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 A B S T R A C T

In the 3D architectural design process, deformation analysis of a designed object is a fundamental step. 
However, such a step is usually inaccessible to designers in the early sketching phase, limiting designers’ ability 
to reason about the shape’s structural stability. To bridge this gap, we propose Strokes2Deform, an end-to-end 
learning-based model that enables deformation-aware 3D sketching, requiring neither (surface) reconstruction 
nor (physical) simulation. Our physics-informed neural network takes as input a 3D sketch stroke cloud and 
user-specified boundary conditions, and directly predicts the induced deformation field on the 3D stroke cloud. 
Key to our method is: (i) a synthetic dataset of 40K 3D sketch–deformation pairs of architectural thin-shell 
structures and their corresponding deformation fields derived from Finite Element (FE) analysis, (ii) the use 
of fVDB to encode 3D sketch stroke clouds and their per-point features into sparse voxel grids with attributes, 
and leveraging its differentiable splatting and sampling operators for bidirectional point–voxel mappings, 
(iii) a dual-head neural network architecture that decouples deformation field prediction into unit-length 
displacement vectors and scalar displacement magnitudes, and (iv) our physics-informed loss functions derived 
from thin-shell deformation principles. We validate our method through extensive experiments, demonstrating 
accurate deformation prediction across sketches of varying complexity and strong agreement with reference 
deformations derived from FE simulations.
1. Introduction

Drawing, whether physical or digital, has been a quintessential tool 
for visual communication for millennia. Beyond the established practice 
of drawing with pen and paper, i.e., 2D sketching, 3D pen-on-tablet 
devices and Virtual and Augmented Reality (VR/AR) environments are 
giving designers unprecedented freedom to draw directly in 3D [1]. 
The rapid advancement and growing availability of these 3D sketching 
interfaces across architectural and industrial design applications [2–
4] are driving a paradigm shift and prompting exploration in these 
domains [5].

In the natural workflows of such applications, sketching goes be-
yond serving as a medium for communicating design ideas and geo-
metric shapes and is often followed by digitization and, eventually, 
the realization of the digital model. This requires designers to man-
age requirements of very different, often contradictory, nature: create 
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appealing designs, use little material, and ensure the structure is sta-
ble [6]. As a result, designers are often forced into a cumbersome design 
workflow loop that begins with shaping an idea as a rough sketch, 
followed by creating the corresponding digital model and running phys-
ical simulations under various engineering constraints, whose feedback 
then informs revisions to the original sketch [7]. This workflow loop 
should be as short as possible and should not disrupt the creative 
feedback flow. In practice, however, the time spent on manual 3D 
modeling, simulation, and feedback communication impedes a seamless 
creative feedback flow.

Existing works on 3D sketch-based shape analysis introduce a range 
of new interaction techniques [4,8,9] and surface reconstruction meth-
ods for various input data types stemming from such interfaces, includ-
ing point clouds [10], stroke clouds [1,11–14], and curve networks [15,
16], whereas only a smaller body of related work considers physical 
properties of the design objects. These approaches typically focus on 2D 
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sketches [17,18] or rely on an intermediate surface reconstruction step 
in order to perform physical simulations such as deformation and struc-
tural analysis [19]. This has left physical analysis largely underexplored 
in the 3D sketching domain, limiting designers’ ability to reason about 
a shape’s physical properties and structural soundness within such in-
terfaces. However, facilitating an informed exploration with respect to 
downstream design assessments such as structural stability analysis—
where stability of a structure is traditionally expressed as the amount 
of deformation induced by particular boundary conditions [6]—during 
the early sketching phase can substantially reduce effort and time in 
the design pipelines by avoiding costly trial-and-error iterations [20].

Inspired by these challenges, we present Strokes2Deform, a physics-
informed neural network that enables deformation-aware 3D sketching 
requiring neither (surface) reconstruction nor explicit (physical) sim-
ulation. Specifically, we introduce an end-to-end model that takes as 
input a 3D sketch stroke cloud and user-specified boundary conditions, 
and directly predicts the induced deformation field on the 3D stroke 
cloud, reflecting the physical response of the underlying user-intended 
manifold surface. Our method is enabled by four key factors: (i) We 
construct a synthetic dataset of 40K sketch–deformation pairs from 
architectural thin-shell 3D sketches, where each sketch is paired with 
Finite Element (FE) simulation results mapped directly onto the sketch 
stroke points, (ii) We use 𝑓VDB [21] to encode sketch topology and 
per-point features into a sparse voxel grid and leverage its differen-
tiable splatting and sampling operations to map point-wise features 
to voxels and transfer the network’s voxel-wise predictions back onto 
the 3D stroke points, (iii) we design a dual-head network architecture 
with a shared backbone that decouples deformation prediction into 
unit-length displacement vectors and scalar displacement magnitudes, 
stabilizing training and enabling geometry-aware supervision, and (iv) 
we formulate loss functions based on thin-shell deformation principles, 
where stretching and bending energies are discretized and defined on 
the family of 3D strokes instead of parametrized surfaces.

Our method accepts inputs from a variety of sources, including 3D 
sketching interfaces [3,4,22], traditional modeling software [23,24], 
and various curve-tracing algorithms. Through extensive experiments, 
we show that our method accurately predicts deformation for sketches 
of varying complexity, closely matching reference deformations ob-
tained by projecting numerical FE simulation results onto the strokes. 
Our code and dataset are available at: https://gitlab.cg.tuwien.ac.at/
srasoulzadeh/strokes2deform.git.

2. Related work

Although our method does not require surface reconstruction and 
explicit physical simulation, it is closely inspired by prior work on
3D sketch-based modeling and data-driven physics-informed neural net-
works for deformation and structural analysis.

