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Fig. 1. Generative Whimsy Jigsaws. We present a framework to generate whimsy jigsaw puzzles—jigsaw puzzles whose pieces and overall shape depict a
variety of objects through their outlines. By providing a text prompt for each piece, our framework is able to generate compelling, interconnected pieces that
are guided by the textual context. The full set of prompts used for each jigsaw puzzle can be found in the supplementary material.

Unlike conventional jigsaw puzzles which partition an image into a prede-
fined set of rectangular pieces, “whimsy” jigsaw puzzles depict a variety of
objects, such as animals, vehicles, and characters, through the outlines of the
pieces themselves. Although skilled artists have created visually compelling
and playful puzzles within this framework, designing whimsy jigsaws re-
mains highly challenging—creators must simultaneously partition a given
outline into multiple interlocking pieces while ensuring that each piece
conveys a recognizable visual concept. This difficulty limits accessibility,
preventing casual creation by less experienced users, particularly when de-
signing puzzles with many pieces and concepts. To address this challenge,
we present a computational framework for automatically designing whimsy
jigsaws from a loosely specified set of visual targets, each assigned to an
individual piece. Specifically, we take a set of text prompts as input and
use differentiable optimization to refine the geometry of each piece, guided
by a pre-trained diffusion model. Since naive formulations suffer from a
fundamental tension in whimsy jigsaws between geometric validity and
recognizability, this paper develops a representation for planar partitioning
that guarantees the partitioning of the domain into a specified number of
connected pieces, while allowing for highly flexible geometric evolution.
The key component is the scalar slowness field, which is used to compute a
warped geodesic distance field given a point source by solving the Eikonal
equation. Given distance fields from multiple sources, we can compute
warped Voronoi cells that define pieces of a puzzle. The representation is
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fully differentiable, with gradients computed via adjoint sensitivity analysis,
and the slowness field is represented as a neural implicit field. Experimen-
tal results demonstrate that our framework generates diverse, thematically
consistent jigsaw puzzles across a wide range of user prompts, enabling the
automated design of puzzles with complex, figurative pieces.
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1 Introduction

Creating jigsaw puzzles is generally straightforward: manufacturers
typically partition an input image into puzzle pieces with predeter-
mined shapes. These partitioning patterns ignore the image content
and are often based on a regular grid, whose edges are randomly per-
turbed with convex and concave variations to produce interlocking
pieces. Some companies, such as Wentworth Puzzles [Wentworth
Puzzles 1991], Liberty Puzzles [Liberty Puzzles 2005], and Nervous
System [Nervous System 2007], produce puzzles with more diverse
and non-standard piece shapes. For example, some pieces are gener-
ated semi-automatically using procedural methods such as crystal
growth simulation, while others are so-called “whimsy” pieces: fig-
urative shapes that carry semantic meaning, reflecting elements of
the image or the overall theme (Figure 2).

Creating whimsy jigsaw puzzles requires substantial expertise
and iterative refinement. Designers must craft shapes that remain
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Fig. 2. Examples of Whimsy Puzzles. Left to right Cozy Cat Crowd (Image
courtesy of CRAFTSMM — craftsmm.com). Photographs of whimsy jigsaw
puzzles (Images courtesy of Nobuyuki Umetani, 2026).

recognizable while maintaining sufficient abstraction to ensure that
pieces interlock perfectly. This makes computational design par-
ticularly challenging, as it involves balancing two conflicting re-
quirements: adjacent pieces must share exact boundaries without
gaps or overlaps, while each piece must form a recognizable and
meaningful shape. While recognizability can be evaluated using
recent vision-language models (VLMs), the core difficulty lies in the
underlying shape representation. Explicit representations rely on
heuristics and strong regularizations to avoid invalid geometry such
as self-intersections and piece-wise overlaps. Hybrid approaches
used in, for example, multi-material surface tracking [Heiss-Synak
et al. 2024], can mitigate these issues, but introduce substantial al-
gorithmic complexity that is hard to implement and extend. On the
other hand, multi-phase implicit representations (e.g., by defining
regions via multiple coupled scalar fields [Zhao et al. 1996], via their
maximum [Yuan et al. 2012], or via a label function [Kim 2010])
allow flexible deformation, but do not guarantee that each piece
forms a single connected component. Our proposed parameteri-
zation, which uses a generalized Voronoi formulation, guarantees
connectivity and geometrical validity, while admitting flexible de-
formation without the need for heuristics, strong regularizations,
or specialized machinery.

The Voronoi diagram is a spatial partition of the input region into
multiple cells, where each point in a cell is nearest to its site. This has
desirable properties: the cells naturally fill the input region without
gaps or overlaps, and furthermore, each cell is simply connected,
corresponding to a single site within the cell. While traditional
Voronoi cells are restricted to convex polygons under the Euclidean
distance, we enhance their expressiveness with a slowness field.
The slowness field defines a spatially-varying distance metric—a
path experiences a longer distance in regions of high slowness. By
manipulating this slowness field, we can design jigsaw puzzles as
Voronoi cells, where each piece has sufficient expressiveness to
convey the desired semantics.

