€g

T >+ T—ai1e0.  (2)

X;—1 = update(xy, €9) = /_1 (

3.2 Factorized Diffusion

An overview of our method can be found in Fig. 2. Our method works by manip-
ulating the noise estimate during the reverse diffusion process such that different
components of the estimate are conditioned on different prompts. Given a de-
composition of an image, x € R3*#*W 'into the sum of N components,

N
X = Zfz(x)a (3)
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Fig. 2: Factorized Diffusion. Given an image decomposition, we control compo-
nents of the decomposition through text conditioning during image generation. To do
this, we modify the sampling procedure of a pretrained diffusion model. Specifically,
at each denoising step, ¢, we construct a new noise estimate, €, to use for denoising,
whose components come from components of ¢, which are noise estimates con-
ditioned on different prompts. Here, we show a decomposition into three frequency
subbands, used for creating triple hybrid images, but we consider a number of other
decompositions.

where each f;(x) is a component, we can correspond to each component a dif-
ferent text prompt y;. At each step of the reverse diffusion process, instead
of computing a single noise estimate we compute N—one conditioned on each
y;—which we denote by €; = ep(x¢,y;,t). We then construct a composite noise
estimate € made up of components from each ¢;:

This new noise estimate, €, is used to perform the diffusion update step. In effect,
each component of the image is denoised while being conditioned by a different
text prompt, resulting in a clean image whose components are conditioned on
the different prompts. We refer to this technique as factorized diffusion.

As noted in Sec. 2, our method is similar to recent work by Tancik [58] and
Geng et al. [18] in that we modify noise estimates with the aim of generating
visual illusions. However, our method differs in that we modify only the noise
estimate, and not the input to the diffusion model, x;. As a result, our method
produces a different class of perceptual illusions from prior work. Please see
Appendix G for additional discussion and results.

3.3 Analysis of Factorized Diffusion

To give intuition for why our method works, we suppose that our update function
update(-,-) is a linear combination of the noisy image x; and the noise estimate
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€9, as is commonly the case ! [25,52]. The update function also depends on t,
which we omit for brevity. We may then decompose the update step as

X;—1 = update(xy, €p) (5)

= update (Z fi(xy), Z fi(€0)> (6)
= ZUPdate(fi(Xt), fi(eo)) (7)

where the first equality is by definition of the update step, the second equality
is by applying the image decomposition, and the third equality is by linearity of
the update function. Eq. (7) tells us that an update step on x;, with €p, can be
interpreted as the sum of updates on the components of x; and of €. Our method
can be understood as using different conditioning on each of these components.
Written explicitly, the update our method uses is

N

Xp1 = Zupdate(fi(xt)afi(ée(xt,yi,f))- (8)

K2

Moreover, let us write out the update step explicitly as
X;—1 = update(xy, €9) = wiX; + Vi€o, (9)

for w; and ; determined by the variance schedule and scheduler. Then if the
fi’s are linear, we have

fi(x¢t—1) = fi(update(xy, €g)) (10)
= filwix¢ + Ye€q) (11)
= wi fi(x¢) + e fileo) (12)
= update(f;(x:), fi(e)) (13)

meaning that updating the ith component of x; with the ith component of e
will only affect the ith component of x;_1.

3.4 Decompositions Considered

We present details for the decompositions that we consider in this paper. Results
for all decompositions are presented and discussed in Sec. 4.

Spatial frequencies. We consider factorizing an image into frequency sub-
bands, and conditioning the subbands on different prompts, with the goal of
producing hybrid images [42]. First, we consider a decomposition into two com-
ponents:

x =% — Gy (x) + Gy (x), (14)
—_——— N——_—
fhigh(x) flOW(x)

! The update may also include adding random noise, z ~ N(0,I), in which case our
analysis still holds with a modification to the argument, discussed in Appendix H.
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where G, is a low pass filter implemented as a Gaussian blur with standard
deviation o, and x — G,(x) acts as a high pass of x. For a decomposition into
three subbands, to make the triple hybrid images in Fig. 1, components are levels
of a Laplacian pyramid which we define as

x =% — G5, (%) + Go, (X) — G0, (Go, (X)) + Go, (G, (X)) (15)
fhigh(x) fmed (x) frow (%)

where o1 and o9 roughly define cutoffs for the low, medium, and high passes.

