
Temporally-Coherent Surface Reconstruction via Metric-Consistent Atlases

Jan Bednarik1 Vladimir G. Kim2 Siddhartha Chaudhuri2 Shaifali Parashar1

Mathieu Salzmann1 Pascal Fua1 Noam Aigerman2

1EPFL, LAUSANNE, SWITZERLAND 2ADOBE RESEARCH

surface reconstruction correspondencesref. frame

OUR

AN

DSR

Figure 1. Temporally coherent reconstruction and correspondences predicted by our approach (OUR), compared with other atlas-
based ones, AtlasNet [19] (AN), and Differential Surface Representation [7] (DSR). Left: The reconstructed surfaces, textured with
a consistent texture to exhibit the temporally-coherent correspondences between the surfaces. Competing methods exhibit artifacts and
wrongful correspondences, while OUR yields reconstructions close to the GT. Middle and Right: Correspondence deviations on the GT on
the input point clouds visualized using a colormap (middle) and a heatmap (right). The black arrows point to inconsistencies, discernible
as locally jittering color, which are absent from our results.

Abstract

We propose a method for the unsupervised recon-
struction of a temporally-coherent sequence of surfaces
from a sequence of time-evolving point clouds, yielding
dense, semantically meaningful correspondences between
all keyframes. We represent the reconstructed surface as
an atlas, using a neural network. Using canonical corre-
spondences defined via the atlas, we encourage the recon-
struction to be as isometric as possible across frames, lead-
ing to semantically-meaningful reconstruction. Through ex-
periments and comparisons, we empirically show that our
method achieves results that exceed that state of the art in
the accuracy of unsupervised correspondences and accu-
racy of surface reconstruction.

1. Introduction
Applications such as UV-mapping, shape analysis, and

partial scans completion all rely on the availability of a sur-
face representation that is coherent across different sam-
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ples, for example, time instants. Specifically, the differ-
ent surfaces should be in correspondence, such that each
point on one surface maps to a point with the same seman-
tic meaning on another. In the literature, the most common
way to achieve coherence consists of explicitly establish-
ing correspondences between non-coherent input represen-
tations, such as 3D meshes [49, 3, 45, 22, 16, 42] or 3D
point clouds [24, 21]. This, however, assumes that the input
data contains points that can be matched in a semantically-
meaningful manner, and in fact only circumvents the true
task of retrieving a coherent surface representation.

In this paper, we tackle this problem more directly by
learning to reconstruct temporally-coherent surfaces from a
sequence of 3D point clouds representing a shape deform-
ing over time. To this end, we rely on the AtlasNet patch-
based representation [19] to model the surface underlying
the 3D points. However, whereas in the original AtlasNet,
any patch can correspond to any part of the surface, we en-
force consistency of the patch locations through the whole
sequence effectively creating a time-consistent atlas.

To learn atlases that are semantically and temporally
consistent, meaning that each 2D point on each 2D atlas
patch models the same semantic surface point over time,



we leverage differential geometry. Speci�cally, for cer-
tain types of deformations, such as isometric ones, the met-
ric tensor computed at a surface point remains constant as
the shape changes. We translate this into a metric consis-
tency loss function, which, when minimized, implicitly es-
tablishes the desired point correspondences.

Our approach does not require any ground-truth corre-
spondences that are dif�cult to obtain. Hence, it is unsu-
pervised and can operate on any shape categorywithout
a known shape template. Yet, as shown in Fig. 1, it pro-
vides reliable correspondences even the shapes are complex
and the deformations severe, unlike state-of-the-art methods
that tend to break down.

2. Related Work

3D temporal coherence involves both surface reconstruc-
tion and correspondence estimation, which are in interplay
with one another. Both are well-studied, essential tasks in
geometry processing, which we review next.

Correspondence estimation commonly assumes that the
objects are close to isometric and thus often optimizes
for local distance preservation [11, 33, 46]. This can be
achieved via local shape descriptors [36, 4, 48, 29], which
are in turn used to obtain surface correspondences. Alter-
natively, obtaining correspondences can be cast as a tem-
plate �tting problem [31, 56]. This, however is reliant on
knowing beforehand what the shape class is, and on hav-
ing a template for this class. Simpler methods [3, 49] have
been designed for temporal registration assuming piece-
wise rigidity of the shapes under consideration. However,
these methods generate only region-wise correspondences.
In case meshes are given, they can be parameterized into the
same 2D common base-domain where correspondences can
be optimized [27, 1, 51]. They cannot be applied to point-
clouds and cannot reconstruct surfaces as they assume to be
given �xed 3D surfaces. We also use a 2D domain to de�ne
the correspondences, but keep the 2D correspondence �xed
and optimize the 3D surface in order to perform surface re-
construction.

