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Figure 1: Diffusion-based photomosaics are created by generating target tiles with a diffusion model. In our work, we demonstrate
how a pre-trained diffusion model can be adapted to this purpose.

Abstract

Image mosaics have traditionally been automated by employing
a search method to match source images to locations in a target
layout. However, search can be replaced by a generative process
that generates custom tiles. The challenge is twofold: the generated
images must match a target color layout, while maintaining the
image quality of unconditional generation. Here, we use a diffusion
model within a training-free, optimization-based framework. Users
select a theme that comprises a dataset of text prompts, which
guide the generation of each mosaic tile. Rather than fine-tuning,
we introduce a custom loss function that balances two competing
objectives: ensuring that the local color of the generated tile matches
that of the target, while preserving sufficient visual diversity and
detail. Our approach requires no model training or large image
databases, making it broadly accessible and adaptable to arbitrary
themes and target images.
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« Computing methodologies — Non-photorealistic rendering;
Image processing.
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1 Introduction

Image mosaics have origins as early as the Renaissance, when
Giuseppe Arcimboldo composed paintings where a subject is de-
picted by a collection of unrelated objects such as fruits and veg-
etables or fish. Viewers can engage with the artwork on two levels,
perceiving both the larger composition and its individual elements.

The modern photomosaic is characterized by a rectangular grid
of small photographs that form a larger composition. When viewed
from a distance, the individual photographs blend into a larger
composition. Traditional photomosaic algorithms [4, 17, 31] rely on
searching through image databases to find photographs matching
each target region. Here, we take advantage of diffusion models
that generate images from text prompts. allowing us to create each
sub-image on demand.

Gathering image datasets for photomosaics presents significant
practical challenges. Typically, a designer envisions a thematic re-
lationship between the input image and its constituent sub-images.
In most cases, specialized datasets must be manually constructed, a
time-consuming process that must be repeated for each new con-
cept. Furthermore, certain imagined themes may be difficult or im-
possible to source. Since the quality of a search-based photomosaic
depends critically on dataset size and diversity, these practical limi-
tations are constraining. Generative approaches enable designers
to explore arbitrary themes without the burden of dataset construc-
tion. Figure 2 shows a mosaic created on the theme of ‘mythological
beasts’. It would be difficult to source a large, varied dataset on this
subject while maintaining style consistency across images.
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Figure 2: An example of an image mosaic generated using
the ‘mythological beasts’ theme.

Previous authors [31, 44] have discussed an accuracy/discernibility
tradeoff when generating a photomosaic. Orchard and Kaplan [31]
provide the definition: “Accuracy seeks to reproduce the target
image as closely as possible; discernibility seeks to ensure that
each of the source tiles is legible” Enhanced accuracy is possible
through altering the original sub-image colors but makes them less
discernible. In diffusion mosaics, images are directly generated to
align with the desired color layout.

Our contributions are as follows:

e We propose an optimization-based method for guiding pre-
trained diffusion models to generate images that fit a target
color layout.

e We design a pipeline that creates image mosaics from user-
selected themes. This pipeline automatically selects from a
collection of LLM-generated prompts, based on character-
istics in the underlying region of the target image, that are
then used to guide individual mosaic tile generation.

2 Related Work

While other mosaic types exist, such as crystallization mosaics [14,
16, 19], ancient mosaics [13, 15, 20], and puzzle image mosaics [25,
35, 43], we are primarily concerned with photomosaics. Battiato et
al. provide a survey of other mosaic types [2].

2.1 Photomosaics

Creating a photomosaic [38] has been treated as a search problem:
given a large dataset of candidate images, find the images that best
match corresponding tiles in the underlying target image using
some feature representation. (It is common to refer to both the
small source images, and their corresponding sub-region of the
target image, as tiles.) Using the pixel colors directly [31, 41] can
produce reasonable accuracy. However, some authors have accel-
erated search with more compact comparisons: Finkelstein and
Range [17] use a wavelet signature; Pavic et al. [32] use polynomial
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descriptors; Di Blasi [4] subdivide tiles into 3 X 3 grids and obtain a
27-dimensional vector from the RGB color averages.