Color spaces. We also consider decomposition by color space, with the goal
of creating color hybrids—images with different interpretations when seen in
grayscale or color. Similarly to the CIELAB color space, we decompose an im-
age into a lightness component, L, and a chromaticity component ab. CIELAB
seeks to represent colors in a perceptually uniform space, and therefore requires
nonlinear transformations of RGB values. Instead, we use a simple linear decom-
position. Our L component is a channel-wise average of all the pixels

1
Jeray(x) = 3 Z Xes (16)
ce{R,G,B}

where x. are the color channels of the image, x, and the resultant feay(x) has
the same shape as x. We define the color component as the residual:

Jeolor(%) = X = foray (x). (17)

Motion blurring. Motion blur may be modeled as a convolution with a blur
kernel K [3,15,36,38,57,66]. To produce images that change appearance when
blurred, what we call motion hybrids, we study the following decomposition:

x= Kxx + x—Kxx, (18)
Fmotion (%) Fres(x)

where we have split an image into a motion blurred component and a residual
component. We specifically study simple constant velocity motions, in which
K may be modeled as a matrix of zeros with a line of non-zero values. This
may also be thought of as decomposing an image into an oriented low frequency
component, and a residual component.

Spatial decomposition. While our primary focus is on perceptual illusions,
we also consider spatial masking as a decomposition. Given binary spatial masks
m; whose disjoint union covers the entire image, we can use the decomposition

x= Ym0 (19)
b fi(x)

where ©® denotes element-wise multiplication and each m; ® x is a component.
The effect of this decomposition is to enable control of the prompts spatially. This
is a special case of MultiDiffusion [2]. We discuss this connection in Appendix E.
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Scaling. A final interesting decomposition is of the form x = Efv a;x, for
va a; = 1. Taking a; = % recovers the compositional diffusion method of Liu et
al. [33], in which noise estimates are averaged to sample from conjunctions of
multiple prompts.

3.5 Inverse Problems

If we know what one of the components must be in our generated image, perhaps
extracted from some reference image X,of, we can then fix this component while
generating all other components with our method. This enables us to produce
hybrid images from real images (see Figs. 1 and 8). Without loss of generality,
suppose we want to fix the first component. To do this, we can project x; after
every reverse process step:

N
x; + fi (vVorXeet + VI — age) + Z fi(x) (20)

where € ~ N(0,I), and o4 is determined by the variance schedule. The argument
of f1 is a sample from the forward process, given the reference image—that is, a
noisy version of x,of with the correct amount of noise for timestep t. Essentially,
we project x; such that its first component matches that of x,.¢. This amounts to
solving a (noiseless) inverse problem characterized by y = f1(x). Much work has
gone into developing methods to solve inverse problems using diffusion models
as priors, and this extension of our method can be viewed as a simplified version
of prior work [8,28,34,53,64].

4 Results

We provide results organized by decomposition, followed by results on inverse
problems, and then random samples. Additional implementation details can be
found in Appendix A, and additional results can be found in Appendix K.

4.1 Hybrid Images

We show qualitative results in Fig. 1, Fig. 3, and Fig. 4, as well as in Fig. 16
in the appendix. As can be seen, our method produces high quality hybrid im-
ages. Interestingly, we were also able to produce hybrid images with three dif-
ferent prompts (Figs. 1 and 14) by using the Laplacian pyramid decomposition
(Eq. (15)). While prior work [55] has attempted to generate these triple hybrids
with traditional methods, our method far exceeds their results in terms of quality
and recognizability (for details, see Appendix C).

Effect of blur kernel. In Fig. 3 we show how the strength of the Gaussian
blur, o, affects results. A lower o value corresponds to a higher cut-off frequency
on the low-pass filter, and results in the low-pass prompt being more prominently
featured. Interpolating between o values gives hybrid images.



10 D. Geng et al.

[low / high] prompt: “a headshot of marilyn monroe” / “a headshot of albert einstein”

Fig. 3: Effect of 0. We show a linear sweep over the o value used in our hybrid
decomposition. A lower o results in the low pass prompt being more prominent, and
vice-versa. In between lies hybrid images. Best viewed digitally, with zoom.

