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Fig. 1. Diceplay, a modular physical canvas for abstract visual composition. Diverse abstract designs automatically generated by our optimization framework
are physically realized using a low-power, LED-enabled dice display, which can be reconfigured through changes in dice orientation and dynamically updated

via programmable color.

We present Diceplay, a modular physical display for abstract visual compo-
sition built from a grid of identical dice. Each die has six faces with distinct
geometric primitives, and images emerge through the placement and orien-
tation of the dice. While this medium enables reusable and reconfigurable
physical imagery, it poses a challenging design problem: images must be
expressed through discrete, extremely low-resolution abstractions, making
manual authoring difficult. To address this challenge, we introduce a compu-
tational design system that automatically generates Diceplay configurations
from text prompts. Our key technical contribution is a grammar-based for-
mulation that relaxes this discrete design space into a smooth optimization
landscape, enabling gradient-based optimization using score distillation
sampling. We show that our approach consistently produces meaningful
abstractions for this medium, whereas state-of-the-art smoothing techniques
fail in this extremely challenging regime. We demonstrate our method across
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a range of prompts and fabricated examples, showing how computationally
generated abstractions can be realized as physical visual artifacts.

CCS Concepts: « Computing methodologies — Shape modeling.
Additional Key Words and Phrases: optimization, fabrication, shape grammar

ACM Reference Format:

Milin Kodnongbua, Zihan Jack Zhang, Shishi Xiao, Vivian Li, Heather Robert-
son, Rulin Chen, David Laidlaw, and Adriana Schulz. 2026. Diceplay: A Mod-
ular Canvas for Physical Image Composition. In Special Interest Group on
Computer Graphics and Interactive Techniques Conference Conference Papers
(SIGGRAPH Conference Papers °26), July 19-23, 2026, Los Angeles, CA, USA.
ACM, New York, NY, USA, 11 pages. https:/doi.org/10.1145/3799902.3811206

1 Introduction

Across art and design, creators often rely on abstraction to communi-
cate ideas, evoke meaning, and invite interpretation without relying
on photorealistic detail. Many visual languages deliberately oper-
ate with constrained vocabularies, where limited palettes of simple
geometric primitives accentuate form, composition, and identity.

One way artists have worked within these abstract visual lan-
guages is through modular composition, in which images emerge
from arrangements of repeated visual primitives on a grid. This
strategy appears in geometric art traditions such as Bauhaus (see
2). Although each unit is simple, their composition supports a wide
range of outcomes, highlighting how expressiveness can arise from
severe constraints.
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Fig. 2. Bauhaus Style. Image by Vectorportal.com.

In this work, we propose a modular physical canvas inspired by
abstract, grid-based visual languages. Because such compositions
are built from a small set of elements whose appearance depends on
their orientation, we realize the canvas as a collection of identical
dice. We call this system Diceplay, a display made of dice (Figure 3).
Each die is identical, and each of its six faces contains a distinct geo-
metric pattern inspired by Bauhaus-style abstract art. While these
abstract primitives are drawn from existing artistic explorations of
2D modular design [Online-Schule fiir Gestaltung 2024], to the best
of our knowledge, Diceplay is the first system to realize this visual
language as a physical display composed of dice.
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Fig. 3. Diceplay Tiles. (Left) The six faces of a die, each with a tile pattern,
which we denote using lowercase letters. Tiles ip, tr, and pi! admit four
rotations, which we denote using subscripts. There are 15 tiles in total.
(Right) Example Diceplay configurations created by our method for text
prompts “deer” and “duck”.

Each die can be fabricated using low-cost 3D printing and placed
into a grid-like frame that defines the display, which we keep inten-
tionally small to allow easy manual reconfiguration (Figure 1). The
frame contains programmable LEDs aligned with each cell, while
the dice themselves remain passive elements that can be flipped and
reinserted to change the visible pattern. This design allows each
cell to be updated both through reorienting the dice and chang-
ing the LED colors. Together, these properties enable the same set
of components to be reused to create different compositions over
time, supporting experimentation as well as applications such as
educational activities and ambient or glanceable visual displays.

Despite the simplicity and flexibility of the Diceplay medium, de-
signing effective imagery for it is challenging. Images are formed at
extremely low resolution using a highly restricted visual vocabulary,
requiring recognizable content to be conveyed through carefully
abstracted features. Achieving such abstractions is difficult for users,
particularly when working directly with individual dice: small local
changes, such as flipping a single die, can lead to abrupt and global
changes in appearance.

