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Figure 1: We present a method to explore variations among a given set of input shapes (denoted by black Voronoi centers on
the left) using a two-dimensional exploration space. This exploration space smoothly and naturally interpolates between the
input shapes by constructing a mapping to a sub-space of a pre-trained generator’s latent space that optimizes the smoothness
of interpolations along any trajectory. Additionally, we transfer the variation over these interpolation trajectories onto the
original high-quality meshes, avoiding loss of detail from the unstructured generator output.

ABSTRACT
Exploring variations of 3D shapes is a time-consuming process
in traditional 3D modeling tools. Deep generative models of 3D
shapes often feature continuous latent spaces that can, in principle,
be used to explore potential variations starting from a set of input
shapes; in practice, doing so can be problematic—latent spaces are
high dimensional and hard to visualize, contain shapes that are
not relevant to the input shapes, and linear paths through them
often lead to sub-optimal shape transitions. Furthermore, one would
ideally be able to explore variations in the original high-quality
meshes used to train the generative model, not its lower-quality
output geometry. In this paper, we present a method to explore
variations among a given set of landmark shapes by constructing
a mapping from an easily-navigable 2D exploration space to a
subspace of a pre-trained generative model. We first describe how
to find a mapping that spans the set of input landmark shapes

and exhibits smooth variations between them. We then show how
to turn the variations in this subspace into deformation fields, to
transfer those variations to high-quality meshes for the landmark
shapes. Our results show that our method can produce visually-
pleasing and easily-navigable 2D exploration spaces for several
different shape categories, especially as compared to prior work on
learning deformation spaces for 3D shapes.
https://github.com/ArmanMaesumi/generative-mesh-subspaces
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1 INTRODUCTION
When designing a 3D shape, artists, designers, or engineers may
want to explore variations of initial designs, to �nd shapes with bet-
ter aesthetics or functional properties. In traditional 3D modelling
tools, this exploration is time-consuming, as each variation needs to
created manually. Data-driven generative models have introduced
revolutionary new capabilities to the practice of 3D shape design
and exploration. This trend began over a decade ago with meth-
ods for generating 3D shapes by recombining parts from existing
shapes [Chaudhuri et al. 2013, 2011; Kalogerakis et al. 2012]. With
the emergence of deep learning, the movement has shifted to deep
generative models [Achlioptas et al. 2017; Chen and Zhang 2019a;
Li et al. 2021; Wu et al. 2016; Yang et al. 2019; Zheng et al. 2022].
These latter methods are particularly transformative: in addition to
synthesizing new shapes, these models often featurelatent spaces
that allow navigation through a continuous manifold of shapes.

In principle, these latent spaces are useful to explore variations
of initial designs. However, latent spaces have some limitations
when used for this purpose: First, latent spaces contain the full
distribution of shapes that the generative model was trained on, but
we want to focus on variations among a small set of initial shapes of
interest. Second, while individual points in the latent space typically
correspond to plausible shapes, following a linear path between
two such points typically does not produce the most natural transi-
tion between the shapes they represent�often, extraneous shape
variations and/or noise occur along the way. Third, these latent
spaces are typically high dimensional (e.g.R128or higher), making
them hard to visualize and interact with. Such spaces may be ac-
ceptable for goal-directed interpolation between two shapes, but
they remain di�cult to use for open-ended, interactive exploration.
Finally, the best state-of-the-art generative models output point
clouds or implicit �elds [Li et al. 2021; Zheng et al. 2022] to han-
dle the challenge of modeling shape distributions with varying
topologies, yet many downstream graphics applications demand
mesh representations. While point clouds and implicit �elds can
be meshed, the resulting meshes are not as high-quality as those
designed by expert artists.

In this paper, we propose a new method for exploring continu-
ous variations among a set of givenlandmarkmeshes, along with
discrete transitions between them. Rather than trying to explore the
full latent space of a pre-trained generative model, or �nding an em-
bedding that preserves latent space distances, we extract a smaller
shape space that smoothly spans the landmark. This reduced space
is used as a prior for downstream tasks (i.e. shape deformation).