(a) “1eopard”/“elephant” (b) “stern woman”/“angry man” () “bicycle”/“motorcycle” (d) “sad woman”/“happy woman”

Fig. 4: Comparison to Oliva et al. [42]. We take hybrid images from Oliva et
al. [42], and generate our own versions. Left is from our method, and right is from
Oliva et al.’s. As can be seen, our method produces much more realistic images while
still containing both subjects. Best viewed digitally, with zoom.

Comparisons to Oliva et al. [42]. In Fig. 4 we qualitatively compare our
method to samples from Oliva et al. [42]. We directly take samples from [42], and
manually create prompts to generate corresponding hybrids using our method.
As can be seen, our hybrids are considerably more realistic, while containing
the desired prompts at different viewing distances. One advantage our technique
has is that the low frequency and high frequency components are generated with
knowledge of each other, as the diffusion model is given the entire image. This is
in contrast to the hybrid images of Oliva et al., in which frequency components
are extracted from two independent images and combined. Moreover, these two
images must be found and made to align manually, whereas our method simply
generates low and high frequency components that align well.

We also provide quantitative comparisons between our hybrid images and
those of Oliva et al. [42]. In Tab. 1 we show results of a two-alternative forced
choice (2AFC) study, in which human participants are asked to choose between
our hybrid images or Oliva et al.’s. Participants of the study were asked which
image better contained the prompts, and which of the images were of higher
overall quality. For details, please see Appendix B. We find that participants
consistently choose our images as being both higher in quality and better con-
taining the prompts.
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Table 1: Human Studies. We compare our hybrid images and Oliva et al.’s with
a two-alternative forced choice test. Participants were shown results from Fig. 4, and
were asked which images better contained the prompts, and which were of higher
overall quality. Percentages denote the proportion that chose our method. Please see
Appendix B for additional details. We find that our method is rated as both higher in
quality and better aligned with the prompts. (N = 77)

(@ () (¢ (d (¢ () (g (h) Average
High Prompt 70.1% 81.8% 63.6% 51.9% 61.0% 53.2% 70.1% 54.5% 63.3%
Low Prompt 83.1% 84.4% 74.0% 87.0% 93.5% 87.0% 75.3% 81.8% 83.3%
Quality 92.2% 87.0% 83.1% 77.9% 85.7% T9.2% 92.2% 33.8% 78.9%

Table 2: Hybrid Image CLIP Evaluation. We evaluate hybrid images by reporting
the maximum clip score over different amounts of blurring. We report the max to
compensate for the fact that different hybrid images may be best viewed at different
resolutions. Please see Fig. 4 for the referenced hybrid images, and Appendix D for
metric implementation details.

Method (a) (b)) (¢) (d) (e) ()  (g) (h) Average
Low Pass Oliva et al. [42] 0.268 0.258 0.316 0.250 0.237 0.264 0.257 0.241 0.261
WSS Ours 0.286 0.252 0.307 0.273 0.275 0.260 0.244 0.269 0.271
Hieh Pass Ohva et al. [12] 0.297 0.230 0.306 0.272 0.276 0.306 0.260 0.231 0.272
s Our 0.321 0.242 0.301 0.258 0.292 0.324 0.320 0.277 0.292

Finally, we present CLIP alignment scores in Tab. 2. To account for the fact
that the hybrid images are best viewed at many different resolutions, we report
the maximum CLIP score between the prompt and the image blurred by different
amounts. Please see Appendix D for metric implementation details. We find that
our method generates hybrid images with better alignment to the prompts.

4.2 Other Decompositions

Color hybrids. We provide qualitative color hybrid results in Fig. 1 and Fig. 5,
as well as in Fig. 17 in the appendix. As can be seen, the grayscale image aligns
with one prompt, while the color image aligns with another. For example, in the
"rabbit"/"volcano" image from Fig. 5 the ears of the rabbit are repurposed
as plumes of lava in the grayscale image. Note that it is not sufficient to simply
add arbitrary amounts of color to a grayscale image to achieve this effect, as
the colors added must not change the alignment of the grayscale image with its
prompt. One interesting application of this technique is to produce images that
appear different under bright lighting versus dim lightning, where human vision
has a much harder time discerning color.