Recently, correspondence estimation has been addressed
as a learning problem. Many works use representations
such as [36] to retrieve local descriptors and incorporate
them in the learning process [22, 16, 45]. Other supervised
methods have been proposed, using ground-truth correspon-
dences as training data [44, 32, 10, 35].

Motivated by the fact that obtaining correspondence
supervision is expensive, [12, 6] introduced an unsuper-
vised learning framework using triangulated meshes. To
avoid meshing, [24, 20] proposed unsupervised learning
techniques to extract correspondences directly from point
clouds. However, [24] only yields a set of semantically

close points without a mechanism to �nd a unique corre-
spondence, and [20] uses a 3D template.

In contrast to existing methods, our approach yields
temporally-coherent surface reconstructions from point
clouds and generates meaningful point-wise correspon-
dences. To this end, it learns a unique atlas representation
similar to [20] but enforcing local metric consistency, which
aims to preserve isometry at corresponding points on the
output surfaces. Our method is unsupervised and does not
require a shape template. Thus, the closest approach to our
method is [21], which learns correspondences by enforcing
cyclic consistency across multiple shape-triplets. Our ex-
tensive comparisons with [21, 19, 7] show that our method
consistently outperforms these state-of-the-art techniques.

Surface reconstruction from point clouds has been thor-
oughly studied in geometry processing. Many non-learning
techniques use mathematical tools to reconstruct the sur-
face, e.g., solving the Poisson PDE [26], or using Mov-
ing Least Squares [30] to �t points to the surface; see [8]
for a survey. Deep learning techniques were �rst success-
fully applied to point-cloud reconstruction [39, 41, 17, 24],
and afterwards to surfaces, starting with the seminal At-
lasNet [20], FoldingNet [54] and their followups [14, 7].
Surfaces can also be reconstructed from learned elementary
structures [15]. In [52], an MLP was shown to be effective
in reconstruction when optimized to �t a point cloud.

Other representations such as meshes [25, 37] are simple
to handle, however require a predesignated triangulation,
which is not versatile enough to accommodate for arbitrary
shapes with different articulations. Likewise, implicit �elds
such as SDF's [38, 34] can represent a surface accurately
however the implicit de�nition does not lend itself to de�n-
ing correspondences.

In any case, none of these methods target temporally co-
herent surface reconstruction.

Metric preservation and shape interpolation are
closely related to our approach. Metric preservation is
widely used when a low-distortion map between shapes is
required, especially in the context of shape interpolation
that has long been studied in computer graphics [28, 2, 53].
In recent years several data-driven methods have been
proposed for this task [18, 13], but they assume to be given
point correspondences and do not infer them. Closer to our
work, [43] discussed how to smoothly interpolate between
two point clouds, without given correspondences. How-
ever, this work focuses solely on interpolating the point
clouds without generating meaningful correspondences nor
producing a continuous surface.



3. Methodology

3.1. Problem statement and overview

We assume to be given as input a temporal sequence of
3D point cloudsP1; :::; PK . Our output is a corresponding
sequence of reconstructed surfacesS1; :::; SK , one for each
point cloud, along with a canonical bijective mapping	 i;j

between the surfacesSi ; Sj , de�ning temporally-consistent
point-to-point correspondences.

We use an atlas-based representation with multiple
patches similar to [19], with an atlas� j representing each
surfaceSj . This immediately de�nes a canonical bijective
map	 i;j between any two surfacesSi ; Sj via the shared 2D
domain (see Figure 2). We wish to optimize the atlases so
that their surfaces satisfy two properties:

1. Fitting. Each surfaceSk should model the correspond-
ing point cloudPk as closely as possible.

2. Temporal coherence. Each prede�ned canonical bi-
jective map	 i;j maps semantic parts of the surface
correctly between frames (nose is mapped to nose).

Our core observation is that we can achieve this goal in
an unsupervised manner, by making the	 i;j as isometric
as possible, thus encouraging the transition from one frame
in the sequence to the next to preserve local shape features,
thereby making the reconstructions consistent. Next, we
elaborate on the above.

3.2. Atlas­based surface representation

Atlases and canonical surface correspondences.In its
most basic form, anatlas can be de�ned as a map� , em-
bedding a 2D domain
 as a surface in 3D� : 
 ! R3,
such that the image of� is S (we use
 = [0 ; 1]2 in all
experiments).

Using atlases enables us to de�ne a canonical point
correspondence between any two 3D surfaces,S1; S2, de-
scribed by two atlases,� 1; � 2, see Figure 2. Speci�cally, we
can trivially de�ne a bijective (1-to-1 and onto) correspon-
dence between the two 3D surfaces by de�ning the point
� 1 (p) 2 S1 to correspond to� 2 (p) 2 S2, and vice versa,
for any pointp 2 
 . This correspondence enables us to
optimize the atlases to ensure that corresponding points are
mapped to the same semantic 3D surface point onS1; S2.