I The sector pattern looks like a pie, and is thus named p1i, the inverse sector is thus
named by inverting the letters - ip
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Fig. 4. Curse of Low-Resolution. Failure cases of Softmax and Gumbel-
Softmax relaxations when applied to Diceplay optimization with an SDS
loss. Due to the extremely coarse grid resolution, both methods become
trapped in noisy local minima and fail to produce recognizable shapes.

To support users in designing for this display, we propose a com-
putational design system that automatically generates abstractions
from high-level instructions. We focus on text prompts, which are
well suited to specifying abstract concepts, and optimize designs
using score distillation sampling (SDS) loss, which has been shown
to work well for matching images to text prompts. A fundamen-
tal challenge, however, is that the Diceplay design space is purely
discrete, making it poorly suited to standard gradient-based opti-
mization. While prior work has successfully combined SDS with
continuous relaxations such as Gumbel-Softmax [Binninger and
Sorkine-Hornung 2024], these approaches perform poorly in our
setting due to the extremely low resolution (Figure 4).

We address this challenge with two key contributions. First, we
identify sets of visually similar dice faces and introduce continu-
ous parameters that interpolate between the boundaries of patterns
within each set, rather than relying on alpha blending (Figure 7 (a)
and (c)). Second, we represent the design space as a shape grammar
whose production rules permit only continuous transitions within
each cell and coordinated transitions across neighboring cells. This
construction shapes the optimization landscape to more closely re-
semble that of vector graphics, encouraging coherent abstractions.
Finally, we employ Stochastic Rewrite Descent (SRD) [Kodnongbua
et al. 2025], a gradient-based optimization method for mixed contin-
uous—discrete grammars, to search for Diceplay configurations that
best match the input text prompt. We use this optimization to gener-
ate black-and-white Diceplay configurations from text prompts and
complete the end-to-end system with a simple colorization scheme
and an interactive editing interface grounded in the same grammar
abstraction, along with a low-cost fabrication method using 3D
printing and programmable LEDs (total cost is roughly $50).

We demonstrate the capabilities of Diceplay through a set of
fabricated examples that illustrate the range of designs and appli-
cations supported by the system. We evaluate our grammar-based
optimization across diverse user inputs, showing that it reliably
produces recognizable and visually compelling results despite the
highly discrete and constrained design space. Comparisons against
standard smoothing strategies used in prior work reveal that these
methods break down in Diceplay’s extremely coarse regime, while



our grammar-based formulation enables effective search and opti-
mization in practice.

2 Related Work

Fabricable Abstractions. Substantial work in computational de-
sign and fabrication represents complex shapes using abstract or
constrained representations. These approaches transform designs
into structured forms that better align with fabrication processes,
enabling faster production, or easier assembly. Examples include
systems that optimize designs to better match the constraints of a
specific fabrication process, such as 3D printing [Chen et al. 2025,
2022], laser cutting [Chen et al. 2013; Cignoni et al. 2014; Hildebrand
et al. 2012], 2D bending [Miguel et al. 2016], or CNC milling [Fanni
et al. 2018; Muntoni et al. 2018]. Others approximate a target shape
using a set of predefined building blocks, such as LEGO bricks [Ge
et al. 2024b,a; Luo et al. 2015; Xu et al. 2021; Zhou et al. 2023],
Zometool construction set [Zimmer and Kobbelt 2014; Zimmer et al.
2014], SL blocks [Shih 2016], and interlocking voxels [Zhang and
Balkcom 2016; Zhang et al. 2021]. Please refer to the comprehensive
survey [Wang et al. 2021] for a more detailed discussion of these
techniques. While these methods constrain designs to match fab-
rication requirements, they typically aim to approximate a target
shape as closely as possible, rather than to reinterpret a high-level
idea within a deliberately abstract, fabricable representation. Closest
to our work is a recent wire art system that generates a fabricable
continuous wire shape to convey a visual concept [Tojo et al. 2024].
Diceplay builds on this general idea of abstract fabrication, but
targets an abstraction problem with stricter constraints.