Motion hybrids We provide qualitative motion hybrid results in Fig. 1 and
Fig. 6, as well as in Fig. 15 in the appendix. These are images that change
appearance when motion blurred. For all motion hybrids in the paper, we use a
blur kernel of K = %I € RF¥k with k = 29, corresponding to a diagonal motion
from upper left to bottom right.
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“a painting of “a painting of “oil painting style, “a photo of “a photo of the “a painting of a
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Desaturation

“a photo of a “a painting of
heart” a polar bear”

“a painting of “a painting of “oil painting

a tiger” a rabbit” style, a bird” a photo of a frog

Fig.5: Color Hybrids. We show additional color hybrid results. These are images
that change appearance when color is added or subtracted away. These images change
appearance when moved from bright to dim lighting, in which color is harder to see.

“a photo of a van “a photo of “a photo of a “a photo of “a photo of a “a photo of new
gogh portrait” a duck” mountain” a canyon” stadium” york city”

“a photo of a
teddy bear”

“a photo of “a photo of “a photo of “a photo of

sunflowers” a rabbit” abraham lincoln” a panda” a photo of a car

Fig. 6: Motion Hybrids. We show additional motion hybrid results. These are images
that change appearance when motion blurred. Here, the motion from upper left to
bottom right.

Spatial decomposition By decomposing an image into disjoint spatial regions
and applying our method, we can recover a technique that is a special case of
MultiDiffusion [2]. Using this method, we can effect fine-grained control over
where the text prompts act spatially, as shown in Fig. 7. For additional discus-
sion, please see Appendix E.

Scaling decomposition By using the scaling decomposition with a; = %, our
method reduces exactly to prior work on compositionality in diffusion models,
by Liu et al. [33]. Specifically, we recover the conjunction operator proposed by
Liu et al. We demonstrate this in Fig. 7, but refer the reader to [33] for more
examples.

4.3 Inverse Problems

As discussed in Sec. 3.5, we can modify our approach to solve inverse problems,
resulting in a technique highly similar to prior work [8-10,28,34,54, 64]. While
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Spatial Decomposition Scaling Decomposition

“a photo of
yosemite”
AND
Al "z photo of a
purple sky”

“a photo of
yosemite”
AND
B “blizzard”

“eggs” “bacon”

Fig. 7: Spatial and Scaling Decompositions. Special cases of our method reduce
to prior work. (Left) Decomposing images into spatial regions recovers a special case
of MultiDiffusion [2], and allows us to assign prompts to spatial regions. (Right)
Decomposing an image by scaling allows us to compose concepts, and recovers the
method of Liu et al. [33].

High Pass:
“a photo of
a leopard”

High Pass: High Pass: Low Pass:
“a photo of “a headshot of
marilyn monroe”

Low Pass:
[Real Image]

Low Pass:

[Real Image] [Real Image]

a lightbulb”

Ay K] N R

Fig. 8: Hybrids from Real Images. We show hybrid images generated from real
images. We take low or high passes of real images, and use our method to fill in the
missing component, conditioned on a prompt. Best viewed digitally, with zoom.

previous work investigates using diffusion priors for solving problems such as
colorization, inpainting, super-resolution, or phase retrieval, we apply the idea
towards generating hybrid images from real images. Specifically, we take low or
high frequency components from a real image and use our method to fill in the
missing components, conditioned on a prompt. Results are shown in Fig. 1 and
Fig. 8. We also provide colorization results in Appendix J.

4.4 Limitations and Negative Impacts

One major limitation of our method is that the success rate is relatively low.
While our method can produce decent images consistently, very high quality
images are rarer. This can be seen in Fig. 9 and Fig. 18, in which we visual-
ize random samples for hybrid images, color hybrids, and motion hybrids. We
attribute this fragility to the fact that our method produces images that are
highly out-of-distribution for the diffusion model. In addition, there is no mech-
anism by which prompts associated with one component are discouraged from
appearing in other components. Another failure case of our method is that the
prompt for one component may dominate the generated image. Empirically, the
success rate of our method can be improved by carefully choosing prompt pairs
(see Appendix I for additional discussion), or by manually tuning decomposition
parameters, but we leave improving the robustness of our method in general to
future work.