2.1. 3D sketch-based modeling

The advent of practical 3D sketching interfaces has motivated the 
development of algorithms for inputs originating from such interfaces, 
including curve networks, stroke clouds, and other geometric represen-
tations derived from 3D sketches, such as point clouds.
Surfacing curve networks. Numerous works focus on automatically sur-
facing sparse, designer-drawn sets of well-connected curves, also known 
as curve networks [15,25,26]. In general, surfacing curve networks 
is considered a two-step challenge. The first challenge is to discover 
which closed cycles in a curve network define valid surface patches, 
while the second challenge is to generate the patch geometries that 
interpolate the cycles’ boundary curves. As a consequence, several 
surfacing algorithms strongly rely on the connectivity of the curve 
network to identify closed cycles delimiting surface patches [25,27,28]. 
Once surface-defining cycles are identified, curve connectivity provides 
2 
strong geometric cues, enabling surface normal estimation at intersec-
tions to detect sharp features and flow-line curves, which are then 
propagated from boundary curves to reconstruct surface patches [26,
29–31].

Surfacing stroke clouds. In the computer graphics and vision commu-
nity, there has been a growing trend toward methods that reconstruct 
3D geometries from stroke clouds, i.e., raw, imperfect, and unstructured 
sets of 3D strokes [1,11,13,14,16,32,33]. As the topology of the desired 
shape is unknown given the rough, unstructured inputs, some methods 
approach the problem by formulating optimization techniques that en-
force approximation accuracy and piecewise smoothness [1,33], while 
other methods address the problem either by reconstructing a closed 
manifold surface from the exterior while interpolating a sparse set of 
disconnected strokes [13], or conversely, by progressively filling the 
interior via the generation and merging of Voronoi balls [14]. More re-
cently, emerging learning-based methods have approached the problem 
by recovering curve networks as an intermediate representation [16] or 
by directly reconstructing 3D shapes using end-to-end pipelines trained 
on large datasets of 3D shapes [12,34].
Surfacing point clouds. Methods for surface reconstruction from point 
clouds [35] can potentially be applied as-is to stroke polyline vertices or 
to a dense set of points sampled along strokes’ triangle strips. However, 
these methods have primarily been designed to process dense point 
clouds acquired via 3D scanning technology [36,37]. As a result, they 
may provide only coarse approximations for densely sketched inputs 
and often fail on sets of 3D sketches that contain only a very sparse, 
non-uniform sampling of the envisioned surface.

2.2. Deformation and structural analysis

Detecting structural weaknesses in 3D designs and models is a 
problem that has received considerable attention from the graphics 
community. One line of research attempts to integrate structural anal-
ysis/recommendation into the early sketching phase [17,18,20,38]. 
However, these methods only target 2D sketches of particular objects, 
such as building plans or trusses. Close to our work in spirit is [18], 
which introduces a data-driven generative model that enables users 
to perform stress prediction on desired 2D sketched objects by trans-
forming the problem into an image-to-image translation task. Other 
studies aim to support informed 3D design by providing structural 
feedback during the early stages of design; however, they rely on an 
intermediary reconstruction step from point sets or curve networks 
and on connections to Finite Element Analysis (FEA) software [19,39]. 
Another related work addresses the simplification of curve networks 
with respect to structural stability and material cost [6]. Their method 
assumes highly regular networks with a priori known connectivities 
and does not extend to rough sketches where such information is 
unavailable or ill-defined. In contrast, we target unstructured stroke 
clouds that are imprecise, exhibit over-sketching or gaps, and lack inter-
stroke connectivity while collectively depicting a surface. More related 
to this work are Physics-Informed Neural Networks (PINNs), which 
go beyond fitting observed data by incorporating physical constraints 
through loss functions or regularization terms [40–42].

3. Overview

In this work, we focus on deformation analysis for 3D-sketched 
thin-shell structures under user-specified boundary conditions placed 
at arbitrary locations. Extending physical simulation from well-defined 
3D geometries to 3D sketches is nontrivial, as imperfect and unstruc-
tured collections of 3D strokes provide an ill-posed representation of 
continuous surfaces. We address this challenge by marrying 3D stroke 
clouds with deformation fields defined on their stroke polyline vertices 
and devising an end-to-end learning-based model that trains on these 
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Fig. 1. Strokes2Deform Overview. The user sketches a sparse set of unoriented 3D strokes to depict the intended surface (a). The input to our model consists of 
the stroke cloud topology, together with per-point orthonormal frame components and user-specified boundary condition annotations (load and support points), 
encoded as per-point feature vectors (b, c). The model outputs deformation field on the 3D stroke cloud, providing immediate feedback that identifies structurally 
weak regions (d).
pairs to predict induced deformation fields without requiring recon-
struction and simulation (see Fig.  1). To this end, we first describe the 
core common characteristics of 3D architectural design sketches (see 
Section 4). Next, as 3D sketches lack sizable ground-truth datasets with 
corresponding surfaces or simulations, we collect a set of unique 3D 
sketches and devise a synthetic data generation pipeline that couples 
3D sketch stroke clouds with induced deformation fields (see Section 5). 
Finally, we propose a Physics-Informed Neural Network (PINN) that 
incorporates thin-shell deformation laws into the loss function and 
learns to predict deformation fields on 3D stroke clouds (see Section 6).

4. Input drawing characteristics

Strokes2Deform operates directly on 3D curves and requires no ad-
ditional input information, allowing it to accept inputs originating from 
a variety of sources, such as traditional modeling software (e.g., Blender 
and Rhino) and various curve tracing algorithms. However, the method 
is practically tailored to early-stage conceptual design, where 3D sketch 
strokes serve as the primary input representation [3,4,22].

