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Abstract
Surface-based pattern simulations have proven valuable for texture design and scientific visualization, but existing methods face
several limitations. Most simulations either target a narrow range of pattern types (e.g. spots, branching) or support a broad
range of patterns at the cost of time-consuming parameter tuning. In either case, local and global control over the character of
patterns is desirable, but often not supported. Additionally, transferring 2D simulations to 3D surfaces can introduce distortions,
and is sensitive to mesh topology and quality. Finally, colourization further complicates the use of simulations for texturing,
often relying on ad hoc mapping of simulation values to colours.
To address these challenges, we introduce a unified framework for generating expressive, controllable patterns that are nat-
urally embedded on curved surfaces. We reformulate Physarum polycephalum slime mold simulations in terms of continuous
rates and PDEs, allowing greater consistency across varying space and time discretizations. We introduce agent-based stochas-
tic chemical kinetics to regulate agent turnover, which permits direct control over the uniformity of final patterns. Together, these
modifications enable fine-grained control of pattern synthesis using spatially varying parameter maps, directional biases, stim-
uli, and agent sinks/sources. We demonstrate that our approach allows for the generation of new pattern classes in Physarum
slime mold simulations, including stripes, branching, and hierarchical structures. To eliminate distortion and artifacts, we
re-purpose intrinsic triangulations proposed for geometry processing to dynamic simulations. Finally, we introduce a simple
colourization method to transfer colours from an exemplar image to simulation results.
Notably, while demonstrated through slime mold simulations, our framework generalizes to other patterning models (e.g.
reaction-diffusion), thus providing a versatile tool for complex, controllable surface-based pattern synthesis.

CCS Concepts
• Computing methodologies → Modeling and simulation; Simulation types and techniques; Agent / discrete models; Con-
tinuous models; Multiscale systems; Artificial life; Simulation tools; Procedural animation; Physical simulation; Texturing;
Graphics systems and interfaces; Mesh models; Mesh geometry models;

lenges for pattern synthesis, requiring specialized approaches to
handle curved surface geometry.

To effectively support natural pattern synthesis, we desire sim-
ulation methods that can: (a) generate a broad range of pat-
tern types [Tur52; Pea93], (b) offer intuitive parameter con-
trol [STBB14, Sec. 10.2], (c) support spatial variation in pat-
tern characteristics [ROC*21], and (d) produce global organization
from local rules [Tur52; Jon10a], such as anisotropy or hierarchical
structure [PL90; LBZ*11]. While all these goals are individually
addressed in some existing methods, the literature does not cur-
rently offer a single simulation framework that satisfies all simul-
taneously. Moreover, many existing methods are designed around
specific pattern families (e.g., spots, branching), achieving strong
results in those cases but lacking the generality to span diverse pat-
tern types.

To generate patterns on curved surfaces, a common strategy in-

1. Introduction

Natural patterns combine structure with irregularity and variation. 
Zebra stripes are organized yet unique, leaf veins exhibit hierar-
chical branching that balances regularity with organic complex-
ity, and rivers meander unpredictably yet purposefully. This inter-
play of order and chaos creates visually rich and complex patterns, 
but also poses challenges for methods attempting to generate them 
automatically. For such patterns, simulation-based methods have 
proven particularly effective, enabling the emergence of complex 
patterns from simple rules and physical constraints, without rely-
ing on curated datasets or overly descriptive methods. Furthermore, 
many natural patterns are inherently surface-bound, influenced by 
the geometry on which they emerge, such as the pigmentation on 
flowers [ROC*21], fish skin [KA95], leopard fur [DFW20], or sea 
shells [FMP92]. This surface embedding introduces unique chal-
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volves parametrizing the surface onto a 2D domain for computa-
tional simplicity [WK91; FMP92; MMMR22]. However, parame-
terization introduces metric and curvature distortion, while the cuts
used to flatten the surface can introduce noticeable seams. While
some correction methods have been proposed [WK91; FMP92;
MMMR22], they do not fully address these issues. Alternatively,
simulating directly on meshes [Tur91; DGA04; ROC*21] avoids
the distortions and discontinuity artifacts caused by parameter-
ization. However, many patterning simulations involve solving
PDEs over the patterning domain, which requires high-quality dis-
cretizations of the surface to support stable and accurate simula-
tions [SGC21, ch. 4]. Thus, most meshes are not suitable due to
poor triangle element quality. Remeshing techniques are often em-
ployed in these instances [BKP*10, ch. 6], but introduce a funda-
mental limitation, as remeshing alters the original surface represen-
tation and couples the texturing process to mesh generation, which
is undesirable for downstream tasks that rely on the original mesh.

To address both sets of challenges, limitations in controlla-
bility and pattern diversity, as well as the geometric issues in-
curred by curved surfaces, we introduce a surface-based simulation
framework. Our framework reformulates and extends Jeff Jones’
Physarum slime mold model [Jon10a; Jon10b], selected for its
ability to produce a wide range of pattern classes and the rela-
tively interpretable influence of its parameters on emerging pat-
terns. In this model, agents traverse the domain while depositing
pheromones, which diffuse and decay to create a coupled dynamic
that in turn guides agent behaviour. However, in its original for-
mulation, pheromone dynamics are governed by discrete rules that
make the model’s behaviour sensitive to the choice of spatial and
temporal discretization. Moreover, desirable patterns often arise
only transiently, with no mechanism to regulate the uniformity of
the final, steady-state, pattern. We extend and reformulate Jones’
model by expressing pheromone dynamics as a PDE and redefining
parameters as rates and ratios, improving consistency across spatial
and temporal discretizations. We introduce an agent-based stochas-
tic chemical kinetics process [Ros10, ch. 4-7, 11] based on particle
decay to control the uniformity of the pattern generated at conver-
gence. To further enhance pattern control and diversity, we lever-
age surface agent pattern stimuli (inspired by [Jon10a]), incorpo-
rate spatially varying parameters to locally blend patterns [WK91;
ROC*21], and introduce directional agent biases as well as agent
sinks and sources.

To support robust simulation on curved surfaces, we employ in-
trinsic triangulations [SSC19a; SGC21; GSC21], which offer im-
proved mesh quality and numerical stability for PDE computa-
tions. Unlike conventional triangulations that depend on vertex
positions in 3D space, intrinsic triangulations operate purely in
the intrinsic geometry of the surface, preserving the extrinsic sur-
face geometry. We use the intrinsic Delaunay Refinement (iDR)
algorithm [SGC21, ch. 4] to produce uniform triangulations for
pheromone discretization at specified resolutions. This intrinsic
approach substantially improves pattern quality and consistency
over prior surface-based slime mold implementations [MMMR22;
GSR24]. Crucially, our agents interact solely through pheromone
sampling and tracing operations, bypassing the costly geometric
operations common in many geometric patterning simulations such
as nearest-neighbour or geodesic computations [CLPQ20].

Finally, simulations produce a scalar field over the mesh which
must be colourized. This is typically achieved by manually defining
a colour map [Tur91; WFM01; ROC*21], which is a time-intensive
process. We simplify this process by introducing an image-assisted
colourization technique to extract a representative colour map from
a target image, using nonlinear dimensionality reduction [TdSL00]
on the image’s pixel colours. This provides an initial colour map
that can be readily tuned to obtain a desired colourization.

Our approach introduces several advances, including an intrinsic
triangulation strategy that eliminates parameterization artifacts and
supports robust surface-based simulation for both agent dynamics
and PDE-based processes, as well as controllability mechanisms
and image-assisted colourization for expressive pattern authoring.
Combined with our extended slime mold simulation, these con-
tributions establish a robust and versatile framework for procedu-
ral texture synthesis on curved surfaces, enabling efficient gener-
ation of diverse and controllable texture assets. Beyond aesthetic
applications, the framework also highlights the broader utility of
simulation-based approaches on intrinsic triangulations, offering a
promising foundation for other dynamic simulations on curved sur-
faces.