Commercial toys that encourage children to build abstract shapes
from geometric primitives (Figure 5) also inspire our work. We
complement our digital display with 3D-printed dice that children
can use to recreate generated designs. To our knowledge, we are the
first to propose dice as primitives for abstract shape representation
and the first computational approach for generating such designs.

Fig. 5. Toys. Examples of commercial abstract shape toys [LiKee nd;
LovesTown nd; Pozale nd]. Each toy uses a distinct set of geometric prim-
itives; for each, we show one example card alongside the corresponding
assembled shape.

Image Abstractions. Image abstraction methods represent images
using simplified primitives while preserving visual or semantic in-
tent. Image-driven approaches focus on maintaining perceptual
similarity to the input by optimizing continuous vector represen-
tations under differentiable rendering [Berio et al. 2025; Li et al.
2020; Ma et al. 2022], while vision-language methods use CLIP for
semantic alignment despite visual simplification [Frans et al. 2022;
Mathur et al. 2025; Vinker et al. 2022]. Recent approaches further
incorporate diffusion-based priors via score distillation [Jain et al.
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Fig. 6. Choice of Objective Functions. Given prompts “bunny” and “cat”,
matching the tiles as close as possible (b) to the FLUX.dev-1 generated
images (a) produces results which are not recognizable from the prompts.
Using simulated annealing with CLIP loss (c) produces designs with higher
CLIP similarity than our method (d), yet these designs are noisy and subop-
timal, showing that CLIP is unreliable in our problem setting.

2023; Wang et al. 2025; Xing et al. 2024]. Across these methods,
abstraction is performed in a high-resolution, continuous design
space where primitives can be smoothly adjusted. Even methods
exploring discrete primitives typically realize abstraction through
high-resolution continuous representations [Binninger and Sorkine-
Hornung 2024; Misra et al. 2025]. In contrast, Diceplay operates on
a strictly discrete, low-resolution grid where abstraction emerges
from coarse combinatorial structure.

Continuous relaxations. Continuous relaxations enable gradient-
based optimization over discrete design spaces. For example, Gumbel-
based relaxations have been used for optimizing discrete color
palettes in embroidery [Binninger and Sorkine-Hornung 2024].
However, these techniques require sufficient spatial resolution; in
Diceplay, each cell represents a large semantic unit, so standard
relaxations fail to provide useful gradients. This motivates our
grammar-based approach, which introduces smoothness at the level
of discrete transitions rather than cell-level relaxations.

Our work builds on Design for Descent [Kodnongbua et al. 2025],
which introduces gradient-based optimization for mixed-continuous-
discrete shape grammars. Since Diceplay’s space is fully discrete, we
define an augmented grammar with smooth parameters combined
with a discreteness-enforcing cost. This encourages solutions to re-
main close to valid discrete configurations and effectively turns the
grammar into a relaxation suitable for gradient-based optimization.

3 Computational Design of Diceplay

Diceplay configurations are formed by arranging dice in a grid of
N rows and M columns. We also define cells as the fixed spatial
locations within this grid, tiles as the chosen geometric patterns
displayed on the dice, boundaries as the boundary between black
and white regions, and cell edges as the four edges of a cell. Each
die displays one of 15 canonical geometric tiles (Figure 3), which
we denote using lowercase letters:

T == {w,b,h,ip, try,pix}, k € {0,1,2,3}
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where k denotes the rotations. Let A denote the N X M grid of cells,
a Diceplay configuration is a mapping C : A — T that assigns
each cell a tile. Unless otherwise stated, we use N = M = 5. Given a
text prompt, we seek a configuration C that minimizes the semantic
distance to the user-provided prompt.

The problem presents two fundamental challenges: (1) Objective
is difficult to define. The natural approach would be to generate a
reference image from the prompt and minimize a pixel-wise loss.
However, a configuration C that minimizes pixel error may fail
to capture salient features that make an abstraction recognizable
(Figure 6 (b)). An alternative is to optimize for CLIP similarity with
the text embedding, but CLIP scores are often misaligned with hu-
man perception of abstraction quality (Figure 6 (c)). We also refer
to Figure 15 where we plot CLIP scores vs. the number of votes
from our user study (Sec. 5). Finetuning existing image generation
models is also intractable due to the lack of training images com-
posed with our dice tiles. (2) Discrete search space. Optimizing C is
a combinatorial optimization problem. Even for a modest grid size
of N = M = 5, the search space contains |T|¥M = 15 % 2.5 x 10%
possible configurations. Furthermore, typical solvers for combina-
torial optimization are not applicable here due to the difficulty of
finding suitable objectives.