Interaction in 3D sketching interfaces can take a variety of forms, 
including 3D pen-on-tablet sketching, where drawing surfaces (aka
proxy canvases) are used to project strokes into 3D, and freehand mid-
air drawing in immersive VR/AR environments, where a sketch pen 
becomes a magic wand allowing users to step into their creations for 
directly drawing in 3D. In architectural design use cases, recent studies 
reveal that users often draw different types of strokes to communicate 
their design ideas. Specifically, they often sketch the boundaries of 
the intended object to make the idea more concrete, and fill in the 
enclosed area using techniques such as hatching or scribbling to further 
solidify the concept [8,16] (see Fig.  2). From a design-computation 
perspective, this leads to dense 3D sketches that are visually expressive 
and readily perceived by viewers, yet remain non-trivial to process for 
further design analysis and communication.

Motivated by these observations, we design our method to oper-
ate directly on unstructured 3D sketches that naturally arise during 
the conceptual design phase, while handling different levels of stroke 
density and sparsity. In the remainder of this manuscript, we refer to 
this raw set of 3D stroke polylines forming the 3D sketch as a stroke 
cloud. Overall, we evaluate our method on 3D sketches created with 
Feather [3], a commercial 3D pen-on-tablet sketching interface that 
uses translucent 3D guide surfaces to project strokes from the drawing 
viewpoint in order to generate 3D curves.

5. Synthetic data generation pipeline

No existing dataset couples 3D sketch stroke clouds with deforma-
tion fields obtained from physical simulation. To address this gap, we 
collect a set of unique 3D sketches depicting architectural thin-shell 
structures (see Fig.  2) and devise a synthetic data generation pipeline 
(see Fig.  3) that establishes this coupling in three stages: (i) modeling, 
where we create a surface model according to each sketch and edit it 
3 
Fig. 2. Sample 3D sketches of architectural thin-shell structures created using 
Feather [3]. Input sketch: Raman Suliman.

into the desired shape, (ii) deformation analysis, where we perform FE-
based deformation analysis under 500 different boundary conditions 
on each surface model, and (iii) mapping, where we map both the 
input boundary conditions and the simulation-derived deformation 
fields from the surface models to the stroke clouds to form sketch–
deformation pairs. In total, this process yields 40K sketch–deformation 
pairs. In the following, we describe each stage in more detail.

5.1. Modeling

For each 3D sketch, we begin by applying Poisson reconstruc-
tion [37] to the stroke polyline vertices as-is to obtain an initial 
approximation of the underlying surface model. We then manually 
trim and refine the resulting mesh into the user-intended surface by 
correcting reconstruction artifacts and adjusting regions where the 
inferred shape deviates from the intended form. This is followed by 
adaptively resampling the surface mesh vertices to reduce the simula-
tion’s computational cost. Finally, we remesh the surface, constrained 
at the boundary curves, into a uniform triangulation that preserves 
salient geometric features, such as sharp edges, corners, ridges, and 
high-curvature regions, in preparation for the subsequent shell-based 
FE simulation.

5.2. Deformation analysis

The resulting models are then processed through an FEA pipeline 
based on a first-order linear formulation under the assumption of small 
deformations (see Fig.  4). In this setting, each surface mesh is modeled 
as an FE shell element [43], representing the medial surface of a thin 
shell, and is assigned the same linear-elastic material with identical 
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Fig. 3. Overview of the synthetic data generation pipeline for a single exem-
plar sketch under one boundary condition configuration. Overall, the process 
consists of three stages: (i) manually modeling each sketch  in our curated 
dataset into a surface model , (ii) performing deformation analysis under 
500 different boundary conditions over the surface model, and (iii) mapping 
the prior stage inputs and outputs to the sketch.

material parameters across all dataset samples, namely concrete. Un-
der these assumptions, each sketch’s corresponding surface model is 
prescribed 500 boundary condition configurations for analyzing its 
deformation behavior, with configurations differing in the selection of 
load and support points. In each FE simulation, a vertex is randomly 
selected as the load point, where a constant external force of magnitude 
10 kN is applied along the inward-pointing surface normal. Support 
points are selected from mesh vertices that lie below a prescribed height 
threshold relative to the sketch bounding box in order to mimic struc-
turally realistic placements. To maintain reasonable spacing between 
the support points, we cluster vertices by distance using a Gaussian 
Mixture Model (GMM) by randomly setting the number of components 
to 3–8, and sampling one vertex from each cluster as a support point. 
Each support point is assigned its six degrees of freedom (6 DoF), with 
translational degrees fixed and rotational degrees left free.

5.3. Mapping and feature extraction

To enable end-to-end learning of deformation fields on 3D stroke 
clouds, without relying on an intermediate surface reconstruction step 
at inference time, we transfer both the prescribed boundary conditions 
and the resulting deformation fields from the surface mesh vertices to 
the stroke polyline vertices. To this end, we spatially align each 3D 
stroke cloud with its corresponding surface model and construct an 
input–output pair of vectors for each stroke vertex containing informa-
tion transferred from nearby surface mesh vertices: an input feature 
vector encoding boundary condition annotations, namely whether a 
vertex is a load point or a support point, and a corresponding target 
deformation vector obtained from simulation. We additionally extract 
local orthonormal frame coefficients that characterize the stroke ge-
ometry and append them to the previously defined per-vertex input 
feature vector that encodes annotations. This process yields a large-
scale dataset of 3D sketch stroke cloud topologies and per-vertex in-
put feature vectors, coupled with corresponding ground-truth output 
deformation vectors. In the following, we describe this process in detail.
4 
Fig. 4. Distribution of maximum displacement values in the dataset, normal-
ized by the structural span and grouped into five ranges, for a subset of 20 
sketches. Each colored line denotes the distribution over 500 deformation 
instances for one sketch, and the dark line shows the mean across sketches. 
Displacements above 10% of the structural span indicate cases where the 
small-displacement assumption breaks down, while values above 100% indi-
cate physically implausible responses. ∗Structural span is defined as the longest 
edge of the 3D sketch’s axis-aligned bounding box.