The bottleneck in photomosaic creation is the image search used
at each tile. A linear search over the dataset can be improved with
a tree-based nearest neighbor search strategy. Once the data struc-
ture is built for a particular dataset, it can be reused for subsequent
mosaics. An example is seen in the work of Di Blasi [4] who em-
ploys an Antipole tree [6] to accelerate image search. Orchard and
Kaplan [31] introduce searching over all possible shifts within a
source tile. This additional search is made tractable by performing
a convolution in the frequency domain.

The image search problem can also be extended to include source-
tile color modifications [17, 31] to improve accuracy. However,
the integrity of the source images may be lost if color-shifting
is applied too aggressively. In our diffusion-based image mosaics,
color shifting is unnecessary since images are generated to naturally
align with target colors. As a final note, we also mention that a
uniform tile grid is not mandatory. For example, Pavic et al. [32]
demonstrate adaptive tiling, using larger tiles in uniform regions
and smaller tiles where greater detail is needed.

2.2 Diffusion-based image generation and
editing

Recently, diffusion models [23, 39] are able to generate high-quality
images closely resembling those in their training distributions. Dif-
fusion models were then extended to conditional models where
inputs, such as text and external images, are used to guide the gen-
eration process, with applications including style transfer [9, 10],
texture synthesis [47], and image editing [7, 21, 42].

For diffusion-based image mosaics, we must produce images
(tiles) conforming to a target structure. One approach involves
training adapters that condition existing diffusion models on edge
maps, color schemes, and other guidance signals. ControlNet [46]
pioneered this approach by training additional neural network
modules to condition the diffusion process on structural inputs such
as Canny edges or depth maps. T2I-Adapter [29] similarly extracts
guidance features from input images to modify the UNet backbone,
including a spatial color-palette conditioning mechanism among
its various guidance types. IP-Adapter [45] introduced a decoupled
cross-attention mechanism that operates in parallel with text-based
cross-attention in the UNet, enabling image-prompt conditioning.
While these methods require training, Shum et al. [37] propose a
zero-shot approach that follows an input color palette.

3 Diffusion preliminaries

Diffusion models are designed to create images from noise, consist-
ing of both forward and reverse processes. In the forward process,
noise is gradually added to an image x, over a series of timesteps
t € [0, T] until only Gaussian noise is present in the terminal state
xr. Of greater interest, this gradual noising can be reversed by
means of a sampling process and a trained noise approximator €g.
In particular, DDIM [40] sampling predicts an image through T
sampling steps:

X1 = V1% + V1 — @169 (x4, 1), (1
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where @; is a based on a predefined noise schedule. At each denois-
ing step, Xy is the current approximation to the clean image x, and
is computed as
Xt — N1 - dreg(xi.t)
N .
Latent diffusion models such as Stable Diffusion [34], perform
iterative denoising in a lower-dimension latent space to improve
performance. This dimensionality reduction requires an encoder &
and a decoder D to transform the image x, into its latent represen-
tation zo = &(xg) or back into image space xo = D(zp).
Conditional controls extend diffusion models by allowing users
to specify a condition y that controls the generated output. Classifier-
free guidance [24], used in text-to-image diffusion models, gradually
aligns the generated image with a text prompt in a shared encoding
space. Classifier guidance [12], by contrast, employs a trained, time-
dependent classifier to steer generation toward class-conditional
outputs via the classifier gradient. While classifier guidance requires
training a classifier for each task (in order to operate on noise-
corrupted images), using the clean intermediate predictions from
Equation 2 unlocks a variety of training-free loss functions [36]. In
the case of latent diffusion, the intermediate result 2, requires that
it also be passed through the decoder to obtain %y = D(Z,) before
standard image-space losses can be applied. We illustrate the devel-
opment of the intermediate X, predictions in Figure 3 as they are
extracted from the Stable Diffusion model using T = 50 timesteps.
Notice that even after a single denoising step, an approximate color
layout of the final generated image is obtained.