2. Background Information

There are two primary approaches to pattern synthesis: data-
driven and procedural techniques. Data-driven methods use exist-
ing pattern data to synthesize similar patterns, either using hand-
engineered methods [Tur01; LH05; LH06; WLKT09; AYD*18;
DSJ19; GAD*20] or neural-net approaches [GEB15; RBL*21].
These methods have utility in specific applications, but mapping
pixel-space methods onto mesh surfaces is non-trivial without mod-
ifying the underlying representation, as their neighbourhood def-
initions assume a regular lattice structure. While surface param-
eterization can restore local pixel structure, seams disrupt neigh-
bourhood continuity and alignment. Alternatively, a triangulated
discretization embedded directly on the surface, bypassing pa-
rameterization issues can be used. Additionally, neural-net based
approaches typically require extensive datasets to produce high-
quality results.

Procedural methods have been widely used for texture synthe-
sis [Pea85; Per85; Wor96; EMP*02; GAD*20]. However, they of-
ten produce simple results, or are augmented with other techniques
to achieve greater complexity. A subset of procedural methods can
be described as simulation-based due to their physically or biolog-
ically inspired formulations. These are particularly adept at captur-
ing the structured yet irregular characteristics and evolving shapes
of many natural patterns that other procedural methods struggle
to reproduce. These methods are often biologically inspired and
grounded in physical phenomena, enabling them to generate pat-
terns with the complex organization of natural patterns. More-
over, simulation parameters often have direct physical or biological
meaning, making their effects on emerging patterns easier to inter-
pret and reason about, which is helpful when generating a desired
pattern.

Simulation-based approaches can be categorized into two types:
field-based and particle-based. Field-based simulations represent
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values fixed in space that evolve over time through local spatial
interactions. These approaches fall into two main categories: dis-
crete and continuum models. The former defines field evolution us-
ing neighbourhood-based rules applied over discrete spatial struc-
tures such as grids or graphs [NPW84; Rob01; KSSL07; LM09;
YSC*17]. The latter describes evolution using partial differential
equations (PDEs) grounded in continuous formulations, with val-
ues usually defined as concentrations. When the continuum mod-
els are implemented numerically on discrete domains, they retain
the mathematical structure and interpretation of continuous sys-
tems. However, the domain must be represented using a high qual-
ity discretization, such as Delaunay triangulations or regular grids,
to avoid patterning artifacts or numerical stability issues.

Reaction-Diffusion (RD) models were among the first methods
to compellingly simulate natural pattern formation via PDEs, es-
pecially biological pigmentation patterns [Tur52; Tur91; WK91;
FMP92; Pea93; WFM01; QW12; DFW20; ROC*21]. Their ver-
satility in generating a wide range of patterns has made RD mod-
els one of the most widely adopted simulation techniques. How-
ever, different classes of patterns typically require different RD
formulations or parameter regimes, leading to a large and frag-
mented design space [ROC*21]. This, combined with parameters
that are often unintuitive and difficult to relate directly to visual
outcomes, makes precise control challenging for users. Addition-
ally, many RD implementations operate on regular grids [WK91;
FMP92; Pea93; DFW20], rely on specially prepared surface dis-
cretizations [ROC*21], or procedurally generate surface approxi-
mations suitable for stable computations [Tur91]. This limits their
applicability to arbitrary meshes and complicates their use in gen-
eral surface-based workflows. This is a general issue for many sim-
ulation models [STBB14, Sec. 10.2].

Alternatively, particle-based, or agent-based, methods simulate
the local behaviours of individual entities that move through space
to collectively produce global patterns. Ant colony simulations
demonstrate self-organizing emergent behaviours that are useful
for both patterning and computational purposes [DAGP90; DBT00;
XRW*19]. There are also agent-based Laplacian growth model
simulations [WS81; DGA04] that excel at branching patterns.
Similar to Laplacian growth models, the space colonization algo-
rithm [RFL*05; RLP07] uses iterative particle insertions to fill a
specified region, excelling at branching structures and, with mod-
ifications, hierarchical network structures. These approaches of-
ten offer more intuitive and spatially controllable outcomes. How-
ever, they also often rely on repeated proximity or distance queries.
While these operations are simple in Euclidean domains, they are
much more difficult on curved surfaces [CLPQ20].

Among particle-based models, simulations proposed by Jones,
which were inspired by Physarum polycephalum (true slime mold),
are particularly notable for producing a broad range of natural pat-
terns (Fig. 1) [Jon10a; Jon10b]. We outline Jones’ original formula-
tion below, with a comprehensive description provided in Sec. 1 of
the Supplementary Document. This model combines both particle-
based and field-based aspects with a two layer approach: the agent
layer and the pheromone layer. The agent layer consists of parti-
cles, defined with a position and heading direction. The particles
respond to and deposit pheromones, which in turn is represented as
a scalar field subjected to diffusion (box blur) and removal. During
a simulation step, each agent samples the pheromones with three
offset sensors (left/forward/right) at a fixed distance and lateral an-
gle. Based on the sensed values, the agent (a) continues forward if
the centre is largest, (b) turns toward the side that exceeds the cen-
tre if only one does, or (c) randomly chooses a side if both exceed
the centre, introducing stochasticity into the simulation. The agent
then advances one step and deposits pheromones. This establishes a
stigmergic feedback loop where stronger trails attract more agents,
further reinforcing those trails, while diffusion and decay spread
and attenuate pheromones elsewhere. The interactions between the
two layers produces complex and natural patterns. The pheromone
field is typically visualized directly, with concentrations mapped to
colours. Unlike many particle-based techniques, complex geomet-
ric queries, such as proximity and distance queries, are not used, as
the pheromone layer indirectly controls particle interactions. How-
ever, some common natural patterns classes such as branching pat-
terns cannot be easily created. Additionally, the original formula-
tion is highly sensitive to the simulation time-step. For many pa-
rameter sets, agents tend to form a small number of irregular ag-
gregations over time, eliminating patterning from large sub-regions
of the domain, with no mechanism to regulate agent distribution.

Recent efforts have implemented this patterning simulation
within a mesh-based framework, MoMaS [MMMR22]. This frame-
work uses surface parameterization and GPU acceleration to im-
prove performance. However, this approach introduces distortions
and biases as a result of the pheromone parameterization and
projection-based agent traversal approximation, in addition to the
issues inherited from the Jeff Jones’ original model [Jon10b;
Jon10a]. These errors are reduced using a metric tensor and
a by subdividing the traversal step, but still persist (Fig. 12).
PhysOM [GSR24] extends the Jones model with diffusion-
based anisotropic effects, similar to some reaction–diffusion mod-
els [ROC*21], to control pattern orientation within volumetric do-
mains. However, its formulation targets volumetric structures rather
than intrinsic surface pattern synthesis.

For surface bound simulations, operating directly on the mesh
provides an alternative to parameterization based methods [Tur91;
WFM01; DGA04; LBZ*11; AYD*18; DFW20; ROC*21], by-
passing parameterization issues and accounting for the surface cur-
vature and geometry. This approach comes at the cost of working
on an irregular domain, making computations more difficult and ex-
pensive. Additionally, these methods often require remeshing to en-
sure a high-quality surface domain suitable for simulation. It should
be noted that most surface texturing applications assume the mesh
is orientable and has a manifold structure [SGC21, pg. 13]. We also

Figure 1: Several representative patterns generated by Jeff Jones’ 
slime mold simulation [Jon10a].
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assume all meshes used in our framework are orientable and mani-
fold.

Overall, prior work on pattern synthesis faces persistent chal-
lenges when applied to geometric surfaces, including discretization
sensitivity, parameterization artifacts, and limited surface-bound
controllability. Addressing these issues requires surface-aware for-
mulations that remain robust to mesh structure while supporting
expressive and interpretable pattern synthesis.