The ability to better control powerful image synthesis models opens numerous
societal and ethical considerations. We apply our method to generating illusions,
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High Pass: “a photo
of a rabbit”

Low Pass: “a photo
of an old man”

7
High Pass: “a watercolor ,’ £
of mountains” 7
-; by
Low Pass: “a watercolor aoh
of a panda”
Ll

Grayscale: “an oil
painting of waterfalls”

Full Color: “an oil
painting of a tiger”

Grayscale: “a watercolor
painting of flower
arrangements”

Full Color: “a watercolor
painting of a duck”

S8till: “a photo
of a duck”

Motion: “a photo of
a rabbit”

S8till: “a photo
of an old man”

Motion: “a photo of
a skull”

Fig.9: Random Samples. We provide random samples for selected prompts and
decompositions. As can be seen, most random results are of passable quality, with
some catastrophic failures, and some very high quality illusions. More random samples
are shown in Fig. 18.

which in some sense seeks to deceive perception, possibly leading to applications
in misinformation. We believe this and other concerns deserve further study and
careful thought.

5 Conclusion

We present a zero-shot method that enables control over different components
of an image through diffusion model sampling and apply it to the task of creat-
ing perceptual illusions. Using our method, we synthesize hybrid images, hybrid
images with three prompts, and new classes of illusions such as color hybrids and
motion hybrids. We give an analysis and provide intuition for why our method
works. For certain image decompositions, we show that our method reduces to
prior work on compositional generation and spatial control of diffusion mod-
els. Finally, we make a connection to inverse problems, and use this insight to
generate hybrid images from real images.
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A TImplementation Details

A.1 Pixel Diffusion Model

For all experiments we use the pixel diffusion model DeepFloyd IF [29], as op-
posed to more common latent diffusion models. This is because the frequency
subband, color space, and motion decompositions are not meaningful in latent
space. For example, averaging channels in latent space does not correspond to an
interpretable image manipulation. Interestingly, using our method to construct
hybrid images with a latent diffusion model, by blurring latent codes, works to
an extent but is easily susceptible to artifacts (see Appendix F), so we opt to
use a pixel diffusion model which is more consistent and principled.

A.2 Hybrid Images

DeepFloyd IF [29] generates images in two stages. First at a resolution of 64 x 64
and then at 256 x 256. Because of this, we adopt the convention that our o values
are specified for the 64 x 64 scale, and are scaled by 4x for the 256 x 256 images.
We use a relatively large kernel size of 33 at both scales to minimize edge effects.
We use ¢ values ranging from ¢ = 1.0 to o = 3.0 for all hybrid images except
for those in Fig. 3, in which we sweep the value of o.

A.3 Triple Hybrids

Triple hybrids are quite difficult to synthesize, and as such we manually select
the sigma values and prompts to generate high-quality samples. Specifically, we
use o1 values from o; = 0.8 to 01 = 1.0 and o5 values from g9 = 1.2 to g9 = 2.0
for all triple hybrids in Fig. 1 and Fig. 14.

A.4 Upscaling

DeepFloyd IF additionally uses a third stage which upscales from 256 x 256 to
1024 x 1024. We also use this stage, but because it is a latent model, we do
not apply our method. We upscale using only the prompt corresponding to the
highest frequency component or the color component.

B Human Studies

We use Amazon Mechanical Turk for the human study. 77 “master workers” were
asked the following questions for each hybrid image pair:

e “Which image shows [prompt_1] clearer?”
e “Which image shows [prompt_2] clearer?”
e “Which image is of higher quality?”

For low frequency prompt questions, we downsample the images accordingly
in order to help participants more easily see the content. For the high frequency
prompt questions, as well as the quality questions, we display the images at full
resolution. Participants were shown 8 hybrid image pairs in a random order.
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“city scene” / “a car” / “a cat” “text” / “a clock on a desk” / “the digit 5”

Fig. 10: Prior Work on Triple Hybrid Images. We show the triple hybrid results
from prior work [55], which adapts the classic method of [42]. A description of what
should be seen is provided underneath each image, going from high to low frequencies.
As can be seen, these results are of lower quality than our results.