@

Xo =

“a black bear, realistic photograph, 4k, best quality”

LT

Step 16

Step 1 Step 2 Step 4 Step 8

Step 50

Figure 3: Intermediate predictions for X, = D(Z,) extracted
from the Stable Diffusion [34] model, using the prompt spec-
ified at the top. Denoising steps are indicated below each
corresponding image.

4 Method

Our method builds upon a frozen text-to-image diffusion model.
Being training-free and independent of any particular model archi-
tecture, our approach allows users to select any diffusion model
based on their specific requirements, such as prioritizing output
resolution, or a particular image domain such as faces. The final
mosaic is assembled from independently generated tiles. While
per-tile generation is computationally expensive, current diffusion
models on consumer-level GPUs are unable to produce images at
sufficient resolution for large-format printing; at 300 DPI, a typical
diffusion model output covers only a few square inches, making a
tile-based approach necessary.

We propose two main extensions to existing diffusion processes.
First, we describe an automated prompt selection process to de-
termine suitable prompts for tile generation (Section 4.1). This
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Figure 4: Pipeline of our method.

determination is informed by the underlying pixel values in the tar-
get image, combined with a common human color lexicon. Second,
we adapt the diffusion model itself for tile generation (Section 4.2).
These adaptations guide the denoising process to align each gen-
erated tile with the underlying target-image content. Since our
method is training-free, it can adjust parameters on a per-tile basis,
shifting the accuracy/discernibility tradeoff according to a semantic
map.

A high-level overview of our method is the following:

(1) Compute a tiling of the target image I

(2) for each tile I; in I:

(a) Generate a prompt p
(b) Generate a tile G;, conditioned on p and the color layout
of Ii

(3) assemble the image mosaic G from all generated tiles G;
The pipeline diagram in Figure 4, illustrates these steps, with the
addition of details that will be explained the following sections.

To maximize image quality, we generate tiles at the diffusion
model’s native resolution (512 x 512 in our Stable Diffusion imple-
mentation) even when input tiles are smaller. This approach pro-
vides a secondary benefit: the output G is also a super-resolution
version of I, enabling viewers to zoom in digitally or, for a print
reproduction, to step closer and examine each sub-image in detail.
Still higher resolutions can be obtained by using a larger diffusion
model such as SDXL [33].

4.1 Prompt selection

Generating tiles for an image mosaic requires a prompt for each
image. While a variety of images could be generated from a single
prompt using different seeds, our experiments suggest that image
quality declines without specific, targeted prompts. Furthermore,
we expect that users will want a variety of subjects across the mosaic
and some degree of control over the tile content. We therefore assign
a unique prompt to each tile; however, manually writing a huge
number of prompts is impractical. Instead, we organize pre-written
prompts into thematic datasets (e.g., birds, flowers), allowing users
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to simply select a theme. This provides access to a diverse set of
theme-specific prompts without requiring manual input for each
tile. In a later refinement step, a user can exercise more control and
specify customized prompts on targeted tiles.

We must also consider how well each prompt matches the tar-
get tile’s visual content. Color is the most critical attribute; the
goal of an image mosaic is for each source tile to resemble the
underlying target image at a reasonable viewing distance. We there-
fore generate tiles containing subjects whose natural colors align
with the target tile, achieved by precomputing a mapping from
colors to prompts. For instance, a tile with predominantly white
regions would be matched with prompts like “a polar bear” or
“snow-covered mountains”, helping the generated image align with
the target color distribution. This dataset organization has other
advantages. Subjects can be reused under multiple color keys (e.g.,
bear associates with white, brown, and black). Our prompts need
not specify color attributes, which are imprecise, risk attention
leakage [8], and might yield contradictory or semantically dubious
descriptions (e.g., blue cardinal, green flower). Figure 5 illustrates
these issues on a yellowish input tile. Simply prompting “a yel-
low animal” yields an ambiguous subject, while “a yellow roaring
lion” introduces attention leakage; the color attribute attaches to
the teeth rather than the lion. The final two results demonstrate
the color optimization method from Section 4.2, showing improved
color adherence but revealing that including “yellow” in the prompt
still produces unnatural hues on the lion’s teeth. The last result ad-
dresses this by omitting color from the prompt entirely, delegating
the target hue to the optimization process.