3. Methodology

This section presents the main components of our framework.
We first describe our reformulation of Jeff Jones’s slime mold
model [Jon10b; Jon10a]. Notably, Jones’ formulation is sensitive
to changes in the discretization of space and time, as well as the
number of agents (see Fig. 1-3 in the Supplementary Document).
This sensitivity makes it difficult to obtain equivalent patterns on
different meshes when the time-step is adjusted, or agent number is
changed. Moreover, over time, agents tend to form a small number
of irregular agent aggregations, making it difficult to obtain pat-
terns with a uniform character over the entire domain (see Fig. 4 in
the Supplementary Document). To address these limitations, we ex-
press agent motion and pheromone dynamics in continuous terms.
We also rephrase agent turnover and aspects of pheromone disper-
sal as stochastic chemical kinetic processes, which allows us to
maintain approximately the same distribution of pheromones over-
time, even as agent number, surface area, and other pheromone pa-
rameters are varied. These changes mitigate discretization sensitiv-
ity and enable the generation of patterns with a more uniform, and
controllable, character. Our reformulation is required for the con-
trollability extensions we describe that provide fine-grained spa-
tial control over the character, density and anisotropy of patterns
(Sec. 3.3), and broaden the range of attainable pattern classes to
include striped and branching patterns. It is also required for the
direct implementation of our method on surfaces meshes, where ir-
regular triangulation and variable element sizes must be accounted
for.

To move our simulations to surfaces, pheromones are stored as
vertex concentrations on a manifold triangulation, and agents are
stored with the face containing them, with positions and orienta-
tions expressed in local coordinates. We adopt intrinsic triangula-
tions [SSC19a; GSC21; SGC21] to support surface-based simula-
tions while avoiding artifacts stemming from parameterization or
remeshing.

Finally, we present an image-assisted colourization method that
extracts a colour map from an exemplar image.

3.1. Intrinsic Triangulation Surface Simulation

To represent our surface, we use an intrinsic Delaunay triangulation
based framework consisting of two spaces: the intrinsic triangula-
tion itself and a collection of intrinsic faces with associated local
coordinate systems. These spaces respectively provide domains for
pheromone dynamics and agent traversal processes. The integration
of these processes in our framework are described in this section
and depicted in Fig. 2a.

To simulate continuous pheromone concentrations, we must
solve a PDE over the mesh (see Sec. 3.2 for details). This constrains
our choice of triangulation, as poor mesh geometry induces artifi-
cial anisotropy and nonlocal coupling of concentrations in diffu-
sion simulations. Here, Delaunay triangulations are advantageous,
as they preserve locality and isotropy by enforcing well-centred
neighbourhoods and well-defined Voronoi (circumcentric) dual ge-
ometry [CdGDS13, ch. 6]. While this property can be satisfied
via remeshing, this would also alter the extrinsic mesh geometry.
To avoid this issue, we use an intrinsic triangulation to construct
an appropriate triangulation using intrinsic Delaunay Refinement
(iDR) [SSC19a; SGC21; GSC21]. As seen in Fig. 3, intrinsic tri-
angles may not be flat in 3D (d, inset). However, the iDR algo-
rithm ensures each triangle can be isometrically bent into a valid
2D triangle in its own local coordinates. This eliminates distortion
between the intrinsic and extrinsic spaces, providing both a consis-
tent surface manifold representation and a compatible local planar
space. For our application, we also require that triangulations have
sufficient resolution to represent synthesized patterns. We achieve
this by restricting the iDR algorithm to ensure no triangle has a
circumradius above a specified threshold. This radius defines the
resolution of the intrinsic triangulation (compare Fig. 3c and 3d).

Agent dynamics now operate per face, and require appropriate
methods to traverse the mesh and deposit pheromones. Mesh traver-
sal is required to update agent positions and determine sensor po-
sitions. In either case, this is computed by performing a series of
local-local coordinate transformation along internal edges [SGC21,
pg. 26-28]. When agents reach a boundary edge, we reflect their tra-
jectory to keep them moving within the domain, preventing cluster-
ing at boundaries. In contrast, sensor traces terminate at boundaries
to avoid unrealistic pheromone readings outside the surface. Point
sampling and point deposition of pheromones use barycentric in-
terpolation to map between face-local positions and vertex-based
pheromone values.

Fig. 4 illustrates the importance of maintaining the Delaunay
property, highlighting its impact on both pheromone diffusion and
agent dynamics. While one could re-mesh instead, this would not
preserve the underlying geometry. Although remeshing may be suf-
ficient in this simple case, the intrinsic framework generalizes ro-
bustly to more complex cases (e.g., Fig. 13).

3.2. Extended Slime Mold Simulation

We reformulate Jones’ slime mold model (Fig. 2) so that
pheromone concentrations are governed by physically based dif-
fusion–decay PDEs, representing a continuum process rather than
discrete update rules. We also adapt the model to provide time-step
independent simulations, improved pheromonal deposition along
agent trajectories (Fig. 2c), and agent-based stochastic chemical ki-
netics to regulate pattern uniformity by integrating agent turnover
(Fig. 2d). These extensions support more consistent pattern forma-
tion across discretizations, greater interpretability and predictabil-
ity of parameters (and their effect on patterns), and expanded ex-
pressive capabilities for pattern synthesis. The simulation parame-
ters for this reformulation are summarized in Table 1, and can be
compared against the parameters of Jones’ model (Table 1 in the
Supplementary Document).

© 2026 The Author(s).
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Figure 2: Diagrams depicting the core elements of our surface-bound slime mold model. (a) The two simulation spaces of our intrinsic
triangulation framework (intrinsic triangulation and a collection of intrinsic faces with associated local coordinate systems), and their
relations. Each face in the collection stores local-to-local coordinate system transformations for adjacent intrinsic triangles, defining the
surface for agent traversal. The projection between spaces is implied by the correspondence between local face coordinates and the intrinsic
triangulation on the surface (dotted purple lines). Arrows labelled read, write, react, and project indicate how agents interact with the
pheromones across these spaces. (b-d) Diagrams illustrate key components of our simulation on a small region on an example triangulation.
(b) Agent traversal. Three traversal steps are shown, where the direction of turning (left, no turn and right) is indicated by the red sensor. The
step distance is obtained by integrating the velocity v over ∆t, and the turn angle is obtained by integrating the angular velocity ω over 1/ ft .
(c) Line-integrated pheromone deposition and diffusion. Each step is subdivided into per-face segments, with deposits allocated proportional
to their length. Pheromone is distributed to face vertices using the barycentric weights of the midpoint (red circle). Pheromones then diffuse
between vertices and decay locally. (d) Agent turnover and deposit activation. As agents turnover redistributes older agents across the mesh.
Newly activated agents do not deposit pheromones (purple) until reaching an age of ta (blue).

Figure 4: The effect of mesh quality on simulated patterns, demon-
strated using a (Left) spherical mesh with long skinny triangles and
(Right) the same mesh following the application of the iDR without
vertex insertions (i.e. application of the Delaunay edge flip algo-
rithm) [SSC19a; SGC21; GSC21]. Each panel is split to show both
the triangulation and resulting pheromones. The extrinsic model
fails to form the target pattern (Left) while the intrinsic triangula-
tion reproduces the pattern without changing the extrinsic geome-
try (Right).

differences in element areas when updating pheromone concentra-
tions, we must normalize the deposit amount by the element’s area,
converting pheromone amounts to concentrations (e.g. pixel or, in
our case triangle area).

To make pheromone dynamics independent of both time-step
and spatial discretization, we model this process using a standard

Figure 3: The intrinsic triangulation used for simulations. (a) 
An extrinsic mesh consisting of large non-Delaunay triangles. (b) 
The intrinsic triangulation constructed using unconstrained iDR, 
with large variation in element size, and coarse elements that can-
not represent simulated patterns. (c) Intrinsic Triangulation con-
structed using the circumcircle constrained iDR to respect a larger 
(c) and smaller (d) maximum radius.

