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We introduce an unsupervised technique for encoding point clouds into
a canonical shape representation, by disentangling shape and pose. Our
encoder is stable and consistent, meaning that the shape encoding is purely
pose-invariant, while the extracted rotation and translation are able to seman-
tically align different input shapes of the same class to a common canonical
pose. Specifically, we design an auto-encoder based on Vector Neuron Net-
works, a rotation-equivariant neural network, whose layers we extend to
provide translation-equivariance in addition to rotation-equivariance only.
The resulting encoder produces pose-invariant shape encoding by construc-
tion, enabling our approach to focus on learning a consistent canonical pose
for a class of objects. Quantitative and qualitative experiments validate the
superior stability and consistency of our approach.

1 INTRODUCTION
Point clouds reside at the very core of 3D geometry processing, as
they are acquired at the beginning of the 3D processing pipeline
and usually serve as the raw input for shape analysis or surface
reconstruction. Thus, understanding the underlying geometry of a
point cloud has a profound impact on the entire 3D processing chain.
This task, however, is challenging since point clouds are unordered,
and contain neither connectivity, nor any other global information.

In recent years, with the emergence of neural networks, various
techniques have been developed to circumvent the challenges of
analyzing and understanding point clouds [Qi et al. 2017a,b; Wang
et al. 2019; Hamdi et al. 2021; Ma et al. 2022; Shi et al. 2019; Liu et al.
2020; Yang et al. 2020]. However, most methods rely on pre-aligned
datasets, where the point clouds are normalized, translated and
oriented to have the same pose.
In this work, we present an unsupervised technique to learn a

canonical shape representation by disentangling shape, translation,
and rotation. Essentially, the canonical representation is required to
meet two conditions: stability and consistency. The former means
that the shape encoding should be invariant to any rigid transforma-
tion of the same input, while the latter means that different shapes
of the same class should be semantically aligned, sharing the same
canonical pose.
Canonical alignment is not a new concept. Recently, Canonical

Capsules [Sun et al. 2021] and Compass [Spezialetti et al. 2020] pro-
posed self-supervised learning of canonical representations using
augmentations with Siamese training. We discuss these methods in
more detail in the next section. In contrast, our approach is to extract
a pose-invariant shape encoding, which is explicitly disentangled
from the separately extracted translation and rotation.

Specifically, we design an auto-encoder, trained on an unaligned
dataset, that encodes the input point cloud into three disentangled
components: (i) a pose-invariant shape encoding, (ii) a rotation ma-
trix and (iii) a translation vector. We achieve pure SE(3)-invariant
shape encoding and SE(3)-equivariant pose estimation (enabling re-
construction of the input shape), by leveraging a novel extension of
the recently proposed Vector Neuron Networks (VNN) [Deng et al.

2021]. The latter is an SO(3)-equivariant neural network for point
cloud processing, and while translation invariance could theoreti-
cally be achieved by centering the input point clouds, such approach
is sensitive to noise, missing data and partial shapes. Therefore we
propose an extension to VNN achieving SE(3)-equivariance.
It should be noted that the shape encodings produced by our

network are stable (i.e., pose-invariant) by construction, due to the
use of SE(3)-invariant layers.

At the same time, the extracted rigid transformation is equivari-
ant to the pose of the input. This enables the learning process to
focus on the consistency across different shapes. Consistency is
achieved by altering the input point cloud with a variety of simple
shape augmentations, while keeping the pose fixed, allowing us to
constrain the learned transformation to be invariant to the identity,
(i.e., the particular shape), of the input point cloud.

Moreover, our disentangled shape and pose representation is
not limited to point cloud decoding, but can be combined with
any 3D data decoder, as we demonstrate by learning a canonical
implicit representation of our point cloud utilizing occupancy net-
works [Mescheder et al. 2019].

We show, both qualitatively and quantitatively, that our approach
leads to a stable, consistent, and purely SE(3)-invariant canonical
representation compared to previous approaches.

2 BACKGROUND AND RELATED WORK

2.1 Canonical representation
A number of works proposed techniques to achieve learnable canon-
ical frames, typically requiring some sort of supervision [Rempe
et al. 2020; Novotny et al. 2019; Gu et al. 2020]. Recently, two un-
supervised methods were proposed: Canonical Capsules [Sun et al.
2021] and Compass [Spezialetti et al. 2020]. Canonical Capsules [Sun
et al. 2021] is an auto-encoder network that extracts positions and
pose-invariant descriptors for 𝑘 capsules, from which the input
shape may be reconstructed. Pose invariance and equivariance are
achieved only implicitly via Siamese training, by feeding the net-
work with pairs of rotated and translated versions of the same input
point cloud.