Input boundary conditions. Load and sup-
port annotations are originally defined 
on the vertices of the reconstructed sur-
face meshes used for simulation.
We transfer these annota-
tions to the sketch stroke 
vertices via a one-to-one 
nearest-neighbor mapping 
(𝑘 = 1), assigning each 
sketch vertex the label 
of its closest surface-mesh 
vertex (see inset). We de-
fine a 2-dimensional bi-
nary feature vector for 
each sketch stroke vertex, 
whose first entry encodes 
load information and second entry encodes support information. Con-
cretely, for a stroke vertex 𝑝, we set 𝑥1𝑝 = 1 if it is the nearest neighbor 
of a load point and 𝑥2𝑝 = 1 if it is the nearest neighbor of a support 
point; otherwise, the corresponding entries are set to 0. This yields a 
per-vertex 2-dimensional feature vector 𝐱BC𝑝 = (𝑥1𝑝, 𝑥

2
𝑝) ∈ {0, 1}2.

Input orthonormal frame coefficients. The 
deformation field can be decomposed 
into a linear combination of a local 
orthonormal basis at each point (see in-
set).
Therefore, the local or-
thonormal basis can serve 
as a powerful geometry-
aware inductive bias that 
can be fed as input to 
regress the deformation 
vector at each point. To 
this end, given each stroke 
as an ordered sequence of 
vertices, we define at each 
point 𝑝 an orthonormal 
frame (𝐭𝑝,𝐧𝑝,𝐛𝑝) ∈ R3×3

consisting of the unit tangent vector 𝐭, estimated from consecutive 
stroke vertices positions; the surface normal 𝐧 of the underlying canvas 
geometry, automatically derived using KNN-based PCA normal esti-
mation; and the tangent normal 𝐛 = 𝐭 × 𝐧. We then concatenate the 
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components of the three frame vectors, namely 𝐭𝑝, 𝐧𝑝, and 𝐛𝑝, yielding 
a 9-dimensional per-vertex feature vector 𝐱Basis𝑝 = (𝐭𝑝,𝐧𝑝,𝐛𝑝) ∈ R9.

Output deformation field. Given the
physical simulation results, we obtain 
deformation vectors at stroke polyline 
vertices by interpolating the simulated 
displacements from neighboring mesh 
vertices (see inset).
Specifically, for each stroke 
polyline vertex 𝑝, we com-
pute its deformation vector 
𝐝𝑝 using Inverse-Distance 
Weighting (IDW) over its 
𝑘 = 4 nearest mesh 
vertices:

𝐝𝑝 =
∑

𝐩∈𝑘(𝐩) 𝑤𝑝𝐝𝑝
∑

𝐩∈𝑘(𝐩) 𝑤𝑝
,

where 𝑘(𝐩) denotes the 
set of the 𝑘 nearest mesh 
 vertices to 𝑝, 𝑤𝑝 = 1∕(‖𝑝 − 𝑝‖ + 𝜖), and 𝜖 is a small constant for 
numerical stability. This process yields per-vertex ground-truth output 
3D deformation vectors 𝐝𝑝.

6. Method

To enable learning from the inherently irregular and unstructured 
nature of 3D sketches, we encode both the sketch topology and its per-
vertex vectors using the 𝑓VDB sparse voxel data structure [21]. This 
representation provides a structured, efficient encoding that compactly 
captures the spatial occupancy of the stroke cloud and its associated 
attributes, making it well-suited for processing within neural network 
architectures and their constituent layers. In particular, it enables the 
use of 𝑓VDB’s sparse convolutional operators, which operate on locally 
densified voxel neighborhoods without incurring the cubic scaling and 
memory overhead of dense 3D tensors. Moreover, 𝑓VDB supports dif-
ferentiable feature splatting and sampling between points and voxels, 
allowing direct supervision on the attributes defined on stroke vertices.

6.1. 3D sparse voxel grid representation

We denote a stroke cloud as a set of stroke polylines  = {𝑖}𝑀𝑖=1, 
where each stroke polyline 𝑖 = {𝑝𝑖,𝑗}

𝑁𝑖
𝑗=1 ⊂ R3 is an ordered sequence 

of vertices in 3D, and 𝑀 and 𝑁𝑖 denote the total number of strokes and 
the number of points in the 𝑖-th stroke, respectively. The union of all 
polyline points forms the stroke point cloud  =

⋃𝑀
𝑖=1 𝑖 = {𝑝𝑖,𝑗}

𝑁𝑖
𝑗=1 ⊂

R3.
By design, 𝑓VDB compactly encodes spatial topology and numerical 

features in an intertwined tree structure. We leverage this represen-
tation to construct a sparse voxel grid from the 3D stroke cloud and 
associate each stroke vertex with an 11-dimensional input feature vec-
tor 𝐱𝑝 = (𝐱BC𝑝 , 𝐱Basis𝑝 ), formed by concatenating its boundary condition 
features and flattened orthonormal-frame components. We also asso-
ciate each vertex with a target 3D deformation vector 𝐝𝑝 as the output. 
Overall, this yields pairs ( ,), where  = ( , {𝐱𝑝}𝑝∈ ) contains the 
stroke cloud topology with its input per-vertex features, and the output 
 = {𝐝𝑝}𝑝∈  contains per-vertex deformation vectors.