C Prior Triple Hybrid Methods

Prior work [55] attempts to create triple hybrid images by adapting the method
of Oliva et al. [12]. As can be seen in Fig. 10, the results are not of high visual
quality, and it can be hard to identify the three different subjects in the image,
especially when compared to our results. This reflects the difficulty of creating
these images.

D Metrics Implementation

In Tab. 2, we report the max CLIP score over multiple image downsampling
factors. Specifically, for each hybrid image we downsample and then upsample
by a factor f, where we choose f to be a linear sweep of 20 values between 1
and 8. These images are then preprocessed to a size of 224 x 224, which is the
input resolution of the CLIP ViT-B/32 model which we use. We then take the
normalized dot product between each resulting image embedding, and the text
embedding for the corresponding prompt, and report the max. We report the
max to account for the fact that different hybrid images are best seen at different
downsampling factors.

E Connection to MultiDiffusion

In Sec. 4.2 we explore Factorized Diffusion with a spatial decomposition, and
show that it allows targeting of prompts to specific spatial regions. We claim
that this is a special case of MultiDiffusion [2]. MultiDiffusion updates a noisy
image of arbitrary size by removing the consensus of multiple noise estimates
over the image. Factorized Diffusion, with a spatial decomposition, also removes
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“a photo of marilyn monroe” / “a photo of albert einstein”

Fig.11: Latent Hybrid Images. We provide hybrid image results using our method
with Stable Diffusion v1.5, a latent diffusion model. As can be seen the results are
passable, but suffer from artifacts, due to applying blurring and bandpass operations
in the latent space.

a consensus of multiple noise estimates. However, in our setup this consensus
is formed specifically by the disjoint union of multiple noise estimates, and our
method operates only at the resolution for which the diffusion model is trained,
as opposed to MultiDiffusion.

F Hybrid Images with Latent Diffusion Models

We show hybrid images resulting from using our method with Stable Diffusion
v1.5, a latent diffusion model, in Fig. 11. As can be seen the results are decent,
but have significant artifacts, due to applying bandpass filters in the latent space.
We find that pixel diffusion models produce much higher quality samples.

G Synthesizing Hybrid Images with other Methods

We also attempt to generate hybrid images using two recent methods: Visual
Anagrams [18] and Diffusion Illusions [5]. Results can be seen in Fig. 12. Both
methods fail, which we describe and analyze below.

Diffusion Illusions works by minimizing an SDS [45] loss over multiple views
of an image, paired with different prompts. We use the same high and low pass
views as above. As can be seen in Fig. 12 the method produces a decent version
of the low pass prompt, but fails to incorporate any of the high pass prompt. We
believe this is because taking the high pass of an image moves it significantly
out-of-distribution, rendering the SDS gradients unhelpful. Low passing an image
alters its appearance, but keeps it relatively in-distribution, so as a result the
method can still produce the low pass prompt.

Visual Anagrams works by denoising multiple transformations of an image,
paired with different prompts. We use a high pass and low pass transformation,
but this fails because these operations change the statistics of the noise in the
noisy image. As a result, the diffusion model is being fed out-of-distribution
images, and the reverse process fails to converge, as shown in Fig. 12.
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Visual Anagrams Diffusion lllusions Ours

“a lithograph of a skull” / “a lithograph of waterfalls”

Fig. 12: Other Illusion Methods. We attempt to create hybrid images using Visual
Anagrams [18] and Diffusion Illusions [5], two recent methods designed to generate
optical illusions. As can be seen, both methods fail. Please see Appendix G for analysis.

Table 3: Comparison to Visual Anagrams [18]. We use [18] to synthesize hybrids
and color hybrids, and report the same metrics as [18]. We use prompt pairs built from
the CIFAR-10 classes, with 10 prompts per pair for a total of 900 samples. Our method
performs consistently better, as [18] is not designed to produce these kinds of illusions.

