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Fig. 1. Given a rough 3D sketch (left, note small gaps that are intended to be connected), our variational optimization reconstructs a 3D surface that aims to
capture designer intent (right). One of the core goals of this optimization is to smoothly interpolate principal curvatures guided by the input strokes (center).

3D sketches are an effective representation of a 3D shape, convenient to

create via modern Virtual or Augmented Reality (VR/AR) interfaces or from

2D sketches. For 3D sketches drawn by designers, human observers can

consistently imagine the surface they imply, yet reconstructing such a surface

with modern methods remains an open problem. Existing methods either

assume a clean, well-structured 3D curve network (while in reality most 3D

sketches are rough and unstructured), or make no effort to produce a surface

consistent with perceptual observations. We propose a novel method that

addresses this challenge by designing a system that reconstructs a surface

that better aligns with human perception from a clean or rough set of 3D

sketches. As the topology of the desired surface is unknown, we use an

implicit neural surface representation, parameterized via its gradient field.

As suggested by previous perception and modelling literature, human

observers tend to imagine the surface by interpreting some of the input

strokes as representative flow-lines, related to the lines of curvature, and

imagining the surface whose curvature agrees with those. Inspired by these

observations, we design a novel loss that finds the surface with the smoothest

principal curvature field aligned with the input strokes. Together with ap-

proximation and piecewise smoothness requirements, we formulate a varia-

tional optimization that performs robustly on a wide variety of 3D sketches.

We validate our algorithmic choices via a series of qualitative and quantia-

tive evaluations, and comparisons to ground truth surfaces and previous

methods.
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1 Introduction
Powered by modern virtual reality (VR) interfaces, 3D sketches are

fast to create, intuitive, and expressive. They can capture the essence

of a 3D shape, while allowing for more flexibility and requiring less

specialized training than standard surface modelling tools. By their

design, many 3D sketches are drawn to convey a unique surface to

human observers, yet reconstructing that surface is still an unsolved

challenge.

One kind of 3D sketch, a structured curve network, is a set of clean
3D curves neatly connected at junctions and intersections (e.g. ,
Fig. 2). This type has been the focus of much of the previous research.

A common approach to surfacing structured curve networks is to

rely on their precise connectivity and to decompose them into loops

[Abbasinejad et al. 2011; Zhuang et al. 2013]. Each loop can be

then fitted separately by a surface patch [Malraison 2012], possibly

enforcing smoothness with adjacent surface patches if necessary. For

such curve networks, previous work observed that the input curves

are dominated by representative flow lines, roughly related to lines

of curvature but allowing for artistic license [Bordegoni and Rizzi

2011; Gahan 2010]. Viewers then mentally complete the network

of given flow lines, smoothly interpolating the given strokes and

following the given principal curvatures [Bessmeltsev et al. 2012;

Iarussi et al. 2015; Pan et al. 2015]. Mimicking this perceptual process,

the previous work proposed surfacing each loop by minimizing a

specialized flow-alignment energy that aligns principal curvature

field of the surface with a smooth flow field — a pair of directions

and magnitudes per point — aligned with the input strokes [Pan

et al. 2015].
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Fig. 2. Compared to more traditional regularizations like surface smooth-
ness or surface area (producing minimal surfaces), our flow alignment energy
(right) follows the perceptual observations, making the surface agree be�er
with observer's expectations.

The majority of 3D sketches, however, are not clean and not struc-
tured; they contain overdrawing, imprecise junctions, and cannot
be easily decomposed into loops (Fig. 1, Fig. 11), making them inac-
cessible to those methods. While there are systems surfacing those
curve networks, for instance by simply converting them into point
clouds, they make no attempt to �nd perceptually valid surfaces.
Instead, they focus on particular, purely geometric desiderata like
(piecewise) smoothness, minimizing surface area, or developability
(Fig. 2). Thus, the problem of surfacing general 3D curve networks,
rough or clean, in a manner consistent with designer intent remains
an open challenge.