Isometry through metric consistency. We enforce isom-
etry between different atlases. To achieve that we use the
Riemannian metric tensor. For any pointp = ( u; v) 2 
 ,
the metric tensor is expressed in terms of the Jacobian, the
matrix J � 2 R3� 2 of partial derivatives of the map� at p,

J � =
h

@�
@u;

@�
@v

i
. Speci�cally, the metric tensor is de�ned

asg = J � (p)> J � (p). Intuitively, the metric tensor de�nes

Figure 2. Correspondences de�ned between three surfaces by the
mapping of one pointp 2 
 through three different atlases.

a local inner product between any two vectorsq; r 2 R2

asqT � g (p) � r , enabling one to measure local lengths and
angles at any point� (p) on the surfaceS.

The rest of the paper can then be completely understood
just from the high-level de�nition of the metric tensor as a
descriptor of local geometric quantities.

Given two surfaces as above, using the canonical
correspondence just de�ned, we can compare the met-
rics of the surfaces,g� 1 ; g� 2 , at corresponding points
� 1 (p) ; � 2 (p), and measure the difference between the two,
kg� 1 (p) � g� 2 (p)kF , wherek�kF stands for the Frobenius
norm. We can now de�ne a metric consistency energy be-
tween the two surfaces as

Econs(� 1; � 2) =
Z

p2 

kg� 1 (p) � g� 2 (p)k2

F ; (1)

which measures the deviation from isometry of the map be-
tween the two surfaces the two atlases represent.

3.3. Temporally­coherent surface reconstruction

Atlases via a neural network. To de�ne atlases in a deep
learning setting, we follow the standard AtlasNet [19] for-
mulation: The network receives a pointp 2 
 , along with a
latent codez 2 RC , whereC is the dimension of the latent
space, and outputs a 3D point, essentially de�ning an atlas
conditioned onz. Note that, most importantly, all differ-
ential quantities introduced in the previous section can be
easily inferred for the network's atlases, since the network
is a (piecewise) differentiable mapping.

Lastly, we note that instead of relying on a single map� ,
any number of maps� 1; � 2; :::; � j can be chosen before op-
timization, enabling mapping several 2D domains into sev-
eral 3D patches, whose union forms the complete shape.
This poses no change to any of the notions discussed herein,
and hence we simply consider the domain
 and� as aggre-
gating all the patches, their domains and maps, except when
explicitly referring to these patches. In all experiments, we
used10patches.

Given a dataset withK point cloudsP1; :::; PK , we en-
code each point cloudPk into a latent codezk through a
PointNet [40] encoder as used by in [19]. We denote by� k

the resulting atlas de�ned via the codezk , representing the
reconstructed surface.



Loss Functions. To enforce isometry across the se-
quence, we use a loss function measuring metric consis-
tency between pairs of atlases,

L metric = � mc

X

( i;j )2I

Econs(� i ; � j ) ; (2)

where I are chosen pairs of surfaces out of all possible
pairs, and� mc 2 R is a hyper-parameter of our approach.

Next, to train the network to reconstruct the given
dataset, we follow standard practice in shape reconstruction
[20, 15, 7, 14] and use the Chamfer distance (CD) to de�ne
thereconstruction loss

L CD =
1
K

KX

k=1

2

4
Z

p2 

min
q2 Pk

jj � k (p) � qjj2 +

X

q2 Pk

min
p2 


jj � k (p) � qjj2

3

5 :

(3)

We then take our �nal loss to be

L = L CD + L metric : (4)

Sampling surface pairs. The metric consistency loss 2
operates on pairs of surfaces de�ned byI , (Si ; Sj ); (i; j ) 2
I . Our assumption is that the shape gradually deforms
over time, and hence surfaces in subsequent frames should
change close-to-isometrically with respect to one another.
Hence we de�ne a “time window”� , which is a hyper-
parameter of our method, and sample pairs of surfaces only
if they fall within that window,(Si ; Sj ) : ji � j j � � .

3.4. Implementation details

Our method uses the AtlasNet [19] architecture with the
same adjustments of [7] for computing the metric (ReLU
replaced with Softplus in the decoder; batch normalization
layers removed). We useP = 10 patches in all experi-
ments.

We use the Adam optimizer with a learning ratel =
0:001and a batch size of4 for 200000iterations. We em-
ploy a learning rate scheduler which divides the currentl
by a factor of10 at 80%and90%of the training iterations.
Following [19, 7],2500points are sampled from the UV do-
main
 . We set the weight of the loss termL metric of Eq. 2
to � mc = 0 :1, and choose the value of� using one sequence
as validation subset and then measuring the correspondence
metricsmsL 2; mr andmAUC.