Training is enabled by 𝑓VDB’s differentiable splatting and sampling 
operators, which allow information to flow between points in the 
3D stroke cloud and voxels in the sparse grid. Concretely, during 
training, per-point input features and target deformation vectors are 
splatted onto the sparse voxel grid via trilinear interpolation, aggre-
gating point-wise attributes into voxel-wise feature tensors. Conversely, 
the network’s per-voxel output predictions are recovered at the original 
sketch points via trilinear sampling, enabling the loss function to be 
defined directly on the stroke vertices rather than on voxels.
5 
6.2. Network architecture and physics-informed losses

Our network builds upon a Res-UNet architecture and extends it 
to a 3D Sparse Res-UNet with a decoupled dual-head output layer 
that stabilizes training and enables geometry-aware supervision. Specif-
ically, we employ a 3D Sparse Res-UNet with four downsampling and 
four upsampling stages, each composed of stacked residual blocks and 
connected via skip connections. Standard dense 3D convolutional layers 
are replaced with sparse counterparts to operate efficiently on the 
sparse voxel representation. In addition, we decompose each deforma-
tion vector 𝐝𝑝 into a unit-length displacement vector 𝐞𝑝 = 𝐝𝑝∕‖𝐝𝑝‖
and a scalar displacement magnitude ‖𝐝𝑝‖. Accordingly, we adopt 
a dual-head architecture with a shared backbone where one head 
regresses the angular unit-length displacement vectors 𝐞𝑝, while the 
other regresses the log-scaled displacement magnitudes log2(‖𝐝𝑝‖ + 𝜖)
(see Fig.  5). During training, we further exploit the physical decompo-
sition of the unit-length displacement vectors into in-plane (stretching) 
and out-of-plane (bending) components under the small-deformation 
assumption [44,45], and introduce physics-guided regularization terms. 
During inference, the predicted unit-length vectors are combined with 
the predicted scalar magnitudes and subsequently mapped back to the 
original scale via the inverse transformation exp2(⋅) to construct the full 
deformation vectors.
Angular loss. Stretching deformation of a shell element is caused by 
local 𝑥 and 𝑦 (i.e., in-plane) translations of its nodes (see Fig.  6(a)), 
whereas its bending deformation is caused by local z translations 
(i.e., out-of-plane) and local 𝑥 and 𝑦 rotations of its nodes (see Fig. 
6(b)). In order to measure the angular difference between the pre-
dicted and ground-truth displacement vectors, we leverage the per-
point orthonormal frames and devise an angular loss consisting of two 
complementary terms, namely a sign-invariant tangential alignment 
loss ang,𝑡 and a sign-aware normal alignment loss ang,𝑛.

Let 𝐞̂𝑝 and 𝐞𝑝 denote the predicted and ground-truth unit-length 
displacement vectors at point 𝑝, respectively, and let (𝐭𝑝,𝐧𝑝,𝐛𝑝) denote 
its associated local orthonormal frame components. We define the 
angular loss as the combination of the following two terms: 

ang,𝑡 =
∑

𝑝
𝑚𝑝

(

1 − |𝐞̂∥𝑝 ⋅ 𝐞
∥
𝑝|
)

, (1)

ang,𝑛 =
∑

𝑝
𝑚𝑝 |𝐞̂𝑝 ⋅ 𝐧𝑝 − 𝐞𝑝 ⋅ 𝐧𝑝|, (2)

where 𝐞̂∥𝑝 = (𝐞̂𝑝 − (𝐞̂𝑝 ⋅ 𝐧𝑝)𝐧𝑝)∕
‖

‖

‖

𝐞̂𝑝 − (𝐞̂𝑝 ⋅ 𝐧𝑝)𝐧𝑝
‖

‖

‖

 denotes the normalized 
projection of the predicted displacement vector onto the local tangent 
plane spanned by (𝐭𝑝,𝐛𝑝). The projected ground-truth vector 𝐞∥𝑝 is de-
fined analogously. Moreover, 𝑚𝑝 = I(‖𝐝𝑝‖ > 𝜏) is a binary mask that 
suppresses points with negligible displacement magnitudes, where 𝜏 is 
set adaptively to the 10% quantile of displacement magnitudes.
Magnitude loss. For the displacement magnitudes, we define our re-
gression loss as the Mean Squared Error (MSE) between predicted and 
ground-truth displacement magnitudes at each stroke vertex. Formally, 
the magnitude loss is given by 

mag =
1
||

∑

𝑝∈

(

log2
(

‖𝐝̂𝑝‖ + 𝜖
)

− log2
(

‖𝐝𝑝‖ + 𝜖
)

)2
. (3)

Physics-guided regularization. A 3D stroke cloud can be considered as a 
family of curves lying on an ambient user-intended surface. Denoting 
the aforementioned surface as 𝜎(𝑢, 𝑣), deformation can be viewed as 
bending and stretching 𝜎(𝑢, 𝑣) into a new surface 𝜎′(𝑢, 𝑣) whose geo-
metric properties may differ from those of the original surface. These 
differences are encoded in their fundamental forms. When studying or 
applying the deformation concept, it is convenient to consider the asso-
ciated displacement vectors 𝐝(𝑢, 𝑣) ∶= 𝜎′(𝑢, 𝑣)−𝜎(𝑢, 𝑣) along 𝜎(𝑢, 𝑣). This 
is due to the fact that the differential geometric analysis of deformations 
is naturally phrased in terms of such vector fields and a broad set of 
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Fig. 5. Strokes2Deform’s Network Architecture Overview. Input sketch stroke clouds, together with their 11-dimensional per-point features, are encoded into 
a sparse voxel grid and processed by a four-level encoder–decoder with residual blocks and skip connections. All operations are performed using sparse 3D 
convolutions. A shared backbone branches into two output heads that separately predict unit-length displacement vectors and scalar displacement magnitudes, 
which are recombined during inference to recover the full deformation field on the input sketch.
 