To eliminate the model’s dependence on time-step (∆t), we con-
verted change-based parameters to rate-based ones. First, agent dy-
namics are now described using a turn rate (ω), move rate (v), and 
deposit rate (rdep). The agent geometry, sensor angle (θ) and sen-
sor distance (d), remain unchanged. However, there is a more subtle 
agent dynamic that impacts the resulting pattern, the frequency of 
the turning decision. The distance travelled between turns is some-
times a meaningful pattern characteristic rather than a time-step 
artifact. For example, patterns containing sharp angular changes in 
features may require a straight trace followed by a sharp turn, rather 
then continuously turning as the agent traces. To remove time-step 
dependence, we fix the turn decision frequency ( ft ) by tracking the 
elapsed time since the last decision. Turns are evaluated only when 
the set period is reached, modelling turning as an impulse event 
that accumulates the turning magnitude until it is time to evaluate.
Additionally, rdep is described as a time-dependent deposition rate, 
uniformly distributed along the agent’s path (Eq. 4). To correct for
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diffusion and decay PDE,

∂u(x)
∂t

= rdi f∇2u(x)− rdecu(x), (1)

where u(x) is the concentration of pheromones at x, rdi f is the dif-
fusion rate, and rdec is the decay rate. The diffusion is represented
by the Laplacian term, capturing spatial movement between ele-
ments, and decay is represented by the linear term, capturing expo-
nential decay. Having our dynamics standardized in a PDE allows
simulations via finite element methods, enabling accurate simula-
tions on different discrete representations (e.g. grids or triangles).
Our formulation normalizes the factor decay step of Jones’ formu-
lation with a time-dependent decay term. This produces smoother
pheromone gradients that improve the colourization of synthe-
sized patterns. For our surface triangulations, we use the cotangent
Laplacian with a lumped vertex mass matrix [CdGDS13, ch. 6].

The temporal dynamics of pheromones are simulated using Euler
integration schemes. In most cases forward Euler (Eq. 2) suffices.
In situations where convergence issues arise, each time-step can be
subdivided into several integration steps. Alternatively, backward
Euler (Eq. 3) integration provides a stable method for larger time-
steps, but at an increased computational cost per integration step.
The schemes can be expressed in matrix form as:

Mun+1 = [M−∆t(rdi f L+ rdecM)]un, (2)

[M+∆t(rdi f L+ rdecM)]un+1 = Mun, (3)

where M is the Mass matrix, L is the Laplacian matrix, un is the
current concentration values, and un+1 is the updated concentration
values.

Having reformulated agent motion and pheromone diffusion
in continuous terms, we next consider pheromone deposition.
To make deposition consistent with our continuous formulation,
pheromones are uniformly distributed along the path traced by each
agent during a time-step, rather than depositing them at the end of
the step as in Jones’ original formulation and the MoMaS exten-
sion. This modification makes deposition independent of the sim-
ulation time-step, and allows sufficient pheromone coverage to be
achieved with fewer agents. As a result, the number of agents re-
quired to synthesize patterns can be reduced, improving the com-
putational efficiency of simulations, particularly on high-resolution
spatial discretizations. In a finite element context, we have a set
of vertex elements V. Let x(s), where s ∈ [0,1], be the arc length
parameterized curve representing the trajectory of an agent. For
a given position x, let wi(x) denote the basis function weight at-
tributed to the element vi ∈ V . The uniformly distributed weight
along a line attributed to vi can then be expressed as a line integral:

weq,i =
∫ 1

0
wi(x(s))ds. (4)

For each agent step on our surface triangulation, deposits are dis-
tributed across the intrinsic faces traversed, with each face receiv-
ing a contribution proportional to the length of the segment as
shown in Fig. 2c. Assuming linear vertex basis functions, the re-
sulting contribution is equivalent to a point deposit at the midpoint
of the segment in each face (as derived in Sec. 3.2 of the Supple-
mentary Document).

Figure 5: Effect of varying mean particle lifetime τ̄ on simulation
results (from 1.0-0.05s). A constant U = 0.15926 is obtained by
increasing the agent count as mean particle lifetime decreases. In
the reference pattern, agent turnover is disabled and the resulting
pattern after 30s (3000 iterations) of simulation time is shown. The
deposit activation time is fixed at 0.2s.

Finally, we address issues with agent migration that cause pat-
terns to converge to sparse non-uniform patterns by introducing
agent turnover (Fig. 2d). Specifically, as agents move toward re-
gions where pheromone concentrations are high, there is a ten-
dency for agents to increasingly aggregate along a smaller number
of paths as simulations advance. This produces patterns with a non-
uniform character (Fig. 5, reference panel and Fig. 4 in the Supple-
mentary Document). As such, we introduced a stochastic chemical
kinetics model [Ros10, ch. 4-7, 11] based on particle decay and
renewal, a memoryless stochastic process, where each particle has
a constant probability of decaying at any given time. This process
results in an exponential distribution of particle lifetimes specified
by the mean particle lifetime τ̄. This allows better control over the
uniformity of the pattern by reseeding agents across the domain
once their lifetime expires, preventing uncontrolled accumulation
and sustaining global coverage.

Under a global τ̄, it suffices to generate the lifetime directly and
compare it to the agent’s age. However, to support spatial varia-
tion in agent lifetimes (Sec. 3.3), we use the hazard rate function
for random variables [Ros10, ch. 11.2.3] which uses an exposure,
calculated by normalizing the age (time) accumulation by the local
mean lifetime. Each agent maintains an exposure λ, age a, and its
exponentially distributed exposure threshold λt = −ln(X) where
X is a uniform random variable in the range (0,1), sampled once
upon turnover at the start of a new lifetime. Once λ ≥ λt , the agent
decays and is removed from its current location and placed ran-
domly in the domain. Since we will be using a triangular discretiza-
tion of space with variable face sizes, we randomly choose a face
weighted by the face area and then place the agent randomly in-
side. To ensure constant time face selection, we employ the Vose
Alias Method [Vos91]. However, this introduces other issues, since
the agent is uniformly placed, agents will spawn in areas with low
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pheromones, depositing pheromones and potentially disrupting the
existing pattern. Though this disruption may sometimes be desir-
able, such as for space filling patterns (similar to Fig. 5), it is useful
to be able to explicitly control this influence. To tune this behaviour,
a deposit activation time ta can be specified, so agents will only de-
posit if a ≥ ta.

Jones’ original model is sensitive to both domain size, directly
controlled by image resolution, and particle count, as demon-
strated in Fig. 1-3 of the Supplementary Document. To ensure the
pattern character remains consistent when varying domain sizes,
particle discretizations, mean particle lifetime, or deposit activa-
tion time, we propose the Uniform Steady-state Pheromone Con-
centration metric, denoted U . This metric approximates the aver-
age pheromone concentration once the simulation reaches steady-
state. It accounts for the many factors contributing to pheromone
abundance, including the number of agents, their deposit rate,
pheromone decay, the size of the domain, and the expected number
of agents depositing at any given time. The U metric is calculated
as,

U =
Nrdep

rdecA
e−

ta
τ , (5)

where N is the number of agents and A is the simulation domain
area (surface area). Using this approach, we can maintain the char-
acter of a pattern when changing the simulation space (mesh), vary-
ing the number of particles, or tuning activation time by adjusting
a compensating parameter. Any parameter present in Eq. 5, aside
from agent turnover timing quantities, can be changed to ensure the
preservation of the U metric without significantly affecting pattern
character.

Symbol Name Units
∆t Time Step s
rdec Decay Rate 1/s
rdi f Diffuse Rate m2/s
N Number of Agents −
d Sensor Distance m
θ Sensor Angle rad
v Move Rate m/s
ω Turn Rate rad/s
rdep Deposit Rate mol/s
τ̄ Mean Lifetime s
ta Deposit Activation Time s
ft Turn Decision Frequency 1/s

Table 1: Parameters for our Extended Slime Mold Simulation.

3.3. Controllability Extensions

Many natural patterns exhibit predictable spatial variation, neces-
sitating methods to locally control the character of simulated pat-
terns. For some pattern classes, such as branching and striped pat-
terns, local control over the orientation of features is required. To
provide convenient spatial control over simulated patterns, we em-
ploy surface maps that vary over the surface to specify local param-
eters, and bias agent motion via pheromones and direction fields.