Our method consists of two main components. First, we develop
a technique to construct a mapping from an easily-navigableexplo-
ration spaceto a subspace of a pre-trained shape generative model.
Given a set of landmark shapes (which may be from the generative
model's training set, or another set of shapes of the same category),
we embed these shapes in two dimensions to facilitate interaction.
We then learn a map from this 2D exploration space to the genera-
tive model's latent space, such that (a) the embedded points map
to latent space points that produce their corresponding landmark
shapes when put through the pre-trained generator, and impor-
tantly (b) navigating between landmark points produces smooth
shape variations, rather than preserving latent space distances.

Figure 2: Linearly interpolating between shapes in latent
space may produce poor intermediate samples. Here we see
the di�erence between linear and non-linear (geodesic) in-
terpolation at C= 0”5 in SP-GAN's latent space. The linear
interpolation is noisy and is beginning to grow armrests, de-
spite the source and target shapes lacking such features.

Second, we show how to use this exploration space to explore
variations within and between the high-quality originalmeshesfor
the landmark shapes. Speci�cally, we develop a technique for com-
puting continuous deformation �elds from small steps within the
exploration space, allowing its rich semantic variations to be trans-
ferred to meshes at real-time interactive rates. We also consider how
and when to switch between deformed landmark meshes as the user
navigates the 2D space to minimize jarring visual discontinuities.

We evaluate our method by producing easily-navigable and
visually-pleasing exploration spaces for several di�erent shape
categories. We compare the paths through latent space that our
method produces to those produced by alternative approaches, in-
cluding a method for directly learning a deformation space from a
large collection of shapes [Jiang et al. 2020]. We also present a set
of ablations and analyses of our method's components.

In summary, our contributions are:

� A technique for building a 2D exploration space that natu-
rally interpolates between a set of landmark shapes while
staying on the shape manifold induced by a pre-trained
generative model.

� A method for transferring latent space variations into con-
tinuous deformations of high-quality landmark meshes and
discrete transitions between them in real-time (accompa-
nied by a graphical user interface).

2 RELATED WORK
Deep generative models of 3D shapesThere has been an explosion
of work in recent years on applying deep generative models to
the problem of synthesizing 3D shapes. In this paper, we are con-
cerned withlatent variable deep generative models, i.e. generative
models that map points in a latent spaceZ to the output shape
domain via some map5. A variety of such models exist, including
variational autoencoders (VAEs) [Jones et al. 2020; Li et al. 2017],
generative adversarial networks (GANs) [Achlioptas et al. 2017;
Chen and Zhang 2019b; Wu et al. 2016; Zheng et al. 2022], normal-
izing �ows [Yang et al. 2019], and denoising di�usion probabilistic
models (DDPMs) [Hui et al. 2022b; Zeng et al. 2022]. Our method is
designed to work well with such generative models in which5 is a
single forward pass through a neural network (e.g. VAEs, GANs).
We discuss challenges with, and potential ideas for, applying it to
multi-step5 models (e.g. �ows, DDPMs) in Section 8. Our method is
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not designed to work with autoregressive models, which generate
outputs through a sequence of sampling steps [Mittal et al. 2022].

There have also been attempts at learning generative models
that output meshes directly. Thus far, these have su�ered from
various limitations: restriction to genus zero topology [Wang et al.
2018], requiring part-segmented data [Gao et al. 2019; Yang et al.
2020], or unpredictable output quality [Nash et al. 2020]. Rather
than generatemeshes directly, our approach allows exploration of
variations between existing high-quality meshes by borrowing the
shape variations exhibited by a pre-trained non-mesh generator.

Exploring collections of 3D shapesSeveral prior techniques have
been proposed for exploring collections of 3D shapes by deforming
a template [Ovsjanikov et al. 2011], highlighting regions on some
reference shapes [Kim et al. 2012], or varying manually annotated
language-based attributes [Chaudhuri et al. 2013]. These interfaces
typically focus on modifying a single reference shape, and thus
are more suitable for local search, exploring immediate neighbors
of the reference model. A global analysis has been proposed to
identify main modes of variations of shapes in a collection [Kim
et al. 2013], and 2D layouts are commonly used to jointly explore
shape collections or generative shape spaces [Averkiou et al. 2014;
Rowaida 2021], as well as other visual domains in general [Kleiman
et al. 2015; Marks et al. 1997; Talton et al. 2009]. These type of
2D layouts give a holistic view of the entire space, while still pro-
viding intuitive interfaces in 2D. Various techniques have been
developed in mapping high-dimensional similarity data to 2D (e.g.,
PCA, MDS, [Fried et al. 2015], [Dym et al. 2017]) for exploration
and visualization. In this work we propose a novel technique for
constructing 2D exploration space from arbitrary high-dimensional
latent spaces learned with some shape generation techniques.