Y P
"4/ — b &

& @‘

Figure 5: Variations on prompt selection are shown with
(w), and without (w/0), the color optimization that will be
discussed in Section 4.2. From left to right: a target color
layout, “a yellow animal” (w/0), “a yellow roaring lion” (w/o),
“a yellow roaring lion” (w), “a roaring lion” (w).

Given a set of colors C = {ci}fi 1» We construct a mapping where

each color ¢; maps to a disjoint set of prompts f(c;) = {p;; };‘il,
These prompts will be randomly selected, without replacement,
such that neighboring tiles do not have matching prompts. We
employ ChatGPT to generate this dataset of prompts through a
two-step process: first querying it to generate a list of M subjects
associated with each color by asking:

Using these colors: <list of N colors>, generate
a Python dictionary mapping each color to
<M> single-word subjects naturally associated
with it. All subjects should follow the theme:
<theme>.

To obtain the final prompts, the initial request is followed up with:
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Using this dictionary, generate a 3-word prompt
for each subject (matching the <theme> theme).
Return a Python dictionary with colors as keys.
Prompts must suit a text-to-image diffusion
model and must not mention the color.

The above process can be completed in seconds. Optionally, the
user can further refine and personalize some prompts afterward. Fi-
nally, prompts are uniformly appended with “high quality <theme>
themed photograph”.

We draw on work by Berlin and Kay [3] to select N = 11 basic
color terms (BCT) that are named consistently across cultures: black,
white, red, yellow, green, blue, brown, pink, purple, orange, and gray.
These will comprise the color set C.

With the color-to-prompt mapping established, we require an
additional mapping from tile pixel values to colors in C. Lindsey
and Brown [27] conducted a study in which participants applied
labels to a set of color swatches. We use the high-consensus labeled
swatches to map tile colors to color terms, computing the Euclidean
distance in CIELAB color space and selecting the ¢; of the nearest
swatch.

Even when using small tile sizes, substantial color variation can
occur within a single tile, making the tile mean an unreliable rep-
resentative color. Instead, we segment the input image I using the
SLIC [1] superpixel clustering algorithm, which groups pixels in a
5-dimensional feature space combining color and spatial proximity.
Formally:

o= J[&1 + (4] o
m g

where 2g is the width of a search grid around a super-pixel centre,
and m controls the tradeoff between spatial and color distance. Our
implementation employs the adaptive SLICO variant, which sets m
automatically per cluster. From the superpixel result S, we compute
the mean color of each region in CIELAB space and map each region
to a color term c;. Then, for each tile, we select the ¢; associated
with the largest number of pixels within that tile. Secondary colors
within the tile are not considered; we instead rely on the diffusion
model to generate appropriate background content.

4.2 Tile generation

For each tile, our generation process takes as input a target color
layout I;, a corresponding binary mask Q; which indicates areas to
be optimized with respect to the colors in I;, a SLIC segmentation
map S;, and a text prompt p. (Typical inputs are illustrated in
Figure 6.) As noted in Section 3, each step of the inference process
provides an estimate of the final latent variable Z,. This latent
estimate can be passed through the decoder to obtain %y = D (%)) in
image space. Throughout the denoising process, these intermediate
Xo predictions are used to steer the latent variable z; so that it
decodes to an image with a similar target-color layout.

We follow established practice [8, 11] and update z; between
denoising steps according to the gradient of a loss £ with respect to
z;. At each update iteration, a modified z; is computed as follows:

zp =z =1V, L, (4)
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Figure 6: Inputs to our tile generation method include (left
to right): a target color layout J;, a SLIC segmentation map S;,
a binary mask Q;, and a text prompt. The resulting output
tile is shown on the far right.

a soaring

falcon.

using a time-dependent step size 1, following Loizou et al. [28]:

= — . )
V= £]
This design is motivated by the observation that gradients will be
large in early steps when z; is mostly noise; the step size should
be small in these early stages, to avoid potential instability and
excessive oscillation. Conversely, later in the inference process,
when gradients are small, a larger step size speeds convergence.