Each controllability extension relies on surface maps that define

local values over the surface domain. Maps can be specified ei-
ther directly on intrinsic elements (vertices and faces) or, when a
texture parameterization exists, by sampling textures into the in-
trinsic elements. Scalar quantities are defined at vertices and inter-
polated across faces using barycentric coordinates, while tangent
vector quantities are defined per face [dGDT15, Part 1].

There are several ways to construct such maps, depending on
the application. The simplest is manual authoring through hand-
painted textures, which can be further processed with standard
image-based methods or directly on the surface geometry to ac-
count for curvature. In our framework, we use three surface-
based methods for constructing scalar maps: short-time diffu-
sion to blur existing maps in accordance with the surface geom-
etry, surface distance field solvers [MMP87; SSK*05; CWW13;
FC24] to generate surface-aware distance fields, and Laplace-based
solvers [CdGDS13, ch. 6] to smoothly generate interpolated fields
between regions. For vector maps, a straightforward and reliable
strategy is to define a scalar map and compute its finite ele-
ment gradient [dGDT15, p. 13], yielding a tangent vector field. In
our examples, these scalar maps are frequently derived from the
smoothly interpolated fields produced by the Laplace-based solvers
or from surface distance fields defined using the methods described
above. This gradient-based approach worked well in most cases
and is commonly used to specify directions in biological models of
morphogenesis [KCGB11; ROC*21]. These map construction ap-
proaches are implemented as intrinsic surface processing tools in
our system, with full details provided in Sec. 4 of the Supplemen-
tary Document.

Pheromone maps (Stimuli): Specifying maps that alter agent
perception or pheromone levels provides an effective way to em-
bed features in patterns. We implement this in two ways. The first,
read-stimuli, uses an additional static pheromone layer that attracts
or repels agents [Jon10a]. As an indirect influence, it can seam-
lessly embed features (Fig. 7, sign text) or organize patterns across
successive simulations (Fig. 16, thinning reticulate lines). The sec-
ond, write-stimuli, directly adds or removes pheromones, acting as
a direct pheromone influence independent of agents. While write-
stimuli can yield artificial features, this approach supports stronger
embedding, such as the perimeter dots in Fig. 7.

Parameter maps: Spatial variation of parameters is a classic
approach for achieving fine-grained control of simulation mod-
els, including texture synthesis on meshes (e.g. reaction-diffusion
flower pigmentation [ROC*21]). To implement this, we store per-
vertex values for affected parameters. In examples where smooth
pattern transitions are desired, these maps are constructed using
the surface-based scalar map methods described above to produce
smooth gradients over the mesh, enabling continuous transitions
between regions with different pattern characteristics. Accounting
for spatial-variation in the parameters controlling pheromone dy-
namics requires us to replace the scalars in the PDE from Eq. 2
and 3 with matrices capturing element (vertex) level parameter val-
ues. Thus our forward and backward Euler integration become:

Mun+1 = [M−∆t(Rdi f L+RdecM)]un, (6)

[M+∆t(Rdi f L+RdecM)]un+1 = Mun, (7)
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where Rdi f and Rdec represent diffusion and decay coefficient ma-
trices, respectively.

For agent dynamics, spatially varying parameters can be inter-
polated at the agent’s position to determine their behaviour during
a given iteration. Since we use the hazard rate function to deter-
mine when an agent decays, spatial differences in mean lifetime
are incorporated directly into the exposure increment. This keeps
the decay condition independent of the agent’s position. However,
because deposition is determined by the local activation time, ini-
tializing all agents with an age and exposure of 0 causes regions
with shorter activation times to begin depositing earlier, creating a
transient pheromone imbalance. Agents respond to this imbalance
and drift toward shorter-activation regions, introducing a pattern
bias that is not present at steady state. To remove this artifact, we
initialize agent age and exposure to match the expected steady-state
distribution. When doing so, care must be taken to avoid the bias
introduced by the tendency for observed lifetimes to appear longer
than expected (a.k.a. the inspection paradox). Exponential decay is
memoryless, so an agent that has already survived to a given ex-
posure behaves like a newly initialized agent with respect to future
decay. We therefore compute λt by adding an independently sam-
pled remaining exposure to the randomly generated elapsed expo-
sure [Ros10, ch. 7.7]. Finally, we introduce a spawn-weight proba-
bility map to allow for customized agent seeding (Fig. 14, 16, 19).
This is accomplished by multiplying the face element weight (area)
by the spawn-weight probability values.

Figure 6: A face with a bias direction with increasing symmetries.
The black arrows represent a symmetric direction and the red ar-
rows represent example agent directions and the direction they will
rotate towards. (a) symmetry 1, (b) symmetry 2, (c) symmetry 3, (d)
symmetry 4.

Directional effects: To introduce directional effects, such as
anisotropy and n-fold symmetries, into patterns we bias the direc-
tion of agent motion. This bias is defined using a vector field over
the mesh faces, which determines the direction and strength (de-
termined by the magnitude of the vector) of the bias. During each
step, the agent rotates toward the target direction at a rate propor-
tional to the angle between the current and target direction multi-
plied by the strength of the bias. To account for n-fold symmetries
in synthesized patterns we use n rotated copies of our bias vector,
as depicted in Fig. 6. In this case, the agent rotates towards the
closest copy (smallest angle). When n = 1 or 2, the directional bias
increases pattern anisotropy. See Sec. 6 in the Supplementary Doc-
ument for additional evaluations of the patterns caused by various
directional bias weights and symmetries.

The above extensions can be utilized together to create a seam-
less pattern that follows our specification, as exemplified by Fig. 7.
The write-stimulus embeds dots directly in the pattern that dif-

Figure 7: Slime mold sign created using a combination of control-
lability extensions. The sign is generated using four maps: a write
stimuli with regular dots along the border; a read stimuli with the
sign’s text; and two maps to specify an anisotropic bias on the signs
border (a bias weight map and a bias gradient to specify the direc-
tion of anisotropy).

fuse pheromones. The read-stimuli in the middle of the sign at-
tracts agents to the text, seamlessly embedding this artificial con-
straint in the pattern without the artificial edges that would appear if
the write-stimuli was used. The bias gradient elongates the pattern
anisotropically along the perimeter, but this influence is excluded
from the interior of the sign by the bias weights, creating a more
isotropic pattern in this region. Additionally, the bias region seam-
lessly blends with the isotropic region in the middle.

We can use agent turnover to control patterns by introducing
non-uniform turnover, or by defining sinks and sources. For par-
ticle decay, we can leverage parameter maps to locally define mean
lifetime, allowing users to specify regions of high and low decay.
At the extreme (mean-lifetime of 0), a region where all particles de-
cay instantly is produced, creating an agent sink. Combining these
regions with anisotropic biases pointing toward the sink promotes
branching patterns emanating from the sink. Conversely, we can
locally specify spawning probabilities to create sources by setting
probabilities in other regions to zero.

By utilizing the mean lifetime and spawn weight probabilities,
we can define agent sinks and sources. Sinks arise where lifetimes
vanish, while sources are regions of high spawning probability.
These mechanisms allow us to go beyond controlling pattern char-
acter, enabling new classes of patterns such as branching patterns
rooted at sinks or radiating from sources. Fig. 8 illustrates how
we can use sinks and weighted spawning to generate branching
patterns. The unidirectional bias is pointed toward the centre with
the agents spawning inline with the direction of the bias. With the
agents aligned to the bias direction upon turnover, we can see very
limited cycles, resulting in nearly pure branching patterns (unlike
Fig. 15). By varying the bias weight, we can see that this parame-
ter controls the perpendicular (to the bias direction) density of the
branches, while the agent turn rate and sensor angle controls the
dichotomous branching angle. Notice how the empty regions are
filled with terminating branches, where agents are spawned before
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times failed for high resolution (small maximum circumcir-
cle) triangulations. The full implementation can be found at
https://csgit.ucalgary.ca/jeffrey.layton/
intrinsic-surface-pattern-generation.git and
is detailed further in Sec. 4 of the Supplement Document.