To address these challenges, we propose to use Score Distilla-
tion Sampling (SDS) loss [Poole et al. 2022], which provides gradi-
ents towards the provided text prompt, and we relax the Diceplay
design space to a continuous counterpart which allows for effi-
cient gradient-based optimization. Prior work such as SD-7XL [Bin-
ninger and Sorkine-Hornung 2024] employ soft-blending through
the Gumbel-softmax trick. However, we show that these approaches
fail at Diceplay’s extremely low resolution (Figure 4), where each cell
represents a semantically significant visual unit and soft blending
of tile boundaries produces incoherent interpolations (Figure 7 (a)).

Our key insight is that effective interpolation must operate on
tile boundaries rather than pixel values. One might attempt this by
training a DeepSDF [Park et al. 2019] model to interpolate between
the signed distance fields of all 15 tiles. As shown in Figure 7 (b), this
produces more geometrical interpolations compared to pixel value
blending; however, this approach lacks global coherence: each grid
cell interpolates independently, ignoring the boundaries it shares
with cell neighbors, and the interpolation is not perfectly smooth.
Inspired by recent work on designing shape grammars for gradient-
based optimization [Kodnongbua et al. 2025], we address both prob-
lems, incoherent interpolation and independent cells, by construct-
ing a parametric shape grammar. Our grammar restricts which tiles
may be interpolated at each cell and encodes dependencies between
adjacent cells through its production rules, enabling smooth and
locally changing traversal of Diceplay configurations.

3.1 Tile Families

We introduce the concept of tile families. Instead of interpolating
between all tiles simultaneously as in DeepSDF, we define a set of
one-parameter families 7 that interpolates between restricted sub-
sets of at most three compatible tiles from T (Figure 7 (c)). Formally,
each family 7 € 7 is a mapping 7 : ®, — S, where the domain
O, is [-1,1] or [0, 1] depending on the family 7 and S is the shape
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(c) Tile families each with 3 patterns

Fig. 7. Tile Interpolation. Prior methods for tile interpolation are subopti-
mal. (a) Prior softmax-based methods use pixel value blending which ignores
the geometry of the tiles, (b) DeepSDF interpolations leverage geometry
but the interpolation is not perfectly smooth for intermediate values, (c)
Our method restricts the subset of tiles that are interpolated and creates
smooth homotopies between tile patterns.

a=-1 a=-0.5 a=0 a=05 a=1

Fig. 8. Interpolations for Transitional Tile Families. The transitional tile
families handle interpolations between tile families B and W in a boundary-
aware manner.

space of tiles. For a given parameter a € O,, r(«) is a render of a
specific tile, and varying a produces smooth, boundary-preserving
interpolations between tiles. We denote these sets of one-parameter
families using uppercase letters:

T = {W,B, H,WH, BH, IPy, TRy, Py, WLy, BLk, Wi, BIx},

where , k € {0, 1,2, 3} again represents the rotations. We design
each family so that evaluating at @ = 0 recovers the correspond-
ing original tile from T. That is, for each family denoted with an
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Fig. 9. Boundary-aware Production Rules. (Top) For families B and W,
their production rules depend on whether its four neighboring tiles has
black or white edges along its four sides (these edge conditions are displayed
over the arrows). (Bottom) A concrete example of how a tile’s four neighbors
influence the production rules applicable to it.
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Fig. 10. Conflicting Production Rules. (Left) The two production rules
cannot be applied simultaneously since the bottom rule is conditional on the
LHS having two white edges, which is violated after the top rule (changing
their shared edge from white to black). (Right) Compatible production rules
can be applied simultaneously.

uppercase letter, its lowercase counterpart is recovered at zero:

TRe(0) =tro, PIo(0) =pip H(0) =h

As o varies toward —1 or 1, the family smoothly interpolates toward
neighboring tiles. For example, the TR, family spans three original
tiles:

TR@(—l) = ip@, TR@(O) = tro, TR@(l) = pi@

This construction ensures that when optimization converges with
a at integer boundaries, the result maps back to a valid discrete
configuration in T.