4.2.1  Accuracy and discernibility motivated guidance. If we only
valued accuracy, then mean-squared-error (MSE) would be an ideal
loss function. However, strictly reproducing the target image is
not the goal: discernibility necessitates some deviation from the
target image. We promote discernibility in two ways: pixel masking
removes selected pixels from the loss function entirely, and adap-
tive quantile-weighted MSE loss weights pixels in the loss function
according to an error map. These techniques are discussed below.

Pixel masking. We define a mask Q; by removing edge and bound-
ary pixels from the loss. First, we apply morphological dilation to
the boundaries between SLIC regions and exclude the resulting
pixels. Since believable generated images rarely align with target
image edges, we focus the loss on color regions between SLIC
boundaries rather than enforcing strict edge correspondence. Sec-
ond, we remove a band of pixels around each tile’s outer boundary,
preserving the mosaic aesthetic by keeping tiles visibly distinct. A
typical mask is shown in Figure 6.

Adaptive quantile-weighted MSE loss. Our loss function is moti-
vated by accommodating, rather than constraining, the generative
process. During denoising, some pixels naturally align with target
colors as a prompt-consistent image emerges, while others remain
poorly matched. Rather than forcing all pixels to contribute equally—
which can introduce distortions by overly restricting poorly-aligned
color areas—we reduce the loss weight for pixels with large color dis-
crepancies. We control pixel weights by first computing the squared
error map E, then partitioning E into P quantiles, each weighted
independently in the loss. Importantly, this quantile partitioning is
performed within each SLIC region independently, ensuring that
all regions contribute to the final loss. In our experiments, we set P
to 4. Algorithm 1 details the method for adaptively weighting pixel
contributions to the loss.

4.2.2 Hierarchical Image Optimization. In Figure 3, the intermedi-
ate X, predictions establish a basic color layout within a few steps,
which is then refined to produce more accurate shapes before the
remaining process synthesizes fine details and textures. To align

Gl 26, June 09-12, 2026, Kitchener-Waterloo, ON

Algorithm 1 Compute loss

Require: Set of SLIC regions S;, target tile I;, current prediction
Xo, number of quantiles P, weights wp
Initialize [Qy, ..., Qp—1] « False map for all p € [0,P — 1]
E « (Iz - Jz'())z
fors € S; do > s indexes the pixel set of SLIC region
[qo,--.,qpr-1] < quantile_masks(E[s], P)
> Boolean masks for P quantile bins of E within region s
forp € [0,P—1] do
Qp —QpVap
end for
end for
L — 3,7 wp MSE(Li[Qp], %0[Qp])
return £

> Accumulate active pixels

with this observed coarse-to-fine image formation, we apply a cor-
responding optimization schedule rather than enforcing a detailed
layout throughout denoising. We construct a Gaussian pyramid
from the target tile I; and optimize %y, with respect to rescaled tar-
gets I;, progressively increasing in resolution as denoising proceeds.

To speed inference, we apply guidance at selected timesteps,
rather than uniformly at each timestep. Gradient descent iterations
proceed until either a target loss is reached, or to a maximum
number of iterations. Further details will be presented in Section 5.

4.2.3 Semantic Focus. The accuracy/discernibility tradeoff does
not need to be uniform across the entire image. Certain foreground
regions, with important details, demand that we skew towards ac-
curacy as viewers will likely be more critical when these details are
poorly reproduced in the generated tile. We mark tiles for further re-
finement by combining foreground/background segmentation [18]
with a Canny edge detector [5] applied at a reduced resolution.
Tiles that contain both foreground and edge pixels are then treated
for higher accuracy. We apply a stricter target loss and increase the
maximum number of gradient descent iterations. In Figure 7 we
note that the background edges (trees) are not marked for increased
focus, nor are the foreground regions without prominent edges.