Learning to deform 3D shapesClassical methods typically de-
�ne shape deformation in terms of optimizing a physical or quasi-
physical energy, e.g. see the survey by Botsch and Sorkine [2008].
These methods, while mathematically well-founded and tied to
actual physical behavior, can be di�cult to control, do not capture
non-physical e�ects (e.g. interpolating in a heterogeneous shape
space as studied in this paper) and frequently involve numerically
challenging optimization (sometimes bypassable with �forward�
models like skinning, e.g. [Jacobson et al. 2011]). To address these
issues, a number of papers have tried to apply neural networks to
learn deformation models in a data-driven way. Here, we discuss
a few representative ones. To address the challenge of smoothly
deforming complex geometry, several papers use machine learning
to infer classical low-dimensional controls. Yifan et al. [2020] train
a network to �t and deform low-dimensional cages for 3D shapes.
Liu et al. [2021] take a di�erent approach, learning combinations
of shape control points that factorize the deformation space into
intuitive �meta-handles�. Xu et al. [2022] learn to infer animation
rigs for meshes from motion-captured point cloud sequences. In
contrast, Aigerman et al. [2022] learn an implicit Jacobian �eld that
deforms meshes to targetswithout an intermediate classical proxy.
While all of these methods provide interesting ways to deform or
interpolate between meshes, they are not well suited for shape
space exploration, which is the problem we study in this paper.

A work more directly related to ours is the ShapeFlow system of
Jiang et al. [2020]. This system learns, in parallel, neural �ow �elds
that deform one shape to another, as well as an embedding of all

training shapes to a latent space. In principle, ShapeFlow can be
applied to our problem, and we show in the evaluation section that
our method produces qualitatively better deformations, see Figure
8. However, beyond that, ShapeFlow does not optimize the latent
space for interactive two-dimensional exploration � thus, much
of the machinery we develop for extracting a human-friendly 2D
re-embedding of the original latent space would be necessary in any
case. Secondly, our method can leverage any arbitrary pre-trained
generative 3D model as a backbone, including ones trained on much
larger 3D (or 2D) datasets than the collection being explored.

A method that does use latent-space generative models for shape
space exploration is the GLASS system of Muralikrishnan et al. [2022].
However, the problem addressed by this paper is very di�erent
from ours � they focus on discovering new deformations of a sin-
gle template mesh by alternately training a generative model, and
incrementally exploring its latent space guided by a pre-de�ned
physical energy. This method does not apply to heterogeneous
shape collections, nor does it address interactive exploration.

3 OVERVIEW
Given a pre-trained, unstructured shape generative modelG (e.g. a
point cloud generator) and a set oflandmark meshesM = f " 1• ”””• "# g
from the same shape category of whichG was trained, our goal
is to create a two-dimensionalexploration space, E, that can be
used to navigate a deformation subspace over the landmark meshes
induced byG. Walking through exploration space should produce
smoothly varying and sensible deformations of the meshes, and
the space's layout should be such that similar meshes inM are
embedded closer together, while dissimilar meshes are farther apart.

We de�ne the exploration space via a function� that maps from
E to the generator's latent spaceZ . The mapping is designed to
give the exploration space several desirable properties that the
generator lacks; for instance, interpolating between shapes inE
produces intermediate outputs that vary smoothly, whereas naive
linear interpolation through most generative models may produce
samples that contain excessive variation, as illustrated in Figure 2.
At a high level,� reparametrizesZ in a way that minimizes energy
in the primal spaceof the generator (its geometric output space),
thus avoiding such issues. Additionally,� allows the region ofZ
spanned by our given meshes to be visualized in two dimensions,
making the high-dimensional latent space easily navigable.

Armed with � , there is one undesirable property remaining:
E only permits exploration over the unstructured outputs ofG
(e.g. point clouds), rather than variations of the high-quality input
meshes. To solve this problem, we introduce a deformation module
that interprets an interpolation through the latent space ofG as a
�ow on a mesh's vertices, producing detail-preserving deformations
of a wide variety of shapes. We show how to advect the input meshes
through this �ow, as well as how to switch between which mesh is
being advected based on a partitioning of the 2D space.