We represent the slowness field as a neural implicit function to
ensure a compact yet flexible representation. Then, we numerically
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solve the Eikonal equation on a regular grid to compute the Voronoi
diagram. This process is fully differentiable with respect to the
parameters of the neural implicit function. To guide the puzzle pieces
based on a provided text prompt, we rely on a pretrained diffusion
model [StabilityAl 2023]. Specifically, we utilize score distillation
sampling (SDS) [Poole et al. 2022] to optimize the shapes to match
a pre-specified textual concept. The optimization is also augmented
with several regularization losses to improve the quality of the pieces.
Optionally, we can texture the puzzle pieces as a post-processing step
using a VLM. Our formulation bridges the gap between geometric
validity and semantic expressiveness.

We evaluate our method across a variety of themes, including
human faces, animals, and aquatic creatures. In many examples,
both individual puzzle pieces and the overall assembly shape carry
semantic meaning. We also validate our approach through ablation
studies, including comparisons with explicit shape representations.
The puzzles are physically fabricable, as we show in several exam-
ples. The code is available on Github!.

2 Related Work
2.1 Puzzle Design

Several works have addressed the design of jigsaw puzzles via com-
putational methods. For example, Lau et al. [2014] present a method
for optimizing puzzle cuts that conform to the contours of a pro-
vided image and user-defined curves, generating interlocking pieces
with custom outlines. Elber and Kim [2022] create jigsaw pieces
over freeform 2-manifolds, lifting jigsaw puzzles from planar do-
mains to curved 3D surfaces. These methods design puzzles based on
pre-defined pieces or user-provided outlines. In contrast, our work
explores 2D shapes of jigsaw puzzle pieces, and how the individual
pieces can be optimized to convey a specific theme.

Other works explore various types of related puzzle design. Kita
and Miyata [2021] design 2D and 3D polyomino-based jigsaw puz-
zles, but require an already-voxelized input shape, and also lack
semantic control over the shape of the pieces. Relaxing the voxeliza-
tion requirement, Duncan et al. [2017] find freeform pieces that can
be rearranged to form close approximations of two target shapes.
In a similar vein, Kita [2023] finds polyomino-dissections between
two shapes with color information, though at the cost of once again
requiring a grid-based discretization.

In 3D, freeform pieces are much harder to generate. Instead, Song
et al. [2012], Tang et al. [2019], and Chen et al. [2022] design three-
dimensional interlocking puzzles, relying significantly on a vox-
elized model.

2.2 Tilings and Packings

Jigsaw puzzles are closely related to packing problems [Dowsland
and Dowsland 1992], where methods are found to pack objects as
densely as possible without overlaps. These problems have a wide
variety of applications (see Sweeney and Paternoster [1992], Lodi
et al. [2002], and Wischer et al. [2007] for surveys), but we mostly
focus on two main bodies of work: image collages and mosaics—
problems that try to pack multiple different pieces into a specified
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container, and tilings—problems that pack multiple copies of some
preset shapes without gaps.

Image Collages and Mosaics. These works look at the packing of
various images and objects in a specified container in a visually-
appealing manner. Jigsaw Image Mosaics [Kim and Pellacini 2002]
use an energy-based framework for mosaic problems, generating a
global tessellation constraint and then deforming the primitives to fit
them within the cells. Despite its name, the mosaics still exhibit small
gaps in between pieces. Avoiding expensive global constraints, Kwan
et al. [2016] propose a shape descriptor that is locally supported,
enabling efficient partial-shape matching. Alternatively, Wang and
Lu [2025] use a differentiable renderer to explore the problem in
image space, also avoiding the need for global constraints.

Focusing instead on visual appeal, [Huang et al. 2011] look at gen-
erating Arcimboldo-like collages with images obtained from the In-
ternet, allowing for thematically-related pieces. Our works also uses
thematically-related pieces, but relies on pre-trained VLMs [Radford
et al. 2021; Rombach et al. 2022] to generate new objects instead. Xu
and Kaplan [2007], and later, Zou et al. [2016], explore calligraphic
packing, focusing on the specific case where the objects to be packed
are letters, thus requiring certain legibility constraints. Finally, Yang
et al. [2022] approach the problem from the perspective of human
visual perception, using Gestalt psychology principles to generate
visually-pleasing collages.