All experiments were run on a workstation with an AMD Ryzen
9 5950X (16 cores, 32 threads), 128 GB RAM, and an NVIDIA
GeForce RTX 3080 Ti (driver 581.29). Both our implementation
and the MoMaS baseline were compiled using MSBuild with the
RelWithDebInfo configuration. Our code was written in C++23,
while the MoMaS baseline was written in C++17 and uses CUDA
13.0. For comparisons with MoMaS, we used the published imple-
mentation [MMMR22].

5. Evaluation

Figure 9: Six different slime mold simulations results using the ex-
tended slime mold simulation method on the Spot model [CPS13].
(a) Shallow angle simulation with 1s mean lifetime and 3s activa-
tion time. (b) Small move and turn rate with 1s mean lifetime and
activation time. (c) Chemo-repulsion scheme (negative sensor an-
gle), similar to that described in [Jon10a]. (d) Small move and turn
rate with 0.1s mean lifetime and activation time. (e) Disabled acti-
vation time. (f) Large sensor distance with 0.2s mean lifetime and
0.4s activation time.

Our method can generate a broad range of patterns on surfaces
(Fig. 9). Moreover, the particle stochastic chemical kinetics pro-
cess we employ allows for explicit control over the uniformity of
patterns. Our method is formulated to provide a continuous rep-
resentation that remains well-behaved across different temporal,
spatial, and particle discretizations. We demonstrate the effect of
varying intrinsic triangulation resolution, particle discretization,
and time-step discretization while maintaining a consistent pat-
tern character (Fig. 10), which is not possible using Jones’ original
method [Jon10b] or approaches built upon it [MMMR22; GSR24],
as seen in Fig. 1-3 in the Supplementary Document.

If the triangulation resolution is too coarse, features of the pat-
tern below the resolution of the triangulation cannot be generated.
This can be seen in Fig. 10b, where the overall character of the pat-
tern only emerges for circumradii under 0.2, and minor strands only
emerge for radii under 0.1. Once the resolution is sufficiently dense,

Figure 8: Branching patterns generated by combining the slime 
mold simulation with controllability extensions. The patterns 
emerge from a unidirectional bias towards a sink at the centre. Bias 
strength varies from 30 (top row) to 60 (bottom row). Sensor angle 
and turn rate are increased from left-to-right (15-75 degrees). All 
simulations produce dichotomous branching patterns.

merging with the main branching lines that extend to the perimeter 
of the circle.

3.4. Image-Assisted Colourization

To produce realistic textures, we map pheromone concentrations to 
colours using an exemplar-derived colour map. To simplify the re-
production of observed patterns, we developed a method to assist 
in the generation of colour-maps from exemplar images. Given an 
image, the method finds a  1D parameterization of the image pix-
els in the RGB colour space. To construct our parameterization, we 
first map the pixel colours to 1D using non-linear dimensionality 
reduction (ISOMAPs [TdSL00]). Using these 1D values, we con-
struct a parameterization by fitting a  cubic spline for each colour 
channel and then regularly sample the resulting curves to gener-
ate a colour map. If needed, the extracted colour map can then 
be interactively fine-tuned t o r efine th e co lour ma pping. As  our 
method assumes that the mapping from concentrations to colours 
is continuous; it can fail when this mapping should be discontinu-
ous or cannot be explained by a single variable. Nonetheless, our 
semi-automated method simplifies the colourization process com-
pared to the manually defined colour-maps used in many simula-
tion based approaches (e.g. flower pigmentation [ROC*21], leop-
ard spots [DFW20]), producing plausible results in many cases (e.g. 
Fig. 14, 16-18, 20).

4. Implementation

We implemented our methods in C++, using Polyscope [Sha*19] 
for program visualization and Geometry Central [SC*19] 
for our intrinsic triangulation data structure. We used the 
integer coordinates [GSC21] implementation of the intrin-
sic triangulation data structure, as we found it to be more 
robust compared to the sign-post [SSC19a], which some-
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Figure 10: Analysis of pattern character as simulation discretization is varied. The pattern in panel (a) serves as a reference for simulations
performed on an octagonal prism where (b) triangle resolution (c) agent number and (d) time-step are varied. In (b) the maximum circum-
radius is varied from 0.20m to 0.01m. A portion of the intrinsic triangulation is shown for each simulation. In (c) the number of agents is
varied from 10 to 2000. To ensure a consistent U metric, the deposit rate is adjusted as described in Sec. 3.2. In (d) the simulation time-step
is varied from 0.02s to 0.0001s. Parameters reported in Table 2 in the Supplementary Document.

decreasing the triangle size further improves the quality, with neg-
ligible effects below 0.03, indicating a convergence to a limit pat-
tern. Evaluating the runtime data for these simulations, the simula-
tion time was found to increase linearly with mean intrinsic triangle
density.

If the agent count is too low, pattern quality breaks down, with
individual agents diverging into a small number of disorganized
paths. This can be seen in the first panel in Fig. 10c. Increasing the
agent count smooths and coalesces the agent paths across the entire
pattern, again indicating a convergence to a limit pattern (Fig. 10c,
the change in pattern character is minimal between 500, 1000, and
2000 agents). For this parameter set, 1000 agents are sufficient for
a high quality result. As expected, the time complexity of the sim-
ulation was found to be linear to the number of agents.

Compared to triangulation resolution and agent discretization,
the relationship between the character of patterns and time-step size
is more complex. If the time-step is equal to or exceeds the order of
magnitude of the three time parameters (turn decision period, mean
particle lifetime, or deposit activation time), then the agent dynam-
ics may be aliased, leading to a pattern that differs substantially
from the pattern created by smaller time-steps. This can be seen in
the first two examples of Fig. 10d, where the time-steps of 0.02s
and 0.01s equals or exceeds the order of magnitude of the time pa-
rameters. Additionally, large time-steps may cause explicit Euler
integration of pheromone concentrations to introduce oscillations.
Once the time-step is small enough, as seen in the last three sim-
ulations, the pattern convergences to a limit pattern and produces
high quality results. At large time-step values, the relationship be-
tween the time-step and the simulation time is linear. However, this
relationship is complex at smaller time steps, as it also depends
on the triangulation resolution and the move rate. The relationship
between time step and average compute time per step is shown in

Figure 11: Log plot of the average computation time per step,
in ms, as a function of the time step, in s. Simulations performed
using a single thread and 30 threads are plotted in blue and orange,
respectively. For each, we fit a linear curve to the data so we can
compare our log plotted result to a linear relationship.

Fig. 11 and is non-linear for small time-steps where the compute
time per step sharply rises and then levels off. This indicates the
sharp increase is likely due to edge traversals where change in co-
ordinates is required. However, extremely small time steps mean
more total steps, resulting in larger simulation times. A balance de-
pending on the pattern for per step time, pattern quality, and total
time must be considered depending on the target pattern.

Pattern synthesis on surfaces often introduces distortion and
seam artifacts. To test for these artifacts, Fig. 12 illustrates the
patterning results on a mesh with multiple topological holes, UV
seams, and varying local distortion between the parameterization
and the surface. Our simulation produces coherent results across the
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Figure 13: Stress test results using the Yeah Right [Cra] mesh,
seen in the top right. This surface exhibits large discrepancies in el-
ement size and the scale of mesh features, as well as having a genus
of 131, which is extremely challenging to handle using parameter-
ized or extrinsic projection methods. We synthesized the reference
pattern shown in the top left on this mesh (bottom). The two inset
images each focus on regions with a large number of topological
holes and high variance in mesh scale.

eterization method. We apply two surface maps to modulate param-
eters, ensuring that rings only form in appropriate regions and that
their scale changes as we progress from the head into the tentacles.
This produces spot patterns with smooth diffusive falloffs. Using
this smooth pheromone falloff, we can reparameterize the colour
map so that the blue pigmentation is expressed as a ring around
the peak of the spot instead of the centre. Using the exact same
parameters and simulation configuration, we generated several dis-
tinct patterns with the same character, as a result of the inherent
stochasticity of the slime mold simulation (the agent turn decisions
and the stochastic chemical kinetics).