Compass [Spezialetti et al. 2020] builds upon spherical CNN [Co-
hen et al. 2018], a semi-equivariant SO(3) network, to estimate the
pose with respect to the canonical representation. It should be noted
that Compass is inherently tied to spherical CNN, which is not
purely equivariant [Cohen et al. 2018]. Thus, similarly to Canonical
Capsules, Compass augments the input point cloud with a rotated
version to regularize an equivariant pose estimation. It should be
noted that neither method guarantees pure equivariance.
Similarly to Canonical Capsules, we employ an auto-encoding

scheme to disentangle pose from shape, i.e., the canonical represen-
tation, and similarly to Compass, we strive to employ an equivariant
network, however, our network is SE(3)-equivariant and not only
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SO(3)-equivariant. More importantly, differently from these two ap-
proaches, the different branches of our network are SE(3)-invariant
or SE(3)-equivariant by construction, and thus the learning process
is free from the burden of enforcing these properties. Rather, the
process focuses on learning a consistent shape representation in a
canonical pose.

2.2 3D reconstruction
Our method reconstructs an input point cloud by disentangling
the input 3D geometry into shape and pose. The encoder outputs
a pose encoding and a shape encoding which is pose-invariant by
construction, while the decoder reconstructs the 3D geometry from
the shape encoding alone. Consequently, our architecture can be
easily integrated into various 3D auto-encoding pipelines. In this
work, we shall demonstrate our shape-pose disentanglement for
point cloud encoding and implicit representation learning.

State-of-the-art point cloud auto-encoding methods rely on a fold-
ing operation of a template (optionally learned) hyperspace point
cloud to the input 3D point cloud [Yang et al. 2018; Groueix et al.
2018; Deprelle et al. 2019]. Following this approach, we employ
AtlasNetV2 [Deprelle et al. 2019] which uses multiple folding oper-
ations from hyperspace patches to 3D coordinates, to reconstruct
point clouds in a pose-invariant frame.

Implicit 3D representation networks [Mescheder et al. 2019; Park
et al. 2019; Xu et al. 2019] enable learning of the input geometry with
high resolution and different mesh topology. We utilize occupancy
networks [Mescheder et al. 2019] to learn an implicit pose-invariant
shape representation.

2.3 Rotation-equivariance and Vector Neuron Network
The success of 2D convolutional neural networks (CNN) on im-
ages, which are equivariant to translation, drove a similar approach
for 3D data with rotation as the symmetry group. The majority
of works on 3D rotation-equivariance [Esteves et al. 2018; Cohen
et al. 2018; Thomas et al. 2018; Weiler et al. 2018], focus on steer-
able CNNs [Cohen and Welling 2016], where each layer “steers”
the output features according to the symmetry property (rotation
and occasionally translation for 3D data). For example, Spherical
CNNs [Esteves et al. 2018; Cohen et al. 2018] transform the input
point cloud to a spherical signal, and use spherical harmonics filters,
yielding features on SO(3)-space. Usually, these methods are tied
with specific architecture design and data input which limit their
applicability and adaptation to SOTA 3D processing.

Recently, Deng et al. [Deng et al. 2021] introduced Vector Neuron
Networks (VNN), a rather light and elegant framework for SO(3)-
equivariance. Empirically, the VNN design performs on par with
more complex and specific architectures. The key benefit of VNNs
lies in their simplicity, accessibility and generalizability. Conceptu-
ally, any standard point cloud processing network can be elevated
to SO(3)-equivariance (and invariance) with minimal changes to its
architecture. Below we briefly describe VNNs and refer the reader
to [Deng et al. 2021] for further details.
In VNNs the representation of a single neuron is lifted from a

sequence of scalar values to a sequence of 3D vectors. A single vector
neuron feature is thus a matrixV ∈ R𝐶×3, and we denote a collection
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q k o ko qo v v0

Fig. 1. Vector Neuron Translation equivariant non linear layer. We learn for
each input point feature v, three component o, q, k, and interpret them as
an origin o, a feature qo = q−o and a direction ko = k−o. Similarly to VNN
operation, the feature component of qo which is in the half-space defined
by −ko is clipped. In-addition, we translate the feature by the learned origin
o outputting the v′.

of 𝑁 such features by V ∈ R𝑁×𝐶×3. The layers of VNNs, which
map between such collections, 𝑓 : V ∈ R𝑁×𝐶×3 → V ′ ∈ R𝑁×𝐶′×3,
are equivariant to rotations 𝑅 ∈ R3×3, that is:

𝑓 (V𝑅) = 𝑓 (V) 𝑅, (1)

whereV𝑅 = {V𝑛𝑅}𝑁𝑛=1.
Ordinary linear layers fulfill this requirement, however, other

non-linear layers, such as ReLU and max-pooling, do not. For ReLU
activation, VNNs apply a truncation w.r.t to a learned half-space.
Let V,V′ ∈ R𝐶×3 be the input and output vector neuron features of
a single point, respectively. Each 3D vector v′ ∈ V′ is obtained by
first applying two learned matrices Q,K ∈ R1×𝐶 to project V to a
feature q = QV ∈ R1×3 and a direction k = KV ∈ R1×3. To achieve
equivariance, v′ ∈ V′ is then defined by truncating the part of q
that lies in the negative half-space of k, as follows,

v′ =

{
q if ⟨q, k⟩ ≥ 0,
q −

〈
q, k

∥k∥

〉
k
∥k∥ otherwise.

(2)

In addition, VNNs employ rotation-equivariant pooling operations
and normalization layers. We refer the reader to [Deng et al. 2021]
for the complete definition.

Invariance layers can be achieved by inner product of two rotation-
equivariant features. Let V ∈ R𝐶×3, and V′ ∈ R𝐶′×3 be two equivari-
ant features obtained from an input point cloud X. Then rotating X
by a matrix 𝑅, results in the features V𝑅 and V′𝑅, and

⟨V𝑅,V′𝑅⟩ = V𝑅(V′𝑅)𝑇 = V𝑅𝑅𝑇 V′𝑇 = VV′𝑇 = ⟨V,V′⟩. (3)

In our work, we also utilize vector neurons, but we extend the dif-
ferent layers to be SE(3)-equivariant, instead of SO(3)-equivariant,
as described in Section 3.1. This new design allow us to construct
an SE(3)-invariant encoder, which gradually disentangles the pose
from the shape, first the translation and then the rotation, resulting
in a pose-invariant shape encoding.

3 METHOD
We design an auto-encoder to disentangle shape, translation, and
rotation. We wish the resulting representation to be stable, i.e.,
the shape encoding should be pose-invariant, and the pose SE(3)-
equivariant. At the same we wish multiple different shapes in the
same class to have a consistent canonical pose. To achieve stability,
we revisit VNNs and design new SE(3)-equivariant and invariant
layers, which we refer to as Vector Neurons with Translation (VNT).
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Consistency is then achieved by self-supervision, designed to pre-
serve pose across shapes. In the following, we first describe the
design of our new VNT layers. Next, we present our VNN and VNT-
based auto-encoder architecture. Finally, we elaborate on our losses
to encourage disentanglement of shape from pose in a consistent
manner.

3.1 SE(3)-equivariant Vector Neuron Network
As explained earlier, Vector Neuron Networks (VNN) [Deng et al.
2021] provide a framework for SO(3)-equivariant and invariant
point cloud processing. Since a pose of an object consists of transla-
tion and rotation, SE(3)-equivariance and invariance are needed for
shape-pose disentanglement. While it might seem that centering the
input point cloud should suffice, note that point clouds are often cap-
tured with noise and occlusions, leading to missing data and partial
shapes, which may significantly affect the global center of the input.
Specifically, for canonical representation learning, a key condition is
consistency across different objects, thus, such an approach assumes
that the center of the point cloud is consistently semantic between
similar but different objects, which is hardly the case. Equivariance
to translation, on the other-hand, allows identifying local features
in different locations with the same filters, without requiring global
parameters.
Therefore, we revisit the Vector Neuron layers and extend them

to Vector Neurons with Translation (VNT), thereby achieving SE(3)-
equivariance.

3.1.1 Linear layers: While linear layers are by definition rotation-
equivariant, they are not translation-equivariant. Following VNN,
our linear module 𝑓lin (·;W) is defined via a weight matrix W ∈
R𝐶

′×𝐶 , acting on a vector-list feature V ∈ R𝐶×3. Let 𝑅 ∈ R3×3 be a
rotation matrix and 𝑇 ∈ R1×3 a translation vector. For 𝑓lin (·;W) to
be SE(3)-equivariant, the following must hold:

𝑓lin (V𝑅 + 1𝐶𝑇 ) = WV𝑅 + 1𝐶′𝑇 = 𝑓lin (V)𝑅 + 1𝐶′𝑇, (4)

where 1𝐶 = [1, 1, . . . , 1]𝑇 ∈ R𝐶×1 is a column vector of length 𝐶 .
A sufficient condition for (18) to hold is achieved by constraining
each row of W to sum to one. Formally, W ∈ W𝐶′×𝐶 , where

W𝐶′×𝐶 =

{
W ∈ R𝐶

′×𝐶 | ∑𝐶
𝑗=1𝑤𝑖, 𝑗 = 1 ∀𝑖 ∈ [1,𝐶 ′]

}
, (5)

See the supplementary material for a complete proof.