Tiling Problems. Unlike image collages and mosaics, tiling prob-
lems require that objects are packed with no gaps. One example is
Escherization [Kaplan and Salesin 2000], where the authors morph
a given image such that it perfectly tiles the infinite 2D plane. Simi-
lar works also try to tackle this problem, presenting better fitting
methods [Koizumi and Sugihara 2011], or introducing a deformable
mesh [Nagata and Imahori 2021]. Some other works focus on de-
signing tiles for tiling a surface [Chen et al. 2023; Eigensatz et al.
2010; Fu et al. 2010; Singh and Schaefer 2010], and some target the
inverse problem, finding a set of tiles sufficient to cover a flexibly-
discretized 2D domain [Chen et al. 2025]. Recently, machine learning
models [Xu et al. 2020] have also been used to solve the tiling prob-
lem without the need of ground-truth tiling solutions.

Perhaps the work most closely aligned to ours is Generative Es-
cher Meshes [Aigerman and Groueix 2024]. The authors optimize
the geometry of symmetric tiles guided by a text prompt. Addition-
ally, they include the ability to encode multiple prompts within a
single tile, not dissimilar to a jigsaw puzzle. However, they note that
doing so leads to less plausible results. Furthermore, the connectiv-
ity of the jigsaw pieces has to be pre-defined. While our generative
jigsaws have no constraints with tileability, we can optimize for a
larger number of pieces, and the connectivity of our pieces is also
more flexible.

2.3 Voronoi Diagrams

Voronoi diagrams have been used for a wide variety of applica-
tions, including fluid and foam simulation [de Goes et al. 2015;
Numerow et al. 2024], structural design and optimization [Feng
et al. 2023; Martinez et al. 2019], cosmological simulations [Springel
2010], additive manufacturing [Martinez et al. 2016], and geometric
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design [Burch et al. 2020; Polat and ﬂerisoy 2020; Wu et al. 2024].
Although several works have generalized Voronoi diagrams to non-
Euclidean distance metrics [Martinez et al. 2019; Nair 2025; Zhou
et al. 2025], existing methods are restricted to simple analytic met-
rics or star-shaped cells, limiting their flexibility in accommodating
diverse geometric designs. In contrast, we introduce a slowness-field
representation that enables flexible control over geodesics, yielding
a substantially wider range of spatially-varying distance metrics
and non-convex cell shapes, and enabling flexible design of complex,
semantically-driven puzzle shapes. Geodesic Voronoi diagrams have
been extensively studied in the context of forward geodesic com-
putation [Kimmel and Sethian 1998; Mitchell et al. 1987; Peyré and
Cohen 2003; Zhao 2004]. Instead, we tackle the orthogonal problem
of inversely optimizing distance metrics to achieve semantically
meaningful cell boundary shapes.

2.4 Vision-Language Models

The introduction of CLIP [Radford et al. 2021], a latent-space cou-
pling between text and images, enabled guided optimization of pixels
for image stylization [Kwon and Ye 2022], vector strokes for sketch
generation [Vinker et al. 2023, 2022], and even 3D models [Gao et al.
2023; Khalid et al. 2022; Michel et al. 2021; Sanghi et al. 2022]. Later,
the development of diffusion models [Nichol et al. 2022; Ramesh
et al. 2022; Rombach et al. 2022] allowed for higher-fidelity and
more realistic text-guided image generation.

Score distillation [Poole et al. 2022; Wang et al. 2022] was then
introduced as a method to optimize 3D NeRFs [Mildenhall et al.
2020] for text-to-3D generation. It has since been used for a wide
range of different modalities, including visual illusions [Burgert et al.
2023; Geng et al. 2024], vector art [Jain et al. 2022], typography [Iluz
et al. 2023], low-poly stylization [Wiersma et al. 2026], wire art [Tojo
et al. 2024], and even Escher tiles [Aigerman and Groueix 2024]. In
our work, we also utilize the strong image and text priors provided
by a pre-trained diffusion model (DeepFloyd-IF [StabilityAI 2023])
for optimizing the geometry of jigsaw puzzles and their pieces.

3  Method

We assume that we are given a set of text prompts that describe
both the individual pieces and the overall shape of the puzzle. Some
prompts may be omitted, allowing the pieces to take on arbitrary
shapes instead. Our goal, then, is to produce a jigsaw puzzle whose
pieces and overall shape visually match the provided texts. In this
regard, we note three key constraints:

(i) Piece-wise Each piece is a single connected region
(if) Puzzle-wise All pieces should together form one single con-
nected region
(iii) Figsaw-fit Adjacent pieces should have a jigsaw-like fit (i.e.,
they should exactly share common edges with no gaps in
between)