3.2 Diceplay Grammar

We define the Diceplay grammar as a parametric shape grammar
G = (7,P,S,0). Here, 7 is the alphabet of parametric tile families,
© C Ris the parameter domain, S is the space of tile patterns, and
P is the set of production rules.

The production rules P govern transitions between tile families.
When the parameter « of a family 7 reaches a boundary value (within
a fixed threshold § = 0.15), a production rule rewrites the current
family to a neighboring family and resets « to a boundary value to
maintain visual continuity. For example, we have the production
rule with conditional expression: TRg(a) : (& > 1 — ) — PI,(0).
This rule fires when « exceeds 1 — §, transitioning from the TRq
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family to the PI, family. Visually, both TRe(1) and PI4(0) render
the same tile pig, so the transition is seamless.

For families IPy, TRy, PIi, and H, production rules depend only
on the local parameter a, not on neighboring cells. This is because
the “insideness” along cell edges remains constant throughout the
interpolation. For instance, the left and bottom edges of TR, are
always considered inside (black).

Nevertheless, the solid families W and B require special treatment
because valid transitions depend on adjacent cells. A white cell
surrounded by white cells should remain white, whereas a white
cell adjacent to a black region could transition to form a boundary.
To handle this, 7 contains the transition families WLy, BLk, WI,
BIy, WH, and BH (Figure 8) that become available based on the 24 =
16 edge conditions of the four neighboring cells. For example, a
production rule W(-) — WLe(0) becomes available when the left
neighbor has a black right edge and the bottom neighbor has a black
top edge (Figure 9 (bottom, middle)). For black cells, the condition
depends on the neighboring edges being white. All conditions are
depicted in Figure 9 (top) on the arrows originating from W and B.
This mechanism ensures that the grammar only permits transitions
that maintain consistent boundaries across the grid.

We summarize all tile families and production rules (omitting
rotations) in Figure 9 (top). In total, the alphabet 7~ contains 33
tile families. Our boundary-aware production rules are designed
to bias topology preserving changes, while all families are reach-
able through these production rules and parameter updates, we
do not guarantee that all valid configurations are reachable. It is
possible to change the topology, but it typically requires longer tra-
jectories to reach a certain configuration than in (Gumbel-)softmax
settings where logits of each tile can be directly modified. For the
full grammar definition and production rules, refer to Appendix A.

3.3 Optimization

Under the grammar G, a relaxed Diceplay configuration is a mapping
C : A — T x © which assigns to each cell a tuple (,a). This
configuration determines the Diceplay design by rendering the
tiles 7() € S at each grid cell. We optimize C with SDS loss and
Stochastic Rewrite Descent (SRD) [Kodnongbua et al. 2025]. We also
introduce an L1 regularization term on the tile parameters o that
is gradually annealed during the optimization, promoting sparsity
and pushing parameters toward integer boundaries. To obtain the
solution to the original problem, we round o’s to the nearest integer
and use the corresponding tile in T for each grid cell.

To make this pipeline differentiable with respect to ©, we realize
the space of tile patterns S using Signed Distance Fields (SDFs).
Specifically, the parametric families 7 are implemented as quadratic
Bézier curves where the control points are interpolated as a func-
tion of a. We then analytically compute the SDFs and employ soft
rasterization to generate the image (details in Appendix B).

We note that SRD is a gradient-based optimizer designed for
mixed discrete-continuous shape grammars; it alternates between
continuous gradient descent steps to update o and discrete rewrite
steps to update 7. In the discrete step, it samples possible production
rules under the current configuration, computes the “improvement”
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for each rule, and applies all “improving” rewrites that are non-
conflicting, resulting in much faster optimization than applying a
single rule at each step. In our case, the improvements are computed
using a difference in the denoising score where the continuous
optimization uses the SDS gradients directly. We refer to the original
paper for further details.

We now define non-conflicting production rules in our context,
which is crucial for faster optimization and better boundary co-
herence of the shape. The key invariant is that the edges used to
satisfy the constraints need to remain the same after all the rules
are applied. For example, in Figure 10 (left), the top and bottom
production rules are incompatible because the constraint that the
bottom edge of the top cell should remain white is violated after the
top cell changes to B where as in (right), the edge remains white. To
find the subset of non-conflicting rules, we sort the rules by their
“improvements” and greedily accept rules if applying them does not
conflict with all the constraints so far.