At evaluation time, we follow [7] and remove any patch
with area smaller than1=1000 than the average area of a
patch. We sample a given number of available points in
each patch as evenly as possible using a simulated annealing
based algorithm. Please refer to the supplementary material
for all other details.

4. Evaluation

We test our method by reconstructing surfaces from var-
ious raw point-cloud sequences of human and animal mo-
tions, showing our method naturally adapts to different
kinds of data, without any known correspondences between
the frames or a reference template shape, and without re-
quiring prior training on any speci�c category. Please refer
to the supplementary material for a video showing the re-
constructed sequences of all �gures here and other to get a
full sense of the accuracy of our method.

Visualization of the correspondences between surfaces.
Before continuing, let us explain the technique used to vi-
sualize the correspondences between the surfaces. In all
�gures, to illustrate the temporal consistency of our recon-
structions, we use the same texture in the UV space in all
frames of the sequence. Hence, corresponding regions are
textured with the same checkerboard cells, revealing the ac-
curacy of the correspondences.

Figure 3 shows our temporally-coherent reconstructions
for six sequences. Note how our method manages to recon-
struct high-curvature regions, such as the elephant's husks
and the cat's tail and paws, with both accurate geometry and
high correspondence accuracy, tracking the paws as they
move. The human models exhibit much more articulated
deformations, nonetheless our method tracks the limbs and
maintains consistent, meaningful correspondences through-
out the sequence. Please refer to the supplementary video
to view the animations of the entire sequences.

4.1. Inferring point cloud correspondences

A direct application of our method is inferring point-to-
point correspondences on the input point clouds. Namely,
for two point clouds we map points fromPi to Pj via eu-
clidean projections between the point clouds and the recon-
structed surfaces, using the mapf i ! j = � P j � � j � � � 1

i � � � i ,
where � X projects a 3D point to its nearest neighbor on
the surfaceX and � � 1 is the inverse mapping which is
known implicitly. Speci�cally, we densely sampleN points
in the 2D domain
 and get their 3D counterparts via the
learned� and since this is a bijection, we know� � 1 for
theseN points.

Aside from being a useful application, it also enables us
to evaluate the accuracy of our method w.r.t the ground truth
correspondences of the dataset's point clouds. In Figure
4 we visualize the correspondences predicted on the input
point clouds using a matching colormap. We show a visual-
ization of the error on the models (Note that the triangulated
meshes are only used for visualization), with red indicating
the magnitude of the error indicated via the colorbars – note
most of the error is quite below the maximal values cho-
sen. As is evident from the image, the correspondences we



Figure 3.Our temporally-coherent surface reconstructions, for 6 sequences. (top to bottom)elephant andcat from ANIM,
jumping andswing from AMA, running on spot andknees from DFAUST. Note how the reconstructed surfaces have consistent
correspondences, as well as accurate geometry.

compute are highly accurate and exhibit small to no error.
Some drifting can occur in relatively �at regions, such as
the woman's thigh, and around very extruded regions like
the elephant's feet which are harder to model exactly.

We report quantitative evaluation of the correspondence
and reconstruction in Table 1. To evaluate the quality of
correspondences, we randomly drawM = 500 shape pairs
(Pi ; Pj ) with known ground truth correspondences(pk ; qk )
wherepk 2 Pi andqk 2 Pj . Each shape hasN = 3125
points. We report the average error overM pairs, with re-
spect to the metrics described below.

Squared correspondence distance (msL 2). This metric
evaluates the error in the predicted inter-surface mapf i ! j

asmsL 2 = 1
N

P N
k=1 kf (pk ) � qk k2.

Normalized correspondence rank (mr ). mr ex-
presses the rank of a predicted point with respect to all
the other points on the target object. Formallymr =

1
N 2

P N
k=1

P N
l =1 1kql � qk k2 < kf (pk ) � qk k2 .

Area under the percentage of correct keypoints
(PCK) curve (mAUC). Following the literature on keypoint
classi�cation and correspondences [23, 55], we compute a
mean PCK curve in a given range[dmin; dmax] and report the
area under that curve (AUC). We setdmin = 0 ; dmax = 0 :02
in all our experiments.

Chamfer Distance (CD).This metric is equal to the loss
termL CD of Eq. 3. Note that this is the only metric that does
not evaluate the quality of correspondences but rather of the
reconstruction.

Figure 4.Our correspondences retrieved onelephant and
cat from ANIM, jumping from AMA, running on spot
from DFAUST. We visualize the correspondences via matching
colors and show the error colorcoded as a heat map on the right.

4.2. Datasets

We evaluate our method on 3 datasets of point cloud se-
quences.Animals in motion [47, 5] (ANIM) consists of 4