Figure 7: Selection of tiles for greater accuracy. From left
to right: input image, foreground segmentation, edge map,
selected tiles.

5 Experiments

5.1 Implementation Details

We implement our method with Stable Diffusion 1.5 with T = 50
denoising steps, using the diffusers library. All our experiments are
run on a single NVIDIA RTX 4090 GPU.
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Figure 8: Image Mosaic results from our method.

5.1.1 Parameter settings. Several user-specified parameters in our
method are set to default values. While a full ablation study is be-
yond the scope of this work, empirical testing has guided these
defaults toward settings that reliably produce quality results with
Stable Diffusion 1.5. Other models may differ. We discuss the pa-
rameter space below.

Target loss and iterations. Focus and non-focus tiles are con-
figured independently, reflecting a speed-accuracy tradeoff. For
non-focus tiles, faster generation with relaxed loss targets is accept-
able, reducing overall generation time across the mosaic. We use a
target loss of 0.004 with a maximum of 8 optimization iterations.
In contrast, focus tiles are expected to more faithfully conform to
the local structure of the input image. Here we use a target loss of
0.001 and up to 16 iterations.

Quantiles and loss weights. The number of quantiles used in the
loss function, and their relative weights, determine the extent to
which a tile may spatially deviate from its target. Too few quantiles
limits the spatial resolution of the loss, while too many increases
computational cost. We selected 4 quantiles with a declining weight
scheme [0.4,0.3,0.2,0.1] corresponding to increasing error in E,
prioritizing regions that already conform closely to the target.

Pyramid levels. The number of pyramid levels is determined
by the smallest image size that can be reliably optimized. Since
quantiles are computed within independent SLIC regions, we found
that 8 X 8 is the smallest patch size providing sufficient pixel count
for quantile computation. For a typical 64 x 64 input tile, this gives
4 pyramid levels. For smaller 40 X 40 input tiles, 3 pyramid levels
are used to achieve comparable spatial resolution.
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Optimization steps. We select a stopping timestep based on the
point at which image structure is determined and remaining iter-
ations primarily refine fine detail. As shown in Figure 3, step 16
serves as a reasonable cutoff. To reduce computational overhead,
guidance is applied at every second denoising step. For a standard
64 X 64 tile, optimization is therefore applied at 8 steps: 1,3, ..., 13,
15 with each of the 4 pyramid level used twice.

5.2 Qualitative Results

Figure 8 shows some results from our method. We used 64 x 64
pixel tiles to reconstruct images in the first two rows, showing
that we can produce an image mosaic even with a coarse tiling.
Search-based methods typically use a high tile count to achieve
better accuracy. The final row demonstrates a smaller tile size of
40 X 40. Generative methods have a clear advantage in aligning sub-
tile details with image content. In a search-based method, a large
dataset must be assembled to be able to reasonably source images
with accurate details beyond a simple color average. Even when
source image transformations are used, accuracy is directly tied to
dataset size, and large datasets take significant effort to assemble.

“a feeding sandpiper, high quality birds themed photograph”

Input quantile loss MSE loss

Figure 9: Comparison of our quantile loss (centre) score with
MSE (right). Quantile loss uses weights [0.4,0.3,0.2,0.1] corre-
sponding to increasing error in E.

We demonstrate the effect of our quantile-based loss in Figure 9.
While greater accuracy can be obtained with a uniform MSE loss,
there is a greater chance of image distortion. Strict enforcement
of color alignment will not produce natural-looking images. By
allowing the diffusion process to fill in image structures with weak
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constraints, the prevalence of obvious distortions is reduced. For
example, the main sandpiper in the first row becomes smaller, with
a bluish tint, when uniform weights are applied in the rightmost
image. The smaller submerged bird also becomes distorted by the
blue background. In the second row, more varied background detail
emerges when using the quantile-based loss. Both results in the
bottom row are distortion-free; however, allowing some divergence
from the target colors enables the typical blue head of the fairywren
to appear in the output.