4 Diceplay Fabrication

The physical Diceplay canvas comprises two main elements: a set
of 25 identical cubic dice displaying the geometric design primitives
shown in Figure 2 and a tray with 25 inserts, arranged in a five-by-
five grid, to hold these dice in place. Both elements are easily 3D-
printable — in particular, we use white PLA for negative space and
translucent PETG for positive space (indicated by white and black,
respectively, in our figures). This allows us to integrate color into
the display simply by lining the tray with a strip of programmable
RGB LEDs. Here, it is essential to note that primitives b and pi,
when placed against an LED, will prevent the passing of light. Thus,
each tray insert requires at minimum two LEDs placed opposite
each other, and the primitives must be arranged on the dice such
that primitives b and pi oppose primitives w and ip.

5 Results

We evaluate our approach on 33 text prompts, manually selected
around common themes from children’s abstract visual games and
puzzles. All results use a fixed 5 X 5 Diceplay grid and are optimized
on an NVIDIA A100 GPU. We note that all results and experiments
should be interpreted cautiously because the optimization is sto-
chastic and variation across runs can also influence the outcomes.
Additional results for 8 X 8 and 10 X 10 grid are in the supplemental.

Text Prompt-Based Optimization. We generate Diceplay designs
directly from text prompts using our grammar-based optimization,
starting from a fixed initial configuration in which the nine inner
cells are black and the remaining cells are white. Because the opti-
mization is stochastic, we run each prompt nine times and manually
select the best result (Figure 14); all runs are provided in the supple-
mental material. Figure 11 shows representative results for a subset
of prompts. Despite the extremely coarse resolution of the 5 X 5
grid, our method produces configurations that align well with the
intended semantics of the text prompts.

We implement a baseline method where we use CLIP scores with
the text embedding of the prompt and use simulated annealing
(SA) to find optimal configurations (details in Appendix E). We
observe that the subject is recognizable for some prompts, e.g. “dog”,
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“cat” “bull” “alligator” “giraffe” “deer” “boar head”
“duck” “bunny” “turkey” “chicken” “dinosaur” ‘crow”
“fish” “sail boat”  “train engine” “elephant” “alpaca” “lion”

Fig. 11. Representative Diceplay Designs. We generate directly from
text prompts using our grammar-based optimization on a 5 x 5 grid. Each
result is selected from nine stochastic runs per prompt.
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Fig. 12. Image Initialization. Using the same image for initialization, our
method is able to explore more variations of the design conditioned on the
image, while softmax-based methods do not deviate meaningfully from the
initialization.

“seahorse”, “turkey”, and “whale” (Figure 14 (SA + CLIP)). However,
the resulting configurations are noisy and do not show coherent
boundary of the subject.

To compare against standard continuous relaxations, we imple-
ment baseline methods based on Softmax and Gumbel-Softmax. In
these approaches, each Diceplay cell is parameterized by logits over
the discrete set of dice patterns. We optionally add Gumbel noise,
apply softmax, and render soft blending of tiles. The final discrete
configuration is obtained by taking the most probable tile per cell.
As shown in Figure 4, these methods work in high resolution but
fail to converge to recognizable shapes and instead become trapped
in noisy local minima in the 5x5 Diceplay grid. Our grammar-based
formulation avoids this issue by defining a smoother search space
over discrete configurations, enabling effective optimization.
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Fig. 13. Image Initialization Comparison (Part 1). For each method and
prompt, we show the best result among nine runs; all runs are included in
the supplemental material.

Image initialization. We further compare our method against al-
ternatives with image-based initialization (Figure 12). In this setting,
we first generate an image from the text prompt using the FLUX.1-
dev model and optimize to match the image as initialization. Our
method produces variations that are similar to the image while re-
taining canonical features of the objects. For example, the “turkeys”

Diceplay: A Modular Canvas for Physical Image Composition « 7

and the “lions” are facing the same way as the images but have dif-
ferent poses. Our method can deviate from the image for better ab-
stractions (e.g. “fish”). Baseline methods based on (Gumbel-)softmax
benefit from image initialization; they produce recognizable objects
with a clean background. However, these approaches highly depend
on the quality of the initial image because they deviate only weakly
from the initialization (Figure 12).