In the following two sections of the paper, we �rst outline the
construction of the energy-minimizing map� into the generator's
latent space. Then, we introduce our routine that transforms the
unstructured shape manifold into a mesh deformation space.
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Figure 3: We illustrate the e�ect of our energy-minimizing submanifold in a simple case with four landmarks in exploration
space. The region inscribed by the landmarks is mapped to G's latent space via � , as shown by the four interior points 0•1•2•3.
These points are decoded by the generator, producing point clouds of a particular shape category. The energy over these point
clouds is said to be minimized by � through the optimization outlined in Section 4.2.

4 CONSTRUCTING THE 2D EXPLORATION
SPACEE

We now detail the inner workings of our exploration space. We
assume to be given ashape manifold, i.e., a continuous space in
which each point represents a shape � this space can be thought of
as a submanifold of primal space (the space of all possible shapes).
We consider a shape manifold de�ned by a pretrained generative
neural network,G. Concretely, such generators indeed de�ne a
: -manifold, if one considers it as a function taking us from latent
(Euclidean) space,Z 2 R: , onto points in primal spaceG¹zº � X .

Our goal is to extract a submanifold from the shape manifold
that 1) includes all of the given landmark shapes; 2) naturally in-
terpolates between the landmarks along the shape manifold 3) is
a 2-manifold, i.e., is parameterized via a map� , which maps the
two-dimensional space into the shape manifold,� : E � R2 7! Z .

Say we have a two-dimensional embedding of our landmark
meshes (detailed in Section 4.4) that will act as our parametrization
of the aforementioned map, i.e. for each mesh we associate with it
a point in exploration space (2D) and its corresponding projection
into latent space:L = f¹ x1•z1º• ”””•¹x# •z# ºg. As illustrated in Fig-
ure 3 we seek a map that �naturally� lifts this exploration space into
the shape manifold, i.e., in a manner that does not exhibit excessive
variation or rapid changes in the features of the shapes.

We can formalize this requirement: the shape manifold may be
de�ned in the Euclidean spaceZ , however the shapes themselves
are generated by a non-linear mapping (the generator), thus small,
linear steps inZ may result in arbitrarily large changes in the
resulting shape. In other words, we need to account for themetric
of the shape manifold and the curvature it induces. We will require
that the map� is smooth w.r.t the metric of the shape manifold.

By casting this as an embedding problem, we formulate a con-
strained optimization objective that ensures the landmark shapes
are always mapped correctly and the embedding minimizes an
energy accounting for the metric of the shape manifold � the

Dirichlet energy [Karcher 1977]. We �rst discuss this energy in
the context of one-dimensional interpolation problems. Then, the
two-dimensional problem is laid out for a simple case where just
three landmarks are speci�ed in Section 4.2. Finally, we generalize
our method for collections of scattered landmarks in Section 4.3.

4.1 Geodesic paths between landmarks
Linear interpolation in high-dimensional latent spaces is known to
produce samples that exhibit undesirable properties [Karras et al.
2018; Laine 2018]. Intermediate samples may contain features that
do not exist at either the source or target; similarly,G may contain
regions with excessive variation, resulting in a �jittery� output.

In order to avoid such interpolants, we optimize for paths in
latent space that aregeodesicswith respect to primal space,X. This
is done by �nding paths,?¹Cº,C2 »0•1¼, where?¹0º = z0,?¹1º = z1,
that minimize theDirichlet energyin primal space

J 1-D¹?º = 1
2

¯ 1
0 krG¹ ?¹Cººk23C” (1)

As geodesics are (locally) shortest paths, the shapes along them
vary as gradually as possible, and thus do not contain super�u-
ous movement in the generated samples. Figure 2 illustrates the
di�erence between linear and geodesic interpolation throughZ .

These geodesics are useful for smoothly interpolating between
samples along a one dimensional path, but they provide no informa-
tion about smoothly interpolating through a solid region in latent
space. In the simplest case, imagine three shapes connected by ge-
odesic paths; we have a well-de�ned way to walk directly from
shape to shape, but this formulation does not tell us how to walk
to an arbitrary point in theinterior of the region.

4.2 Energy-minimizing submanifolds of G
We now formulate the constrained optimization problem in a case
where three landmarksz1, z2, andz3 are speci�ed. Then, our solu-
tion is generalized in Section 4.3. Since geodesic paths between any
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