Task Method A 0 Ao.o T Ao.os T+ Ct Coo 1 Coos T

Visual Anagrams [18] 0.226 0.237 0.240 0.500 0.520 0.525
Ours 0.237 0.263 0.271 0.536 0.630 0.651
Visual Anagrams [18] 0.223 0.232 0.234 0.500 0.537 0.547
Ours 0.231 0.260 0.269 0.512 0.562 0.586

Hybrid Images

Color Hybrids

Finally, we also quantitatively evaluate hybrid and color hybrids generated
using Geng et al. [18] against our proposed method, with results shown in Tab. 3.
As prompts, we use all pairs of CIFAR-10 classes, and sample 10 images per
prompt pair for a total of 900 samples. We use the same metrics as [18], and
we find that our method does better consistently, as [18] was not designed to
generate these illusions.

H Further Analysis of Factorized Diffusion

As discussed in Sec. 3.3, our analysis assumes that the update step is a linear
combination of the noisy image, x;, and the noise estimate, ¢y. However, many
commonly used update steps also involve adding random noise z ~ A (0, I), such
as DDPM [25]. To deal with this, we can view the update step as a composition
of two steps:

X¢—1 = update(xy, €g) (21)
= update’(x¢,€9) + 0.2. (22)

The first is now a linear combination of x; and ¢y, and the second adds in the
noise z. Our analysis then applies to just the update’ function.
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I Choosing Prompts

We find that carefully choosing prompts can generate higher quality illusions.
For example, the success rate and quality of samples are much higher when
at least one prompt is of a “flexible” subject, such as "houseplants" or "a
canyon". In addition, we found biases specific to decompositions. Prompts with
the style "photo of..." performed better for hybrid and motion hybrid images.
We suspect this is because photos tend to have ample amounts of both high
and low frequency content, as opposed to styles such as "oil paintings" or
"watercolors", which tend to lack higher frequency content. For color hybrids,
we found that using the style of "watercolor" produced better results, perhaps
because of the style’s emphasis on color.

ol —

&

“a photo of birds”

“a photo of “.mossy” “..underwater”
vermilion cliffs”

“a photo of “.autumn” “..psychedelic”
yosemite”

Fig. 13: Colorization. Our method can also be used to solve inverse problems, such
as colorization. We show grayscale images that we wish to colorize on the left. The
color component is then generated conditioned on the text prompts displayed.

J Colorization

We also show colorization results in Fig. 13, using our method as an inverse
problem solver, as discussed in Sec. 3.5. Specifically, we use the color space
decomposition introduced in Sec. 3.4. During diffusion model sampling we hold
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the grayscale component fixed to the grayscale component of a real image that
we want to colorize, and generate the color component. Note that this is highly
similar to prior work [9,28,54].

K Additional Results

In this section, we provide additional qualitative results. Additional results for
hybrid images and triple hybrids are shown in Fig. 16 and Fig. 14 respectively.
In Fig. 15 and Fig. 17, we provide more examples of motion and color hybrids,
respectively. Finally, we provide more random samples for hybrid images, color
hybrids, and motion hybrids in Fig. 18.

“a photo of flower “a photo of

arrangements” a fish”
“a photo of “a photo of
a rabbit” an old man”
“a photo of “a photo of

g a diamond”
! “a photo of

a pyramid”

a yin yang”
“a photo of a |

the eiffel tower

“a photo of “a photo of

a quokka” a rabbit”
“a photo of “a photo of
houseplants” flower arrangements”

Fig. 14: Triple Hybrids. We provide more triple hybrid results. Best viewed digi-
tally, using zoom.

“a watercolor of “oil painting style, “a photo of “oil painting style, “a photo of “a photo of
a bazaar” the grand canyon” waterfalls” a forest” old man”

N

:

“a watercolor of “oil painting style, “a photo of “oil painting style, “a photo of “a photo of
a dog” a heart” a bird” an old man” a teddy bear” a skull”

Fig. 15: Motion Hybrids. We show more motion hybrid results. These are images
that change appearance when motion blurred. Here, the motion is from upper left to
bottom right.
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“0il painting style,
a bumblebee”

"0il painting style,
abraham lincoln”

“a photo of
an old woman”

a photo of
audrey hepburn”

“a photo of

“oil painting style, “oil painting style, “a photo of “a photo of a photo of
an old woman”

a bazaar” a flower arrangement” houseplants” an english breakfast” a library”

0il painting style,
a bird”

“a photo of
gandhi”

lithograph of
a skull”