The optimization process can be costly, as it effectively adds
additional steps to the denoising process for each tile. Therefore,
budgeting the diffusion steps can be a useful strategy. We achieve
this by lowering the target loss score, and maximum optimization
steps, when generating tiles away from the regions of interest. The
process for selecting tiles for increased attention was communicated
in Section 4.2.3. In Figure 10, we demonstrate how decreasing the
target loss score produces a tile more closely aligned to the target.

“sweetpea in sunlight, high quality flowers themed photograph”

g 0 e

“snapdragon in planter, high quality flowers themed photograph”
WL T AW

Input 01 0.01 0.001

Figure 10: Increasing the target loss score at each iteration.
The 3 images on the right are optimized against the leftmost
images with target losses of 0.1, 0.01, and 0.001.

5.3 Comparisons

Figure 11 compares our method with baselines: Stable Diffusion’s
image-to-image pipeline [34], IP Adapter [45], and T2I Adapter [29].
The baselines attempt to match the color input from all spatial lo-
cations equally, while we allow non-uniform guidance with our
quantile-based loss. With Stable Diffusion image-to-image, we add
noise up to 85% and then denoise. While color matching is rea-
sonable here, image quality suffers in some instances. Notably, the
hedgehog (row 3) and the cricket (row 4) are pushed to the bottom
of the image and the ducks (row 5) are shrunk to a minuscule size.
This pattern manifested in our preliminary results as well, under
spatially uniform optimization. After adding the quantile-based
loss, our output images adequately depict the prompt subject.
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IP Adapter and T2I Adapter both used 8 X 8 approximations of
the input color layout, as described by the authors. Both frequently
struggle to match the input color scheme. For example, the circus
theme results (row 2) depart from the input quite significantly. Also
note the IP Adapter result in row 1: the colors are matched, but
the layout is reversed, suggesting that image-based cross-attention
lacks the spatial precision necessary for image mosaics.

‘a blg drum, high quality circus themed photograph”

ik A2

‘a heavy curtam hlgh quality circus themed photograph”

2! \» \
" 11
‘4 “‘\

Il ﬂ\m

“a curled hedgehog, high quality animals themed photograph”

‘a chlrplng cricket, high quahty ammals themed photograph 7

‘a paddlmg duck, high quahty birds themed photo raph”

Input Ours SD img2img 1P Adapter [45]

T21 Adapter [29]

Figure 11: Comparison of our method with Stable Diffu-
sion’s image-to-image pipeline [34], IP Adapter [45], and
T2I Adapter [29].

We also compare our method against the search-based photomo-
saic methods of Orchard and Kaplan [31] and Di Blasi et al. [4] in
Figure 12 using square tiles of 40 X 40 pixels. Orchard and Kaplan’s
method can better preserve the input image, even without color
correction, in comparison with Di Blasi et al. This is primarily due
to the ability to search sub-images. They report a RMSE (root mean
squared error) of 50.1, while Di Blasi reports 67.1 using pixel values

n [0, 255]. One consequence of sub-image search is that unusual

cropping can occur and reduce quality of the individual tiles in the
output. This phenomenon is evident in the group of images at the
bottom-right of the figure: the primary subject is squeezed out of
the left side of the image. In our generative approach, undesirable
crops are less likely to occur, since diffusion models are typically
trained on intact images. Our quantile-based loss function also en-
ables images to be generated without universally adhering to the
background color layout. We report a RMSE of 46.5 in our example
on the complete mosaic shown in the left group of images.
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5.4 Quantitative Results

Table 1 shows comparisons of our method, and others, against the
Stable Diffusion (SD) baseline. We chose two no-reference met-
rics: CLIP Score [22] measures alignment between image and text
prompt, while Pick score [26] estimates image quality. We compute
MSE by blurring and sub-sampling the 512 X 512 output tiles to
64 X 64, then comparing against the target tiles at their original
64 x 64 resolution. Each score is presented with its corresponding
difference relative to the SD baseline. Ideal output should have CLIP
and Pick Scores consistent with the SD baseline, plus low MSE.