Our approach, as mentioned, is based on the Voronoi diagram,
which satisfies both topological consistency and geometric validity.
The Voronoi diagram of a 2D point set # = {p;}5_,ps € R? can
be obtained by expanding multiple circular wave fronts from each
point ps (i.e., site) and drawing a boundary where they collide.
Mathematically, the diagram can be computed by solving S Eikonal
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Fig. 3. Spatially-varying Eikonal Equation. We allow the slowness field f
to vary across the domain (here, we use an image of Tux [Ewing 1996], where
black represents areas of high slowness) and observe how the resultant time
field is strongly dependent on f as well as the source locations. After taking
the argmin, this splits the domain into interconnected regions which are all
defined by f.

equations:
[Vu* (x)| = f(x), 1

with boundary conditions u*(ps) = 0, and f : R? — (0,00) is a
positive scalar field that describes the inverse of the velocity (i.e.,
slowness) of the wavefront at a given position x. We call f the
slowness field. The solution u* : R — R can then be interpreted as
the minimal time required for the wavefront to arrive at x from ps,
which we call the arrival time field.

Note that when f(x) = 1, the solution u° is the Euclidean signed
distance field from ps. Then, the point x belongs to the Voronoi cell
s(x) that minimizes the arrival time across all arrival-time fields
u®, ie. s(x) = arg ming u° (x). However, the resulting Voronoi cells
from a constant slowness field are convex and lack the flexibility to
align with the textual prompts.

One option is to take inspiration from Wu et al. [2024] and assign
multiple Voronoi cells for a single piece. However, this either re-
quires a large number of cells for more complex shapes or requires
accepting pieces made up of long, straight lines. Another option is
to use an alternative metric for the Voronoi diagram, in the vein of
Martinez et al. [2019] and Zhou et al. [2025], but their star-shaped
metrics limit the types of resulting geometries.

Therefore, we present a generalized Voronoi formulation that
supports flexible non-convex partitions. Our key idea is to control
the speed of the wavefront propagations by optimizing the slowness
field f, allowing the slowness to vary spatially across the domain
(Figure 3). The slowness field f is a single, global parameter that
directly affects the shape of the Voronoi partitions, while satisfying
constraints (i) and (iii) by construction. We enforce constraint (ii)
manually by adding a separate surrounding border, and we prove
the per-cell connectedness and the exact-boundary properties in
the supplementary material.

3.1 Differentiable Pipeline

In order to solve the Eikonal equation, we first discretize the 2D
domain into NXN grid cells. Then, we use the fast sweeping method
(FSM) [Zhao 2004] implemented on a GPU to obtain the numeri-
cal solutions u; for each source point ps where i,j € {1,...,N}.
While the typical fast sweeping method sweeps over the grid in
four directions, our implementation instead updates all grid cells
in parallel without enforcing directional traversal orders. Iterating
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this relaxation procedure for 4N iterations is sufficient to achieve
convergence [Zhao 2004].

For the cell shape optimization, we seek to compute the gradient
of the arrival time field at a grid point ] § with respect to the input pa-
rameters, namely the slowness field f and the source-point locations
ps- To this end, we employ the adjoint method to back-propagate
the gradients of u* through the Eikonal solver. Similar to the for-
ward pass, we update all grid cells in parallel without directional
sweeps, iterating for 4N iterations to achieve convergence. During
each update, we identify which neighboring cells contributed to the
current value and propagate gradients accordingly. Pseudo-code for
both passes can be found in the supplementary material.

We then employ a softmin relaxation with a temperature f to
normalize ufj as

N
ﬁfj _ exp( ,Buu), ‘ (2)
T Ty exp(—pu)

The values %] ; € [0, 1] define a probability distribution over the puz-
zle pieces, indicating the likelihood that pixel (i, j) belongs to piece
s. Unlike the discrete argmin operator, the smoothness of softmin
enables gradient flow back to all the arrival time fields u?, ..., uS, im-
proving optimization stability. By progressively increasing 3, we can
anneal the soft assignment toward a discrete partition, recovering
the discrete argmin operator in the limit f — oo.

The resultant arrival time field * from a given source position
ps corresponds to piece s of the whole jigsaw puzzle. Since the
normalized arrival time field has values that lie between 0 and 1,
we can treat each field as a grayscale image. To combine pieces, we
simply sum the normalized arrival time fields involved, which can
also be interpreted as a grayscale image.

In order to guide the generated images toward the text prompts,
we employ the SDS loss first proposed by Poole et al. [2022]. At
each iteration, the optimized image x is perturbed with Gaussian
noise to form x; = a;x + o:¢. A pre-trained UNet model [Saharia
et al. 2022] then attempts to predict the noise, and the final loss is
defined by the gradients of the original diffusion loss:

ox
VoLsps =w(t) {eg(xn.t.y) — e} = . ©)
where y is the text embedding of the given prompt produced by
a pre-trained CLIP text encoder [Radford et al. 2021], 6 the image
parameters, and w(t) a constant multiplier that depends on a;.