“a lithograph of
a quokka”

0il painting style,

“oil painting style, “a lithograph of “a lithograph of “oil painting style
“a photo of a forest” P

texture of feathers” @ photo of a fores waterfalls” houseplants” the grand canyon” a panda
“a photo of
an old man”
“a photo of

a panda”

“a photo of
abraham lincoln”

“a watercolor of
king tut”

“a photo of

“a photo of “a photo of “a watercolor of “a photo of
john lennon”

texture of granite” a bazaar” a sunset” a flower arrangement”

“a photo of
gandhi”

“a photo of
an old man”

“a watercolor of
a panda”

“a photo of
elvis”

“a watercolor of

“a photo of “a photo of “a watercolor of “a photo of “a watercolor of
a teddy bear”

a sunset” houseplants” a library” the grand canyon” new york city”

“a lithograph of
houseplants”

0il painting style,
john lennon”

“a photo of
an old woman”

“a watercolor of
a bird”

0il painting style,

“a lithograph of “oil painting style, “a photo of “a watercolor of “oil painting style, -
a panda”

waterfalls” the grand canyon” flower arrangements” a bazaar” mountains”
“a photo of
a teddy bear”

“a lithograph of
a skull”

“oil painting style,
a panda”

“a photo of
abraham lincoln”

0il painting style,

“a photo of “a lithograph of “oil painting style, “a photo of “oil painting style, an old man”

the grand canyon” houseplants” new york city” a flower arrangement” a bazaar”
Fig. 16: Hybrid Images. We show more hybrid image results. For easier viewing, we
provide insets of each hybrid image at lower resolution, along with the corresponding
prompt. Best viewed digitally, with zoom.
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“oil painting style, “an oil painting of

“a photo of a carv @ watercolor of “a watercolor of “a painting of
P ancient ruins” flower arrangements” a theater” mountains” an old man”
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“a photo of a ship” “a watercolor of “a watercolor of “a painting of  “oil painting style, “an oil painting of
an old man” an old woman” a duck” a rabbit” students in a
classroom”
“a painting of “oil painting style, “a watercolor of “oil painting style, “oil painting style, .
city skyscrapers”  the grand canyon” a desert” a flower arrangement” 2 volcano” “a photo of a ship”
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“a painting of “oil painting style, “a watercolor of “oil painting style, “oil painting style, “a photo of a frog”
a rabbit” john lennon” a camel” a bird” a duck”
“oil painting style, “a watercolor of “a watercolor of “a lithograph of “a watercolor of “a watercolor of
mountains” flower arrangements” a landscape” the grand canyon” a rainforest” waterfalls”
[
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“oil painting style, “a watercolor of “a watercolor of “a lithograph of “a watercolor of “a watercolor of
a duck” a pig” a bumblebee” a crocodile” a skull”

a tiger”

Fig. 17: Color Hybrids. We show more color hybrid results, with grayscale images

placed above their colorized version.
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High Pass: “a photo
of waterfalls”

Low Pass: “a photo
of a skull”

High Pass: “0il painting
style, a flower
arrangement”

Low Pass: “oil painting
style, abraham lincoln”

High Pass: “lithograph
style, a flower
arrangement”

Low Pass: “lithograph
style, a bumblebee”

High Pass: “a photo
of a sunset”

Low Pass: “a photo
of a teddy bear”

Grayscale: “oil painting
style, a library”

Full Color: “o0il painting
style, a bumblebee”

Grayscale: “a watercolor
of a flower
arrangement”

Full Color: “a watercolor
of a bird”

Grayscale: “an oil
painting of vases”

Full Color: “an oil
painting of a duck”

Grayscale: “an oil
painting of a volcano”

Full Color: “an oil
painting of a rabbit”

Still: “oil painting
style, a sports
stadium”

Motion: “oil painting
style, a car”

Still: “a watercolor
of new york city”
Motion: “a watercolor
of a dog”

Still: “a photo
of a bazaar”
Motion: “a photo of
a teddy bear”

S8till: “oil painting
style, the grand
canyon”

Motion: “oil painting
style, a heart”

Fig.18: Random Samples. We provide random samples of hybrid images, color
hybrids, and motion hybrids for selected prompts.
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