(a) 

  
(b) 

 

Fig. 6. The two modes of deformation: (a) stretching (in-plane) and (b) 
bending (out-of-plane), visualized on 3D strokes (shown in black) representing 
an underlying surface (shown in gray). Stretching and bending deformations 
of a shell element are caused by local 𝑥 and 𝑦 (i.e., in-plane) and by local z 
(i.e., out-of-plane) translations, respectively.

standard tools is available in this setting. Therefore, by resorting to one 
of these tools proposed by [46], we obtain the following thin-shell energy
formulation:

𝐸(𝐝) = ∬𝛺
𝑘𝑠

(

‖

‖

𝐝𝑢‖‖
2 + ‖

‖

𝐝𝑣‖‖
2
)

+𝑘𝑏
(

‖

‖

𝐝𝑢𝑢‖‖
2 + 2 ‖

‖

𝐝𝑢𝑣‖‖
2 + ‖

‖

𝐝𝑣𝑣‖‖
2
)

𝑑𝑢 𝑑𝑣, (4)

where 𝑘𝑠 and 𝑘𝑏 are material-dependent stiffness parameters that con-
trol resistance to stretching and bending, respectively.

In our setting, however, the sketch samples are organized as vertices
along each curve, not as a 2D grid on the surface. Accordingly, we inter-
pret 𝑣 as the parameter that runs along a curve, and 𝑢 as the parameter 
that indexes (switches between) different curves in the family. Since 
there are only finitely many curves in the family, we replace 𝑢 with the 
discrete index 𝑖 and simplify Eq.  (4) to 

𝐸(𝐝) =
∑

𝑖 ∫𝐼𝑖
𝑘𝑠 ‖‖𝐝𝑣‖‖

2 + 𝑘𝑏 ‖‖𝐝𝑣𝑣‖‖
2 𝑑𝑣, (5)

In order to employ Eq.  (5) in practice, one needs a discrete analogue 
of it. Following this interpretation, let 𝐝𝑖,𝑗 be the displacement vector 
at the vertex 𝑗 of the 𝑖-th curve. Writing 𝐝𝑣(𝑢, 𝑣) ≈ 𝐝𝑖,𝑗+1 − 𝐝𝑖,𝑗 and 
𝐝𝑣𝑣(𝑢, 𝑣) ≈ 𝐝𝑖,𝑗+1 − 2𝐝𝑖,𝑗 + 𝐝𝑖,𝑗−1 in Eq.  (5), gives

𝐸(𝐝) = 𝑘𝑠
𝑀
∑

𝑖=1

𝑁𝑖−1
∑

𝑗=1

‖

‖

‖

𝐝𝑖,𝑗+1 − 𝐝𝑖,𝑗
‖

‖

‖

2

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

+

𝑠

6 
𝑘𝑏
𝑀
∑

𝑖=1

𝑁𝑖−1
∑

𝑗=2

‖

‖

‖

𝐝𝑖,𝑗+1 − 2𝐝𝑖,𝑗 + 𝐝𝑖,𝑗−1
‖

‖

‖

2

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝑏

, (6)

where the index 𝑗 traverses the vertices of each sketch curve, while 
the index 𝑖 enumerates the curves in the family. The integers 𝑀 and 
𝑁𝑖 denote the total number of strokes in a sketch and the number 
of points in the 𝑖-th stroke, respectively. The norm of the first-order 
finite difference 𝑠 approximates the change of the displacement field 
along a stroke and penalizes in-plane stretching, while the norm of the 
second-order finite difference 𝑏 approximates the curvature variation 
and penalizes out-of-plane bending. We leverage this formulation to de-
fine physics-informed regularization terms that discretely approximate 
thin-shell stretching and bending energies on sketch stroke clouds.

Therefore, in light of Eqs. (1), (2), (3), and (6), we propose the 
following objective function: 
 = 𝜆ang(ang,𝑛 + ang,𝑡) + 𝜆magmag + 𝜆𝑠𝑠 + 𝜆𝑏𝑏. (7)

6.3. Implementation details

We implement Strokes2Deform using the 𝑓VDB framework built 
on top of PyTorch, and train and evaluate our model on a machine 
equipped with an NVIDIA A100 GPU, using a batch size of 16. We use 
Adam [47] with a learning rate of 2×10−4. We normalize each sketch to 
the unit cube and construct a sparse voxel grid from the stroke polyline 
vertices as-is, using a voxel size of 0.05. To improve robustness to 
varying stroke densities and reduce overfitting, we randomly subsample 
between 70% and 85% of the strokes per sketch during training. 
While some sketching interfaces provide surface normals derived from 
proxy geometries, we assume normals are unavailable and estimate 
them using PCA-based normal estimation. Alternatively, normals can 
be derived using methods such as [48], although this may be compu-
tationally expensive in interactive settings. Since our synthetic data is 
generated for a single material, namely concrete, we fix the stiffness 
parameters 𝑘𝑠 and 𝑘𝑏 during training runs.