Evaluation is conducted on the 20 images of the NPR bench-
mark [30]. Each image is divided into 64 X 64 pixel tiles forming
a target for image synthesis. Prompts are selected following Sec-
tion 4.1. We compare our method against Stable Diffusion image-
to-image using a 0.85 noise strength, T2I Adapter, and IP Adapter.
The baseline Stable Diffusion model scores best on CLIP and Pick
Score metrics. This is expected because the model output can align
itself to the text prompt without additional color constraints. No-
tably, the Stable Diffusion image-to-image pipeline scores slightly
better than ours on MSE and slightly worse on prompt alignment
(Clip) and image quality (Pick). Referring to the qualitative results
in Figure 11 we can see that the numerical trends are confirmed;
however, it should be apparent that our method improves on image
quality more than these numbers suggest. When comparing focus
and non-focus tiles, we can see that image quality and prompt
alignment score similarly. However, the extra optimization steps
that are performed in the focus tiles improve MSE. Finally, both
IP Adapter and T2I Adapter show inferior results, indicating that
these methods are unsuited to the image mosaic task.

CLIP Score Pick Score MSE
Method Score  Diff | Score Diff | Score
SD 0.304 - 0.197 - -
Ours (non-focus) | 0.296 -0.008 | 0.196 -0.001 | 0.035
Ours (focus) 0.294 -0.010 | 0.194 -0.003 | 0.028
SD img2img 0.291 -0.013 | 0.191 -0.006 | 0.024
1P Adapter 0.267 -0.037 | 0.185 -0.012 | 0.098
T2l Adapter 0.281 -0.023 | 0.191 -0.006 | 0.112

Table 1: Comparison of methods against Stable Diffusion
(SD) [34] baseline. Bold and italic text indicates best and
second-best scores.

5.5 Limitations

While our optimization-based method achieves superior color-
guided generation, it reduces efficiency by requiring additional
denoising iterations and decoder evaluations at each guidance step.
We add a maximum of 8 X 16 = 128 additional steps on focus tiles
and 8 X 8 = 64 additional steps on non-focus tiles. This can take
up to 20 seconds per tile on a RTX 4090 GPU using 64 X 64 pixel
input tiles that are synthesized at 512 X 512. This will take around
85 minutes for a 1 megapixel image that outputs at 64 megapixels.

Although diffusion models are known to occasionally produce
distorted images, we find a poor prompt/layout combination can in-
crease this tendency. For example, Figure 13 shows how the prompt
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Figure 12: Comparison with Orchard and Kaplan [31] and Di Blasi et al. [4].

“a giant elephant, high quality animals themed photograph”
=

Input seed=50 seed=100 seed=150

Figure 13: Our method sometimes struggles with some
prompt/layout combinations. The elephant prompt (above)
produced distorted images in each of 3 random initializa-
tions. The wolf prompt (below) produced better results.

“a giant elephant, high quality animals themed photograph” failed to
guide the generation of a believable image across three random ini-
tializations. Because prompts are chosen randomly from a dataset,
these distortions can happen occasionally and the only solution is
regeneration of a tile with a more suitable prompt. The wolf in the
bottom row shows improved results.

6 Conclusions

This paper presents a training-free method for adapting diffusion
models to image mosaic generation. By generating tiles directly
from text prompts, our approach eliminates the need to assemble
large image datasets. Instead, diverse mosaics can be created by
organizing Al-generated prompts into thematic collections that
are quick to construct and offer numerous creative possibilities.
We demonstrate that an optimization-based framework delivers
enhanced controllability and improves results compared to off-the-
shelf color guided methods [29, 45].

In the future, we would like to explore acceleration options.
While users can experiment with diverse themes to transform a
given image, faster processing times are required to make diffusion-
based image mosaics an interactive experience. Beyond static square
tiles, many other options are possible, including video mosaics.
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