We address this challenge by introducing a novel system that
targets both clean and rough 3D sketches in a variational optimiza-
tion framework. The variational optimization allows our system
to be robust to the inaccuracies and inconsistencies in the input
sketch, while avoiding converting it into a point cloud that would
lose the tangent information. We represent the surface implicitly via
a gradient-domain neural network coupled with a high-resolution
Poisson equation solver via a Fast Fourier Transform. Using this rep-
resentation, we reformulate and reparameterize the �ow alignment
energy, which forms the core component of our system, regularizing
surfaces in a manner consistent with designer perception.

Our main technical contributions are:

� a reformulation and reparameterization of the �ow-alignment
energy to the implicit surface representation and

� a novel system for �ow-aligned surfacing of 3D sketches or
clean curve networks.

We validate our system on a series of 3D sketches and clean curve
networks. We demonstrate that compared to previous works, our
surfaces better match designer intent both qualitatively (via visual
inspection) and quantitatively (via common metrics).

2 Related Work

2.1 Surfacing 3D Sketches
Progress in surfacing 3D sketches parallels advances in sketching
interfaces. Early systems emphasized clean 3D curve networks with

explicit connectivity, created via sketch-based interfaces [Bae et al.
2008; Schmidt et al. 2009] or lifted from 2D strokes [Cordier et al.
2013; Xu et al. 2014]. VR/AR tools such as TiltBrush, GravitySketch,
and Quill [Google 2016; GravitySketch 2017; Smoothstep 2021] popu-
larized intuitive 3D sketching but typically yield rough, unstructured
curve clouds [Arisoy et al. 2012], due to the lack of hand support and
�ne motor control [Arora et al. 2017; Machuca et al. 2018]. Systems
like CASSIE [Yu et al. 2021] address this by consolidating sketches
in real time, at the cost of altering the natural sketching process.

Consequently, the methods of surfacing 3D sketches can be di-
vided into two groups: clean curve networks and rough sketches.
For the former, early works surface cycles independently [Abbasine-
jad et al. 2011; Orbay and Kara 2012; Sadri and Singh 2014; Zhuang
et al. 2013], extended by Rasoulzadeh et al. [2023] to imprecise
architectural sketches. More recent e�orts reconstruct perceptu-
ally valid, �ow-aligned surfaces [Bessmeltsev et al. 2012; Pan et al.
2015], which we explore in our work (Sec. 3). Most relevant, Pan
et al. [2015] initialize with minimal surfaces per cycle and deforms
them to align curvature with the induced �ow �eld. Inspired by
this, we adapt their energy to neural implicit surfaces, enabling
reconstruction from rough sketches without stroke connectivity.

Our focus is surfacing both clean and rough 3D sketches. A pi-
oneering work [Arisoy et al. 2012] reconstructs a surface via a
deformation of an initial sphere mesh to match a gradient vector
�eld estimated from the input sketch. Guided by similar intuition,
Sureshkumar et al. [2025] deform a surface via solving a series of
biharmonic surface interpolations. Exploring similar ideas, a recent
work [Yu et al. 2022] proposes a complementary approach to ours
that deforms a given mesh template, either created manually or via
point cloud reconstruction methods, to �t the 3D sketch, focusing
on creating sharp ridges. Our method can be used to produce this
initial template of a better quality than previous methods. We show
an example of applying their deformation method to our results in
Fig. 8.

The work of Stanko et al. [2016] reconstructs surfaces when
the normals are also known. Normals are usually non-trivial to
obtain. A related input modality, VR ribbons, uses the VR controller's
orientation to obtain normals. In general, drawing ribbons can be
physically challenging for the wrists, but this can be somewhat
alleviated given a convenient, albeit non-standard, VR interface
[Rosales et al. 2021]. We focus on a simpler and more popular input
modality, 3D sketches, which are composed of 3D strokes with no
known normals. Our system supports both structured `clean' 3D
curve networks and unstructured rough 3D sketches equally well
(Sec. 6).

2.2 Surfacing Point Clouds
One way to surface 3D sketches is to ignore the stroke information
and simply convert them into a point cloud by sampling the strokes.
Our method is inspired by the progress in this area despite lever-
aging the stroke information. A full survey of numerous works in
point cloud reconstruction is outside our scope, please see surveys
[Berger et al. 2017; Huang et al. 2024].

Learning�free Methods. Compared to typical point clouds, 3D
sketches are extremely sparse (Fig. 10). As discussed in Yu et al.
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