Image initialization can also be used to guide large language
model (LLM)-based approaches by prompting the models to output
SVGs representing a Diceplay configuration. We experimented with
several LLMs and found that Gemini (flash-3-preview) performed
best. We prompt the model to explicitly reason about abstraction
by first identifying salient features and their placement. As shown
in Figure 13 (Gemini), this approach can succeed in some cases but
remains unreliable overall.

Boundary Interpolation. We further validate our choice of interpo-
lating the boundaries as opposed to pixel value blending by training
a DeepSDF model that takes in x, y coordinates and a one-hot encod-
ing of the 15 patterns and predicts an SDF value. We only supervise
on the 15 patterns and rely on the smoothness of neural networks
for interpolation. We optimize the logits and apply softmax before
feeding to the DeepSDF model. The results, shown in Figure 14
(DeepSDF), are qualitatively better than the (Gumbel-)softmax base-
lines that use pixel value interpolation. Noticeably, we can see clear
contour of the objects, for example the “alpaca”, “chicken”, “duck”,
and “stanford bunny”. Results for most other prompts show recogniz-
able objects but with noisy background. This is because the cells are
optimized independently. Our method encodes dependencies across
neighboring cells in the grammar, encouraging the optimization to
focus on modifying the existing black regions.

Colorization. After optimizing for the black-and-white tile pat-
terns, we perform colorization with Gemini (flash-3-preview), where
the VLM is given the SVG code of the optimized tile and the cor-
responding PNG image and is prompted to alter only the color of
each tile. Despite the model’s unreliability with generating the tiles
themselves (previous section), it is able to recognize the abstract
features of the tile designs from our system and apply appropriate
colors to the Diceplay design (Figure 14 (Ours + Color)).

User Study. We conduct a perceptual user study comparing our
method against simulated annealing (SA) with CLIP scores and also
Gumbel-softmax baselines, for both 5 X 5 and 8 X 8 resolutions.
(an example task is shown in Figure 20 in supplemental). For each
prompt, participants were asked to select three images out of 27 can-
didates (9 runs X 3 methods) that best represent the prompt. Across
32 participants, the selections were distributed as 73%, 18%, 9%, for
our method, SA, and Gumbel-softmax, respectively. Additionally,
for 5 x 5 resolution, 91% of responses included at least one image
generated by our method among the three selected images, com-
pared to 33% for SA and 22% for Gumbel-softmax. The detailed user
voting breakdown is in Figure 16, and a selection of the most voted
results for the SA baseline is shown in Figure 21 in supplemental.
We further analyzed whether CLIP scores correlate with human
votes via OLS regression, and we found no meaningful relationship
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Fig. 14. Text-conditioned Generation Comparison. For each method and prompt, we show the best result among nine runs; all runs are included in the
supplemental material.

between the two (R? = 0.013), indicating the CLIP similarity is not Fabricated Results. Figure 1 shows our LED-enabled display under
a driver for voting behavior (Figure 15). different dice configurations and lighting conditions. We also fabri-
cated a smaller version of the dice and a simple frame without LEDs,
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Fig. 15. CLIP Similarity and User Preferences. The data from our per-
ceptual user study suggests that there is no meaningful correlation between
CLIP scores and user preferences expressed in terms of the number of votes.
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Fig. 16. User Study Results. (Left) Percentage of votes received overall for
each method. (Right) Percentage of each method being selected at least
once for each prompt. Note that on the right identically colored columns
do not sum to 100%.
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Fig. 17. Physical dice. Three geometric designs assembled by a 4-year-old
child using the fabricated dice puzzle. Each design was created by matching
dice orientations to target shape cards generated by our method.

and demonstrate its use as a geometric puzzle for children when
paired with cards describing target shapes generated by our method.
Figure 17 shows three designs that were successfully assembled by
a 4-year-old child in 4-8 minutes (see supplemental video).

Limitations. While our method performs well in practice, it has
several limitations. In some cases, when a high-quality image initial-
ization is available, Gumbel-Softmax can produce stronger results
than our approach. This occurs because our method intentionally ex-
plores beyond the image, whereas (Gumbel-)softmax remains more
tightly coupled to it. This effect is particularly noticeable when
the target image occupies only a portion of the grid, as our method
tends to utilize the available space more fully. As shown in Figure 13,
(Gumbel-)softmax yields visually compelling results for examples
such as the “snail” and “seahorse”. Our outputs in these cases often
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reflect less common but still reasonable abstractions of these shapes,
rather than closely matching their canonical appearances.