3.2 Optimization

We now have all the components necessary for our optimization
pipeline (Figure 4). We assume that we are given S, the number of
requested pieces, as well as the textual context ¢; ; for the individual
pieces and ¢, for the overall jigsaw shape. We note that these textual
contexts are optional, and, if omitted, will simply result in the SDS
loss ignoring those specific pieces.

We begin by initializing S + 8 source points. The first S source
points ps correspond to the jigsaw pieces, while the remaining 8
source points are marked as background pieces. This is necessary
because the partitions obtained by solving the Eikonal equations
fill the entire N X N grid, thereby limiting the combined shape to a
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Fig. 4. Overview. Given the input prompts (in yellow), we optimize the weights of a Fourier feature network (FFN), the source positions, and the angles (all in
purple). At each iteration, the FFN is used to generate the slowness field, which, after an Eikonal solve, gives us arrival time fields for each source position. We
then apply the softmin to obtain a soft Voronoi diagram, and extract the overall shape and the individual pieces. The pieces are preprocessed (cropped and
rotated), and all the images are sent to a frozen pre-trained diffusion model (in pink) that drives the shapes to convey the given prompts.

square. By introducing background pieces, we significantly expand
the geometries the overall jigsaw shape can take.

We consider the domain of the grid to be [-1,1]%. The p; are
initialized using a Fibonacci lattice on a disk centered at (0, 0) with a
radius of 0.7, are set to be optimizable, and are clamped to lie within
the domain during optimization. While random initializations based
on seed are also possible, and, in our experiments, do not lead to any
significant qualitative difference, we opt for a Fibonacci lattice. This
ensures the points are roughly evenly spread [Saff and Kuijlaars
1997], giving each piece an initial partition of roughly equal area.

The 8 background points are set to be the four corners and the
center of the four sides of the unit square, but inset by 0.03 units.
Unlike ps, these background points are fixed and non-optimizable.

We draw inspiration from Tancik et al. [2020] and parameterize
f using Fourier feature networks (FFNs). This allows f to converge
much faster while learning high-frequency features that are other-
wise difficult with a direct parameterization using the image pixels.
Furthermore, this representation is resolution-independent, allow-
ing us to obtain high-resolution versions of f after the optimization
is completed. Given the input point v in pixel coordinates, and a
random Gaussian matrix B € RF*?, the mapping is given by

y(v) = [cos(27Bv), sin(27Bv)]T , 4)

where F is the number of Fourier features.

Specifically, we use F = 128 and pass y(v) into a multi-layer
perceptron (MLP) with 3 hidden layers, each with 256 nodes. The
results are then passed through the sigmoid function, which we
interpret as f. For optimization, we use a resolution of N = 512
pixels.

We then linearly map f into the appropriate range of values for
the slowness field, where fyin = 0.1 and fmax = 5.1. Additionally,
after obtaining f, to ensure the background pieces form a “barrier”
preventing the jigsaw pieces from touching the sides, we manually
set an outer pixel border of 8 pixels to be fyin. As mentioned previ-
ously, this also enforces constraint (ii), forcing the jigsaw puzzle to
remain as a single connected region.

The next few steps of the pipeline use the components described
in the previous section. Namely, we solve S Eikonal equations, and
compute their softmin. Before passing the results into the SDS loss,
however, we perform a small pre-processing step that is detached

from the gradient computation. In this step, we compute a rough
bounding box of the silhouette (obtained by thresholding the softmin
with a value of 0.5), pad it to form a square, and scale it back up using
nearest-neighbor interpolation to its original dimensions. Then, we
rotate the scaled image by a random, optimizable, angle ¢, and
pass the final augmented result into the SDS loss. This allows for the
generation of non-upright silhouettes, which the diffusion models
appear to avoid.

We use DeepFloyd-IF-L [StabilityAl 2023] as the underlying diffu-
sion model for the SDS loss. DeepFloyd-IF works in pixel space,
which we find gives higher-quality results and faster runtimes
than other diffusion models which work in latent space. We use a
classifier-free guidance value of 10, and a timestep range of 2% to
98%.

We also introduce several regularization losses. We apply a smooth-
ness loss on f following Alexa and Matusik [2010] that minimizes
the mean-squared Laplacian of each pixel in f:

1 2
Lsmouth = F Z (ﬁ+l,j +ﬁ—1,j +ﬁ,j+1 +ﬁ,j—1 - 4ﬁ,j) . (5)

ij

We then add a size loss that aims to balance the area of each piece
as, estimated by computing the mean of the pixel values over u°.
This loss is computed as

S
k
Lsize = Z as lOg asS — N_lz Z u?’j log u;’j ’ (6)
ij

s=1

where k; = 0.05 is a weighting constant that was found through
qualitative experimentation.