6.4. Training details and ablations

We train and evaluate our model on a curated dataset of 40K sketch–
deformation pairs. The dataset contains a set of unique sketches, each 
coupled with 500 deformation instances obtained from FE simulations 
and mapped to its constituent stroke vertices. Based on this dataset, 
we train and test our model under two complementary split strategies: 
one evaluates generalization to out-of-distribution sketch instances, 
referred to as Topology Split, and the other tests generalization to out-
of-distribution boundary conditions, referred to as Boundary-Condition 
Split. In both cases, we use an 8:1:1 train/validation/test split ratio:



S. Rasoulzadeh et al. Computers & Graphics 138 (2026) 104629 
Table 1
Ablation of the stretching and bending regularization weights 𝜆𝑠 and 𝜆𝑏. MAE measures the average displacement-magnitude error, EMD captures the distributional 
discrepancy between predicted and reference displacement magnitudes, and COS measures the average angular deviation of predicted displacement vectors from 
the FE-based reference results mapped to strokes.
 Variant Weights (𝜆ang , 𝜆mag , 𝜆s , 𝜆b) Topology Split Boundary-Condition Split
 MAE EMD COS MAE EMD COS  
 w/o physics (100, 10, 0, 0) 0.0402 0.0381 0.1076 0.0258 0.0227 0.0766  
 w/ stretching only (100, 10, 10, 0) 0.0381 𝟎.𝟎𝟑𝟓𝟖 0.1158 0.0241 0.0209 0.0634  
 w/ bending only (100, 10, 0, 10−5) 0.0392 0.0366 0.1097 𝟎.𝟎𝟐𝟐𝟗 𝟎.𝟎𝟏𝟗𝟔 0.0672  
 w/ stretching and bending (100, 10, 10, 10−5) 𝟎.𝟎𝟑𝟕𝟕 0.0361 𝟎.𝟎𝟗𝟖𝟕 0.0272 0.0242 𝟎.𝟎𝟓𝟖𝟎  
• Topology Split. We split the dataset at the sketch level: 80% of 
the sketches, together with all their corresponding deformation 
instances, are used for training, 10% for validation, and 10% for 
testing. This setting evaluates generalization to out-of-distribution 
sketch topologies and, naturally, to unseen boundary conditions 
defined on those unseen sketches.

• Boundary-Condition Split. We split the dataset at the deforma-
tion level: for each sketch instance, 80% of its deformation in-
stances are used for training, 10% for validation, and 10% for test-
ing. In this setting, the model observes every sketch during train-
ing, but only under a subset of boundary condition configurations. 
This setting evaluates generalization to previously seen sketch 
geometries under unseen boundary condition configurations.

Given these split settings, we ablate the role of the physics-guided 
regularization by comparing four loss weighting variants defined by 
the stretching and bending weights 𝜆𝑠 and 𝜆𝑏: without physics (𝜆𝑠 = 0, 
𝜆𝑏 = 0), with stretching only (𝜆𝑠 = 10, 𝜆𝑏 = 0), with bending only
(𝜆𝑠 = 0, 𝜆𝑏 = 10−5), and with stretching and bending (𝜆𝑠 = 10, 𝜆𝑏 =
10−5). This allows us to analyze the individual contributions of the two 
regularization terms, as well as their combined effect.

We adopt three metrics to evaluate performance of our model 
against the ground-truth deformation fields obtained from the finite 
element method and mapped onto the stroke vertices. We use cosine 
distance (COS) for measuring the angular deviation between predicted 
and ground-truth unit-length displacement vectors, and we report Mean 
Absolute Error (MAE) and Earth Mover’s Distance (EMD) to measure 
the deviation between predicted and ground-truth scalar displacement 
magnitudes. The ground-truth deformation fields obtained from FE sim-
ulations are originally defined on the surface mesh vertices. However, 
since the stroke cloud and its corresponding surface model differ in 
both the number and positions of their vertices, we use the corre-
sponding deformation vectors mapped onto the stroke cloud vertices 
for evaluations. Therefore, the reported values essentially reflect how 
closely our predictions align with the FE-derived reference results. Our 
results show nearly similar prediction performance under both split 
settings, indicating that our method generalizes to out-of-distribution 
sketches as well as unseen boundary configurations. Moreover, the 
similar trends observed in the presence of the physics-guided stretching 
and bending regularization highlight their role in predicting physically 
more accurate and coherent predictions in alignment with real FE 
simulations, as reflected by the improvements in the reported error 
metrics across both splits (see Table  1). Based on the ablations, we set 
𝜆ang = 100, 𝜆mag = 10, 𝜆𝑠 = 10, and 𝜆𝑏 = 10−5 for the best results.

7. Results and validation

In this section, we evaluate the performance of Strokes2Deform
both qualitatively and quantitatively. Specifically, we present results 
on a diverse set of 3D sketches of architectural thin-shell structures 
spanning a range of scales and stroke complexities (see Fig.  7). We also 
report the model’s runtime and assess its robustness to sketches with 
different stroke density/sparsity ratios (see Table  2). The qualitative 
results further support the quantitative evaluation reported in Table  1, 
demonstrating the fidelity of our predictions against numerically solved 
FE simulations. Moreover, the model demonstrates strong robustness 
to stroke sparsity: retaining only 70–85% of the input strokes results in 
negligible accuracy degradation while reducing inference time.
7 
7.1. Comparison to reconstruction-and-simulation

Our primary objective is to bypass the conventional reconstruction-
and-simulation pipeline by predicting deformation directly onto
sketched 3D strokes. For comparison, we process the same 3D stroke 
clouds using a state-of-the-art stroke cloud surfacing method [1] to re-
construct a piecewise-smooth surface mesh, followed by finite element 
analysis on the reconstructed geometry (see Fig.  8). As the comparisons 
show, surface reconstruction approaches such as [1] typically rely 
on the presence of boundary strokes; missing or ambiguously drawn 
boundaries can lead to poor reconstructions that propagate errors 
into subsequent simulations, whereas our method avoids expensive 
reconstruction and simulation operations, and results in faster runtime 
performance while enabling intuitive refinement through deformation 
visualization directly on the sketched strokes.