Another limitation is that our method is less effective for shapes
that are already highly geometric and admit an obvious tiling, for
example “house” and “christmas tree”. In these cases, our method
often fails to converge to the expected structure. We observe similar
behavior using (Gumbel-)softmax baselines. For such examples,
direct LLM-based prompting can produce stronger results, likely
because the desired structure is already well aligned with a simple
geometric decomposition.

Finally, the optimization framework is computationally intensive.
Despite being faster than exhaustive search, the SDS-based opti-
mization requires hundreds of diffusion model evaluations, taking
approximately 15-20 minutes per design on an A100. Real-time inter-
activity—where a user moves a physical die and the system suggests
completions instantly—would require distilling the optimization
process into a feed-forward network or a faster search policy.

6 Conclusion and Future work

We have presented Diceplay, a system for computational design of
abstract imagery on a modular physical canvas. Our central tech-
nical contribution is showing that highly discrete, combinatorial
design spaces can be made amenable to gradient-based optimization
through careful grammar design.

On the application side, there are several directions for extending
Diceplay. One natural extension is to apply this method to other
sets of geometric patterns that are clear and interpolable. Since our
grammar was manually designed for this specific set of primitives,
doing so would require extending these ideas to new sets manu-
ally or through automated methods. We could also allow multiple
types of dice with different sets of primitives would expand the vi-
sual vocabulary of the display. This would require the optimization
framework to reason about uniqueness and allocation constraints,
but could enable richer compositions.

Future work could also consider co-designing the display for
specific applications. For curated installations or ambient displays
with a known set of target compositions, it may be beneficial to
jointly optimize the dice primitives and the intended content. While
trivial for very small target sets, this becomes more interesting when
balancing a larger number of desired compositions against a limited
number of physical primitives.

Another possible extension is to explore three-dimensional com-
positions. As an alternative fabrication approach, we experimented
with adding an array of magnets to all faces of the dice, allowing
them to connect in arbitrary configurations. This supports volumet-
ric assembly and suggests the possibility of sparse 3D structures in
which both dice placement and orientation are optimized, subject
to constraints such as connectivity. Extending Diceplay to this set-
ting would introduce new challenges, including reasoning about
multiple viewpoints and evaluating 3D abstractions.

Finally, our results suggest that Diceplay may function as an edu-
cational toy for young children. More broadly, pattern recognition
and pattern construction play an important role in cognitive devel-
opment and are widely used in educational tools for both children
and adults, including those designed to support cognitive health.
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Exploring these applications more systematically is a promising
direction for future work.

On the technical side, our results highlight a simple but important
principle: the structure of a design representation fundamentally
shapes the optimization landscape. In highly discrete settings like
Diceplay, grammar-based optimization offers an alternative to stan-
dard soft-blending approaches by explicitly defining search paths
that respect the geometry of the design space. This perspective
builds on ideas introduced in Design for Descent [Kodnongbua
et al. 2025], which describes principles for grammar design that
make design spaces more amenable to gradient-based optimiza-
tion. Prior work, however, focuses on grammars with mixed dis-
crete—continuous structure. In contrast, our setting is fundamentally
discrete, and the grammar we design for Diceplay is not one that
merely describes the design space, but one that intentionally relaxes
it by introducing continuous parameters that do not exist in the orig-
inal domain and penalizing deviations to encourage convergence
back to valid discrete configurations.

More broadly, this suggests a general strategy for grammar-based
optimization: starting from an existing grammar, constructing prin-
cipled relaxations that enable optimization, and then mapping opti-
mized solutions back to the original domain. Such relaxation tech-
niques are widely used in optimization and have a long history in
geometry processing, where continuous relaxations are employed
to make combinatorial problems tractable. While Diceplay serves as
a concrete case study of applying these ideas in a grammar-based
design setting, an important direction for future work is to explore
more systematic approaches to this process—for example, methods
for automatically relaxing a given grammar to make it amenable to
optimization, along with principled ways of projecting optimized
results back to valid discrete designs. Developing such techniques
could help broaden the applicability of grammar-based optimization
to a wider range of design problems.
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