Finally, we apply a regularization loss on f itself. Intuitively, a
small f results in larger areas, as each source is able to expand
more quickly. This loss is made up of two terms. The first term, an
area-weighted penalty, encourages f to be small in the immediate
vicinity of a source point. It adds a minimum-radius circle of low
f (represented by a 2D Gaussian distribution) around each source
point, forcing each piece to fill its immediate region, encouraging a
minimum area to prevent “dying” pieces that shrink to the seeds.
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The second term applies a uniform pressure to keep f small:

S
1 _
-Eregular = Z l N2 z ‘GPs,V(ia ]) ﬁ] as1 + k2 2 ﬁ] . (7)
s=1 ij ij

Gp,r(x,y) is a 2D Gaussian centered at p, with radius r, and k;
is a preset weighting constant. We use r = 0.2 and k; = 0.1.
Our final loss term is then given by

s
L =woLsps(, co) + % Z Lsps(is, cis) + ®
s=1

WsmoothLsmooth + Wsize Lsize + Wregular-cregular >

where I, is the overall image, I; ; are the individual jigsaw pieces,
and the various w’s are preset weights of the various loss terms. We
set Wo = 10, Wymooth = 20, Wsize = 500, and Wyeguiar = 50. For wy,
we schedule it following the sigmoid function from 20 to 30 with a
warm-up period of 500 iterations.

We run each optimization for 5000 iterations. We use the AdamW
[Loshchilov and Hutter 2019] optimizer to optimize f, ps, and the
rotation angles ¢s. The three parameters have initial learning rates
of 5% 1074, 1074, and 107 respectively, and each learning rate is
scheduled in a manner similar to Poole et al. [2022], with a linear
warm-up for 2000 iterations and a cosine decay for the remaining it-
erations. We also schedule the temperature of the softmin following
the sigmoid function from 10 to 100, with a warm-up period of 2000
iterations. We note that even though ps and ¢; are set to be optimiz-
able, in practice, their values remain mostly constant throughout
the optimization. This is likely due to their low weight and small
influence in the final shapes. Indeed, perturbing the source positions
in areas of low slowness bounded by high slowness hardly changes
the final shape.

3.3 Post-processing

Once the optimization is finished, we convert the jigsaw puzzle
into its explicit polygonal representation. We first extract a high-
resolution version of the slowness map (1024 x 1024 pixels). We then
run the FSM to obtain the arrival time fields, and apply the discrete
argmin to obtain the Voronoi-like partitions. For each grid cell, we
create a vertex at its four corners, and add edges between these
vertices if the neighboring cells belong to different pieces. Finally,
we perform iterative Laplacian smoothing [Sorkine et al. 2004] for
1000 iterations with a kernel size of 2 and a learning rate of 2x 1073
to remove grid artifacts, and a line simplification algorithm [Douglas
and Peucker 1973; Ramer 1972] with a threshold of 10~* to reduce
the number of vertices and edges.

4 Results

We now present our main results, ablations, and comparisons. Our
differentiable Eikonal solver is implemented in CUDA/C++ and
exposed to Python using nanobind [Jakob 2022]. The rest of the
pipeline is implemented in PyTorch. Each jigsaw puzzle takes be-
tween 25-50 minutes for 5000 iterations on a single NVIDIA RTX
4090 GPU, depending on the number of pieces (we generate puzzles
with 6 to 20 pieces).
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4.1 Validation

Convergence. We first validate our relaxation of the fast sweeping
method, where we update all grid cells in parallel without enforcing
directional traversal orders. We iterate this relaxation procedure
for 4N iterations, which, as we show in Figure 5, is more than
sufficient to achieve convergence. For this experiment, we define a
slowness field f defined as f(x,y) = 5sin?(27zxy) + 0.1. We set the
source point s to be (0, 0). For grid sizes N € {128, 256,512, 1024},
we first compute u.r, using a typical implementation of FSM with
directional traversal orders. Then, we use our relaxation to compute
uy at various iteration counts k up to 8N. We plot the error, given
by the infinity norm ||ux — uref||0, against k. At all four resolutions,
convergence to the reference solution is achieved at around 1.5N,
leaving us a roughly threefold margin at 4N.
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Fig. 5. Convergence of Random-order FSM. For grid sizes N €
{128,256, 512, 1024} (curves labelled by N), we plot ||t — tref || against the
iteration count k. For roughly the first N iterations, the error is dominated
by cells yet unreached by the source, which still hold their initial value. It
then drops sharply, reaching convergence (within floating-point limits) well
within the preset iteration limit of 4N (dotted).

Gradients. We then validate the gradients of our differentiable
Eikonal solver. We use the same slowness field f defined previously.
This time, however, we set the source point s to be (0.1,0.2) in-
stead, and add a simple loss function £L(u) = }.,,, , u. We compute
gradients using the adjoint method described in Section 3.1 and
compare them with gradients obtained using finite differences with
a step size of 10™* (Figure 6). We also compute the gradients with re-
spect to the source positions (ie. 9s, , £) and compare against finite
differences with the same step size. The two gradients are nearly
identical, demonstrating that we can correctly compute gradients
of the Eikonal solver with respect to the slowness field.