7.2. Single- versus multiple-load case

In elasticity, the Principle of Superposition states that ‘‘the total dis-
placement, stress, or strain at any point in a structure due to multiple 
loads is the sum of the effects caused by each load acting individually’’. 
These linear-elastic and small-deformation assumptions hold in our 
setting. We therefore handle multi-load cases by running the network 
independently for each load while keeping the support points fixed, 
yielding one deformation vector per load. We then obtain the final 
response by vector addition of the predicted vectors at each stroke 
polyline vertex (see Figs.  9 and 10). Note that in our experiments, the 
number of support points ranges from 3 to 8, however, the model is 
shown to be able to handle an arbitrary number of supports at inference 
time, thanks to the learned effect of supports during training.

7.3. Deformation interpolation

Beyond simple colorings of displacement magnitudes on the stroke 
cloud, a key advantage of predicting the full deformation field is that it 
naturally enables intuitive animation and visualization of the structural 
response directly in the sketch domain (see Supplementary Material 
for the demo video). Given the predicted unit-length displacement 
vectors and magnitudes at individual vertices, we reconstruct the full 
deformation vector at each stroke vertex and then linearly interpolate 
vertex positions between the undeformed and deformed states. This 
produces a smooth deformation sequence that visually communicates 
the sketch’s structural behavior (see Fig.  11).

8. Conclusion

We presented Strokes2Deform, a physics-informed end-to-end
model that predicts deformation fields directly on sparse 3D stroke 
clouds under user-specified load and support conditions, eliminating 
the need for surface reconstruction and explicit simulation during early-
stage sketching. Our approach is enabled by (i) a large-scale synthetic 
dataset of sketch–deformation pairs, (ii) an 𝑓VDB-based sparse voxel 
representation with differentiable point–voxel splatting and sampling 
operations, (iii) a dual-head architecture that decouples angular and 
magnitude regression of deformation vectors, and (iv) physics-guided 
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Fig. 7. Qualitative results showcasing predicted and ground-truth displacement magnitudes and vectors, and reference FE simulations on the underlying surface 
mesh. Close-ups highlight the alignment of predicted and ground-truth unit-length displacement vectors.
Table 2
Accuracy-runtime trade-off across different stroke sampling ratios for the sketches shown in Fig.  7. Runtime (s) is computed as the full inference time. This 
includes all steps required to produce the final prediction: computing per-vertex features, splatting these features onto the voxel grid, the network forward pass, 
and sampling the predicted deformation field back onto the stroke polyline vertices.
 ID Scalea Strokes Stroke sampling ratio
 1.00 0.85 0.70

MAE COS Runtime MAE COS Runtime MAE COS Runtime 
17 27.95 765 0.0229 0.0482 2.18 0.0214 0.0402 1.94 0.0243 0.0595 1.73  
18 10.27 1060 0.0042 0.1412 1.70 0.0056 0.1387 1.12 0.0059 0.1483 1.06  
35 40.87 2327 0.0388 0.0875 2.50 0.0387 0.0896 2.12 0.0559 0.0957 1.89  
64 41.28 872 0.1333 0.0036 1.44 0.1394 0.0034 1.28 0.2355 0.0096 1.01  
66 18.67 443 0.0123 0.0787 1.70 0.0176 0.1544 1.66 0.0190 0.1405 1.37  
 Scale (m) is computed as the diameter of the sketch’s axis-aligned bounding box.
ig. 8. Comparison to Reconstruction-and-Simulation. For 𝑆19, our predicted maximum displacement (0.24) closely matches the ground truth (0.26), while 
he reconstruction-based pipeline [1] predicts a maximum displacement of (> 10) due to poor reconstruction. Similarly, for 𝑆23, our prediction (0.20) remains 
lose to the ground truth (0.19), whereas the reconstruction-based approach overestimates the maximum deformation magnitude (0.28).
8 
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Fig. 9. Single-Load Case example interaction experiment. Given a single user-
specified load point, this experiment can be understood as querying how 
Strokes2Deform responds to the number and locations of different support 
points. The designer first annotates three support points (top row) and then 
adds a fourth support point to obtain updated deformation results (bottom 
row).

Fig. 10. Multi-Load Case example interaction illustrating the application of 
Superposition Principle. Although Strokes2Deform is trained on single-load 
cases, it generalizes to multiple load scenarios. The predicted deformation for 
a single load point (top row) is compared to the response under two (or more) 
simultaneously applied loads (bottom row).

regularization loss terms inspired by stretching and bending energies 
defined on 3D stroke polylines. Strokes2Deform is compatible with 
sketches originating from a variety of input sources as it operates 
directly on raw 3D curves and strokes. Our experiments demonstrate 
accurate and robust deformation prediction across a diverse set of 
sketches, fast runtime, and generalization across unseen 3D sketch 
topologies and boundary condition configurations.

Limitations and future work. Our method currently assumes fixed load 
magnitudes, material properties, and thickness across the user-intended 
surface. Future work could extend the framework to a broader range 
of materials, for example by introducing an additional network branch 
that learns material-specific behavior and propagates this informa-
tion through the network layers, as well as by incorporating richer 
boundary conditions. Finally, a natural extension of our model is 
physics-informed stress prediction and, building on that, learning-based 
topology optimization driven by predicted deformations and stresses to 
9 
Fig. 11. Deformation Interpolation experiment. Given a 3D sketch and 
user-specified boundary conditions (gray strokes, top), we can compute and 
visualize the deformed state of the stroke cloud by leveraging the predicted 
per-vertex deformation vectors (yellow strokes, bottom).

guide designers by suggesting additional strokes that promote aesthet-
ically coherent yet structurally plausible solutions.
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