The structure of sea fans varies fluidly from branching to net-
work patterns, with a spectrum of intermediate forms observed in
different species. Our method is able to capture this aspect of sea
fan diversity, as demonstrated in Fig. 15. The branching patterns
fill the surface space, but unlike in Fig. 8, at larger sensor angles,
cycles appear in the pattern, a common characteristic of specific
sea fan species. Additionally, all but the 90° example shows plausi-
ble sea fan pattern. For such large turning rates, global connectivity
starts to break down, although the individual pieces still produce
interesting patterns.

Figure 12: Comparison of surface pattern synthesis using our ap-
proach vs MoMaS on the Fertility mesh [UU09]. In each, the UV 
seams are visualized using thin red lines.

entire surface, free of seam-related artifacts with consistent pattern 
characteristics. By contrast, the MoMaS simulation [MMMR22] 
exhibits visible artifacts around seams and generates patterns with 
significantly different pattern characteristics. Performance between 
the two methods is comparable. For the example in Fig. 12, the Mo-
MaS simulation required 300 iterations with 3 million agents (14.7 
seconds), while our method converged in 102 iterations with 350 
thousand agents (17.6 seconds). Although our run involved fewer 
agents, the overall computational cost remains in the same range, 
confirming that our approach is competitive while eliminating arti-
facts. In general, the results presented in this paper were generated 
in tens of seconds (Fig. 12) and at most several minutes (Fig. 19; 
107s at 28% real-time speed with 30 threads). Additionally, many 
simulations could reduce the simulation time further, usually by a 
factor of 2–3, by optimizing for convergence with early stopping 
once the pattern stabilizes.

To further evaluate potential geometric artifacts, we applied our 
method to a complex model specifically d esigned t o b e difficult 
to parameterize (Fig. 13). This test assessed whether our intrinsic 
triangulation framework and simulation could remain stable and 
produce viable patterns. Overall, the framework remained stable 
and reproduced the expected reference pattern, except in regions 
where the mesh scale was so fine t hat t he t arget s tructure o f the 
pattern could not be fully realized. Even in these cases, the resulting 
patterns merged coherently with neighbouring regions of the mesh.

6. Results

In this section, we show how our proposed system can be employed 
to control texture synthesis and generate a broad range of natu-
ral patterns. We also illustrate how our slime mold based frame-
work can account for patterns often associated with other simula-
tion based approaches. Finally, we demonstrate that the non slime 
mold based components of our framework are relatively general, 
and can be used to improve other surface-based texture synthesis 
approaches.

In Fig. 14, we use our framework to synthesize the pigmentation 
patterns of the blue ring octopus, leveraging our colour map param-
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Figure 14: A blue ring octopus example. (a) Using a seed map,
we diffuse it two times, each at different intervals. With a small in-
terval, we generate the active region map that modulates spawn
and deposit weights. With a larger interval, we generate the pat-
tern scale map which modulates sensor distance, move rate, diffuse
rate, mean particle lifetime, and deposit activation time. The result-
ing simulation output is then colourized (c) with a reparameterized
colour map (b) from the reference image [Zer15] to ensure the blue
pigment is expressed as rings. Running multiple simulations us-
ing the same parameters produces different patterns with the same
character (d). The octopus mesh was adapted from a model pro-
vided by Ahmed Sobuj under CC BY 4.0 [Sob24].

Giraffe patterns are a classic example of natural pigmentation,
with the reticulated giraffe distinguished by its narrow, net-like
coat (Fig. 16). This case demonstrates how simulation outputs can
be reused as inputs to guide more complex effects. While such
patterns could be produced in a single slime mold simulation by
greatly increasing the number of agents and reducing their move-
ment rate, this would be computationally expensive. Instead, we
adopt an iterative procedure that leverages spawn-weight and read-
stimuli mechanisms to achieve thin-line convergence more effi-
ciently. We begin by generating a thick-lined reticulate pattern with
only 10,000 agents, applying a quad-directional bias along the neck
to promote alignment and adjusting the scale on the head, tail, and
legs to match observed coat characteristics. This result is thresh-
olded and reused as both a spawn-weight map and a small read-
stimuli bias (0.02) to promote thinner lines. In the next iteration,
we increase the population to 50,000 while reducing movement
rate and sensor distance to keep costs low, and repeat the process
once more to obtain the final reticulate pattern. To colourize the in-
terior of the cells, we compute a distance-transform map from this
final result and combine it with the simulation output to produce
the render.

Flower petal pigmentation provides an example of natural pat-
terns that benefit from synthesis directly on the surface, with the
most successful approach relying on reaction diffusion [ROC*21].
As shown in Fig. 17, our approach can generate comparable results.
Two features of our result stand out. First, the boundary of the petal
contains partially clipped spots, as also seen in the reference image.
Second, the inner part of the petal shows stronger striped pigmen-
tation compared to the reaction–diffusion result.

Figure 15: Simulated sea fan patterns showing a transition from
branching to networked patterns. These simulations employ a uni-
directional bias along the surface, toward the stem. Bias directions
were generated using the gradient of the geodesic distance from the
stem, computed as described in [CWW13] (Leftmost panels). This
bias is applied with a uniform strength of 40◦/s. Agents spawn with
random orientations and the stem is filled with pheromones using
a write-stimuli. The sensor angle and turn rate are varied by regu-
lar increments of 15◦ and indicated below each panel. The model’s
transparency is modulated by the pattern to visualize a 3D branch-
ing structure and colourized by the depth of the fragment to better
distinguish overlapping regions.

The ginkgo leaf venation pattern (Fig. 18) provides an interest-
ing challenge for patterning methods, as it combines tightly packed,
nearly parallel veins with strict termination at the margin. Such pat-
terns are difficult to capture with methods such as the space colo-
nization algorithm [RFL*05; Run08]. To recreate this branching
geometry, we applied a unidirectional gradient away from the leaf
base, which specified the agent’s spawn orientation direction and
modulated mean particle lifetime to prevent overcrowding near the
base. Distance fields from the geodesics-in-heat method proved in-
accurate along the margin and produced veins which quickly col-
lapsed together; replacing it with fast marching [SSK*05] resolved
this issue. A continuous spawn-weight map along the entire bound-
ary generated blurred margin veins, so instead we adopted a stip-
pled boundary map. This choice was inspired by biological ob-
servations of leaf development, where discrete sources of a vein
inducing signal (auxin) arise at regular intervals along the mar-
gin [RTP17]. Finally, while agents normally reflect at boundary
edges, here we terminated them to emulate them merging with the
margin veins. Compared to space colonization, our approach pro-
duces veins that are more compact, exhibiting shallow branching
angles and dichotomous branching.

Some patterns require information derived from the extrinsic ge-
ometry of the mesh, which is often difficult to incorporate into
intrinsic triangulations, particularly when using the integer coor-
dinate data structure [GSC21] that lacks tangent vector correspon-
dence. To enable pattern generation guided by extrinsic cues, we fo-
cus on an example incorporating elevation-related information into
the intrinsic framework (Fig. 19). Specifically, to emulate a river
drainage network, we require a local proxy for elevation. We con-
struct this proxy as a normalized height map, defined by the signed
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Figure 17: Kohleria flower pigmentation example. (a) We gener-
ate the slime mold maps using two Laplace solves with fixed values
prescribed at selected regions (1 in pink, 0 in red). The bias weights
and an angle scale map are generated from the centre gradient, and
the bias direction is generated from the direction gradient. The re-
sulting slime-mold simulation is shown in (c), and in (d) we have
colourized our result using the reference image provided in (b).
The images in (b) were adapted, with permission, from Ringham
et al. [ROC*21] and show a Koleria flower pattern produced using
reaction-diffusion, as well as a comparable image of a real flower.