4.2 Experiments

Whimsy Figsaws. Figures 1, 12, and 13 show the results that we
generated using our method. We generate jigsaw puzzles over a wide
variety of prompts, from animals to nature to man-made objects.
We also generate several thematic puzzles, including the Chinese
zodiac and country-specific ones. Despite the competing geometric
constraints of each piece, our method still produces compelling
silhouettes and puzzles with interesting shapes.

Textures. Although the silhouette alone can carry enough seman-
tic meaning to be recognizable, using textures (such as in Figure 2)
can convey additional information, turning even the most abstract
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s Arrival time field 25 Gradient (adjoint)  Gradient (fd)
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Fig. 6. Gradients of Eikonal Solver. We compare the gradients computed
using the adjoint method (Left) to those computed using finite differences
(Right), for the specified slowness field and loss function. Note that the
magnitude scales for both gradient plots are equal. For the position gradients,
we obtained gradients of [341.2243,252.2181] using the adjoint method,
and [341.5318, 251.8585] using finite differences (relative error: 0.1%).

silhouette into an easily understandable object. We first triangu-
late the jigsaw puzzle pieces using Triangle [Shewchuk 1996] to
compute a UV mapping for each piece. We pass the UV maps into
a Vision-Language Model (VLM) (we use Google Gemini [Google
2025] here) to generate the corresponding textures (Figure 7). Please
refer to the supplementary material for the full prompts.

Humans B (8 pieces) ANIMAL TREE (7 pieces)

Do A (12 pieces)

Fig. 7. Textured Puzzles. To further enhance the semantic meaning of the
pieces, we generate textures using a VLM and apply them to the jigsaw
puzzle.

Physical Prototypes. As jigsaw puzzles are inherently tactile toys,
we physically manufacture several of our generated jigsaw puzzles
as shown in Figure 10. We 3D print the 7-piece ANIMAL TREE, as
well as the 15-piece CaT B. Additionally, we use a laser cutter to cut
and engrave the textured 12-piece DoG A and the 12-piece FisH A.

Failure Cases. We present a few examples of failure cases that we
encounter in Figure 8. Due to the stochastic nature of SDS gradients,
the overall assembled shape may fail to reflect the target prompt and
instead collapse into nearly circular shapes. Furthermore, because
we rely heavily on the underlying diffusion model, we face similar
limitations [Rombach et al. 2022], including an inability to generate
thin, elongated features. Additionally, despite our regularization
losses, the way the source locations are clustered and shifted during
optimization may cause some pieces to “die out” (i.e., shrink signifi-
cantly). However, these failure cases are not common. In a run of
20 differently-seeded experiments with the same prompt (“fish”),
we observed only 2 cases where the overall shape collapsed to a
circle, and 1 case where “dying out” occurred. In practice, a random
restart usually mitigates these issues.
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FisH F (20 pieces) CraB F (8 pieces)

O

Fig. 8. Failure Cases. Left: The optimization (given the prompt “fish” for
both the individual pieces and the assembled shape) collapses the overall
shape into a circle instead of a fish. The individual pieces remain unaffected
by this collapse. Right: The optimization (given the prompt “crab” for both
the pieces and the overall shape) is unable to generate the elongated legs of
the crab (visible in the orange and green pieces), and also exhibits a piece
“dying out” (circled).

Explicit Implicit Slowness field f (no FFN) 5
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Fig. 9. Ablations. Left: Explicit representations result in invalid geometry,
such as self-intersections, and overlapping pieces. Middle: Implicit repre-
sentations allow for flexible deformation, but lack connectivity guarantees.
Right: Removing the FFN parameterization loses the high-frequency fea-
tures needed for compelling silhouettes.

4.3 Ablations

We evaluate the effect of our design choices in Figure 9. Specifically,
we ablate our two key parameterization choices: the jigsaw pieces
and the slowness field.

In the first experiment, we use an explicit representation of the
jigsaw puzzle pieces as a set of polylines, initializing a 3 X 3 grid of
squares, where each edge is made up of 32 segments of equal length.
Then, we render the lines using Diff VG [Li et al. 2020] before passing
the rendered image to the SDS loss. We also include a smoothness
loss that minimizes the squared Laplacian of of the polylines for
each piece. Although we use an extremely high weight (1000) to
penalize self-intersections, this representation remains prone to
invalid geometry and self-intersections and lacks the flexibility
provided by our proposed parameterization.

In the second experiment, we use an implicit representation in-
spired by multi-phase flow( [Zhao et al. 1996]), where each piece is
represented as the zero level-set of an optimizable scalar field. We
partition the union into disjoint regions by assigning each point
to the shape it lies deepest inside, rasterize them using a sigmoid
function, and pass them to the SDS loss. While this shares similari-
ties with our parameterization, allowing for flexible deformation, it
lacks the connectivity guarantees necessary for a jigsaw puzzle.

Lastly, we avoid using an FFN to parameterize the slowness field
and directly optimize the pixel values of the field. Consistent with
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ANIMAL TREE (7 pieces) Car B (15 pieces)

'

Doc A (12 pieces)

FrsH A (12 pieces)

Fig. 10. Physical Prototypes. We 3D print and laser cut selected samples of our jigsaw puzzles.

the observations of Tancik et al. [2020], we find that, without the
FFN parameterization, the slowness field struggles to capture high-
frequency variations, directly resulting in less plausible results.

4.4 Comparisons

As there are no existing methods that directly address the same
task, we compare against close alternatives. The first uses the “Split
tiles” option presented in Generative Escher Meshes [Aigerman and
Groueix 2024]. However, after adapting their code to our setting, we
were unable to obtain results comparable in quality to those reported
in their paper. We therefore provide a qualitative comparison with
their reported results and refer readers to their work for further
details. Their framework is also limited in the number of pieces it
can optimize (they mention that plausibility degrades fairly quickly).

Fig. 11. VLM Generation. We prompt VLMs in an attempt to generate a
whimsy jigsaw puzzle. (Left: Claude, Middle: ChatGPT, Right: Claude)

The second alternative (Figure 11) involves prompting various
VLMs (Google Gemini and Claude) using a description of the jigsaw
puzzle we desire (please refer to the supplementary material for the
full prompt used). However, this approach offers limited geometric
control, and while some pieces appear whimsical, they lack the
same consistency provided by our method. Overall the quality of
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the pieces provided by the VLMs is lower than our method, and
the overall shapes generated are usually more abstract and less
recognizable.

5 Conclusion

We present a method to design whimsy jigsaw puzzles. Beyond
being a novelty toy, we believe this also has applications in art,
architecture, and interior design, enabling the creation of unique
and innovative designs for tiling and artworks.

Additionally, our parameterization can be further extended by lift-
ing it into 3D, as none of the key steps are restricted to the 2D plane.
We can then represent each “piece” as a three-dimensional signed
distance field, and compute the corresponding Voronoi diagram
over the 3D domain instead. Coupled with existing text-to-3D meth-
ods [Poole et al. 2022], one could then possibly design sculptures
made up of smaller, semantically-related, sculptures.

Our method is not without its limitations, however. Firstly, the
number of pieces that our framework is able to generate is still
fairly small (9 to 15) compared to commercial puzzles, which has
upwards of 1000 pieces. While our method is still technically-sound
even with larger number of pieces, the competing geometry and
limited resolution (of the SDS loss) lead to degenerate pieces and
less visually-appealing results. Nevertheless, we believe that our
puzzles can carve out a niche in the area of artisanal puzzles—smaller
puzzles that consist of highly-intricate pieces.

Our method uses the SDS loss, which relies on the underlying
diffusion model to guide the shapes. As such, we inherit its existing
limitations. For example, our framework works best with specific,
concrete, concepts, and may fail to converge properly when given
generic and abstract ones. Additionally, we lack exact granular con-
trol over the shape of the pieces and the jigsaw puzzle. However,



since the diffusion model can be treated as a black-box for associat-
ing images with a text-based loss, we can efficiently swap it out for
future methods which perform better.

Last but not least, as seen in Figure 7, texturing the jigsaw puz-
zle pieces could enhance recognizability. Currently, we rely on a
VLM to generate textures as an optional post-processing step, en-
tirely decoupled from shape optimization. One could instead per-
form joint texture-shape optimization similar to Generative Escher
Meshes [Aigerman and Groueix 2024]. However, this requires care-
ful tuning: the texture loss can be satisfied by painting a background
texture to produce a spurious outline of a piece rather than having
the foreground object’s texture span the full geometry, effectively
decoupling the piece’s boundary shape from the object it was meant
to depict. This lets the overall shape drift toward arbitrary geometry
(as seen in several of the pieces of the Cozy Cats Crowd puzzle in
Figure 2), rather than preserving a semantically relevant outline. As
such, we leave this avenue, ensuring that both shape and texture
convey similar semantic meaning, for future work.
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Fig. 12. Gallery (Single Prompt). We show examples of whimsy jigsaw puzzles generated by our method. These puzzles use the same prompt for each
individual piece, as well as the overall shape. For the full prompts, please refer to the supplementary material.
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Fig. 13. Gallery (Multi-prompt). We show examples of whimsy jigsaw puzzles generated by our method. These puzzles use different prompts for the pieces
and the overall shape. Again, for the full prompts, please refer to the supplementary material.
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