Figure 18: Ginkgo leaf venation pattern. (a) Distance gradient
from the stem computed with fast marching [SSK*05], used both
as a unidirectional bias and to modulate particle lifetime. Stippled
perimeter weights define agent spawning locations, aligned with
the bias (inset of the margin). (b) Slime mold simulation with agents
terminating at the margin to emulate the merging of veins. (c) Final
render using a colour map extracted from the reference image, com-
pared with results from the space colonization algorithm [RFL*05;
Run08] and a reference ginkgo leaf.

7. Discussion

Our results demonstrate our method’s ability to generate a broad
and diverse range of natural patterns, including branching, reticu-
late, spot, stripe, and hybrid structures, directly on curved surfaces.
This diversity is achieved through three key advances: a contin-

Figure 16: A reticulated giraffe pigmentation. (a) Inputs to the 
first slime mold simulation: neck bias weight and gradient (for di-
rection) and pattern scale. (c) Three step slime mold iteration pro-
cess with progressively thinner lines. The first simulation uses the 
input maps (a) and the other two use the previous (thresholded) as 
as spawn weight and read-stimuli while reducing the move rate.
(d) We compute the distance transform using the geodesic-in-heat
method [CWW13] for proper cell colourization. Extract the colour
map from the exemplar image (b) and apply it to the sum of the third
iteration result (c) and the distance transform result (d) to produce
the final render (e). The head, tail, and lower half of the legs are
unpatterned in real giraffes, so we render these areas using the ref-
erence texture. Model and texture created by Baryshev Maksim for
non-commercial purposes [Bar].

distance between the original surface and a volume-preserving 
smoothed version. This approach captures elevation variation in-
fluenced by geometric properties such as mean curvature, allowing 
extrinsic geometry to meaningfully affect intrinsic pattern design. 
From the height map we derive slope and flatness maps, which pro-
vide directional biases that guide agents to form a drainage network 
shaped by elevation. Applying a geodesics-in-heat distance trans-
form [CWW13] to the drainage network and using it to modulate 
height yields terrain-like patterns directly on the surface. This ap-
proach illustrates how extrinsic metrics can be systematically in-
corporated into intrinsic simulations and extended beyond height 
to other surface-derived quantities.

Finally, we note that the approaches we propose can also im-
prove the pattern synthesis capabilities of non-slime mold based 
approaches. This is illustrated by the giant puffer fish example in 
Fig. 20, where we use our framework in conjunction with the Gray–
Scott reaction-diffusion simulation [GS84; GS83] to synthesize a 
texture for the puffer mesh. While the base mesh could not support 
surface-based pattern simulation, intrinsic Delaunay triangulation 
produces a plausible texture. Moreover, it improves on the result 
obtained from extrinsic refinement v ia l inear s ubdivision, which 
has minor directionally biased artifacts, slower convergence, or os-
cillating numerical instabilities around very non-Delaunay or small 
elements such as the tail and eyes. Our image-assisted colourization 
is also immediately applicable to reaction-diffusion patterns, allow-
ing us to colourize the mesh using a colour map extracted from the 
reference image.
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Figure 19: River-like terrain pattern generated from extrinsic
quantities within our intrinsic framework, demonstrated on the
Stanford bunny [TL94]. (a) Height map computed as the signed
distance between the original mesh and a volume-preserving
smoothed version, which is used to calculate local slope and
flatness maps. The slope map controls agent move rate, causing
steeper regions to produce faster, straighter rivers. The flatness
map controls turn rate, causing flatter regions to produce more me-
andering rivers. (b) Slime mold simulation seeded from the height
map with globally uniform bias weight to maintain flow direction.
The drainage distance map from geodesics-in-heat [CWW13] is
used to modulate height and sharpen elevation. (c) Final renders
showing the resulting river-like terrain patterns on the surface.

uum reformulation of the slime mold simulation, the use of intrin-
sic triangulations for robust surface representation, and a stochastic
chemical kinetics process that regulates agent turnover and ensures
uniform coverage of the simulation domain. Unlike deterministic
models, our method’s inherent stochasticity produces similar yet
visually distinct patterns between runs, even when using the same
parameters. These variations, as shown in Fig. 14, maintain the pat-
tern’s overall characteristics while providing visually rich alterna-
tives. Together, these elements allow pattern characteristics to re-
main stable across changes in mesh resolution, agent count, and
time-step size.

In contrast to prior approaches, such as the original formula-
tion by Jeff Jones [Jon10a; Jon10b] and the MoMaS surface ex-
tension [MMMR22], which rely on image-space or hybrid repre-
sentations, our framework operates fully in the intrinsic geometry
of the surface, enabling artifact-free pattern formation. Compared
to MoMaS, our approach avoids artifacts stemming from parame-
terization and geometric bias by working directly in the intrinsic
domain. While MoMaS utilized GPU acceleration to support agent
counts in the millions, our framework achieves comparable pattern
quality with significantly fewer agents and without GPU-specific
optimizations. As a result, our method not only replicates the types
of patterns produced by these earlier techniques, but also improves
upon them in the context of surface-based procedural texture syn-
thesis.

The use of intrinsic triangulations for surface simulations pro-
duces high-quality patterns, even on extremely low-quality or com-
plicated meshes where parameterization, projective, or extrinsic

Figure 20: Gray–Scott reaction-diffusion [GS84; GS83] giant
puffer fish example utilizing our intrinsic framework and image as-
sisted colourization. The Gray–Scott model is simulated on three
different versions of the mesh: (a) extrinsic mesh, (b) linearly sub-
divided extrinsic mesh, and (c) intrinsic triangulation. Extracting
the colour map from the reference image [Cha12] (d), we colourize
the mesh to produce the final result in (e).

methods are not viable. This applies not only to the slime mold
simulation (Fig. 4) but also to other simulation-based approaches
like reaction–diffusion (Fig. 20). A mesh is often created with a
specific use in mind (e.g., low-poly for games or to support ani-
mation), and altering its extrinsic geometry can interfere with the
intended use of the mesh. By using intrinsic representations, the
simulated pattern can be transferred to a texture map and applied
directly to the original extrinsic triangulation, allowing the mesh to
be reused in downstream tasks without modification.

A key limitation of prior Physarium slime mold simulations was
the lack of convergence across pattern classes. In those methods,
output patterns were often selected at a specific time that balanced
uniformity and structure, rather than emerging as a stable final state.
In contrast, our stochastic chemical kinetics process ensures steady-
state convergence by continually renewing agents, preserving uni-
form coverage without the need for manual tuning of simulation
duration. This behaviour is illustrated in Fig. 5, where varying the
mean particle lifetime controls the uniformity and global coverage.
By eliminating the need to target transient frames, our method re-
moves an important barrier to the use of slime mold simulations in
controllable surface texture synthesis.

Our controllability extensions to the slime mold simulation sub-
stantially expand the range and complexity of achievable patterns.
As demonstrated in the evaluation and results, these mechanisms
enable targeted authoring of specific pattern features, including
scale variation, structural transitions, directional biases, and more.
In many cases, the imposed constraints can be artificial, such as
the readable text formed in the signage example (Fig. 7), yet the
system respects these constraints while still producing coherent
patterns. Notably, the anisotropic effects produced by directional
biases unlock additional pattern classes for Physarum slime mold
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better match simulation outputs, and exploring automated estima-
tion of simulation parameters from reference images [SS23]. Im-
plementing or utilizing more expressive tools for designing intrin-
sic vector fields could also enhance control over anisotropic pattern
formation [HZ06; FMFG07; RLL*07; SSC19b]. Finally, extending
the framework to dynamic or growing surfaces [WFM01; QW12]
presents an open challenge, as maintaining valid intrinsic triangula-
tions under extrinsic deformation remains an unresolved problem.
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