3.1.2 Non-linear layers: We extend each non-linear VNN layer to
become SE(3)-equivariant by adding a learnable origin. More for-
mally, for the ReLU activation layer, given an input feature list V ∈
R𝐶×3, we learn three (rather than two) linear maps,Q,K,O ∈ W1×𝐶

projecting the input to q, k, o ∈ R1×3. The feature and direction are
defined w.r.t the origin o, i.e., the feature is given by qo = q − o,
while the direction is given by ko = k − o, as illustrated in Fig. 1.
The ReLU is applied by clipping the part of qo that resides behind
the plane defined by ko and o, i.e.,

v′ =

{
o + qo if ⟨qo, ko⟩ ≥ 0,
o + qo −

〈
qo,

ko
∥ko ∥

〉
ko
∥ko ∥ , otherwise.

, (6)

Note that o+qo = q, and thatK,Omay be shared across the elements
of V.
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Fig. 2. The architecture of our auto-encoder for shape-pose disentanglement.
The auto-encoder (left) disentangles the input point cloud X to rotation
𝑅̃, translation𝑇 and a canonical representation S̃. The shape encoding Zs
is invariant by construction to the pose, while the learned rotation and
translation are equivariant to it. Our encoder (right) learns features that
are initially equivariant to the pose, and gradually become invariant to it,
first to translation and then to rotation, eventually yielding pose invariant
features Zs.

It may be easily seen that we preserve the equivariancew.r.t SO(3)
rotations, as well translations. In the same manner, we extend the
SO(3)-equivariant VNNmaxpool layer to become SE(3)-equivariant.
We refer the reader to the supplementary material for the exact
adaptation and complete proof.

3.1.3 Translation-invariant layers: Invariance to translation can be
achieved by subtracting two SE(3)-equivariant features. Let V,V′ ∈
R𝐶×3 be two SE(3)-equivariant features obtained from an input
point cloud X. Then, rotating X by a matrix 𝑅 and translating by 𝑇 ,
results in the features V𝑅 + 1𝐶𝑇 and V′𝑅 + 1𝐶𝑇 , whose difference
is translation-invariant:

(V𝑅 + 1𝐶𝑇 ) −
(
V′𝑅 + 1𝐶𝑇

)
=
(
V − V′) 𝑅 (7)

Note that the resulting feature is still rotation-equivariant, which
enables to process it with VNN layers, further preserving SO(3)-
equivariance.

3.2 SE(3)-equivariant Encoder-Decoder
We design an auto-encoder based on VNT and VNN layers to disen-
tangle pose from shape. Thus, our shape representation is pose-
invariant (i.e., stable), while our pose estimation is SE(3)-pose-
equivariant, by construction. The decoder, which can be an arbitrary
3D decoder network, reconstructs the 3D shape from the invariant
features.
The overall architecture of our AE is depicted in Fig. 2. Given

an input point cloud X ∈ R𝑁×3, we can represent it as a rigid
transformation of an unknown canonical representation S ∈ R𝑁×3:

X = S𝑅 + 1𝑁𝑇, (8)

where 1𝑁 = [1, 1, . . . , 1]𝑇 ∈ R𝑁×1 is a column vector of length 𝑁 ,
𝑅 ∈ R3×3 is a rotation matrix and 𝑇 ∈ R1×3 is a translation vector.
Our goal is to find the shape S, which is by definition pose-

invariant and should be consistently aligned across different input
shapes. To achieve this goal, we use an encoder that first estimates
the translation 𝑇 using translation-equivariant VNT layers, then
switches to a translation-invariant representation from which the
rotation 𝑅̃ is estimated using rotation-equivariant VNN layers. Fi-
nally, the representation is made rotation-invariant and the shape
encoding Zs is generated. A reconstruction loss is computed by de-
coding Zs into the canonically-positioned shape S̃ and applying the
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Fig. 3. The architecture of our encoder. The representation of the input point cloud X yields a pose-invariant (bottom branch) shape encoding Zs in two
steps: first, making it invariant to translation and then to rotation. At the same time, the learned rigid transformation (𝑅̃,𝑇 ) (top and middle branches) is
equivariant to the input pose. The small rendered planes at the bottom, illustrate the alignment at each stage.

extracted rigid transformation. In the following we further explain
our encoder architecture and the type of decoders used.

3.2.1 SE(3)-equivariant Encoder. Our encoder is composed of rota-
tion and translation equivariant and invariant layers as shown in
Fig. 3. We start by feeding X through linear and non-linear VNT
layers yielding XRT ∈ R𝑁×𝐶×3, where the 𝑅𝑇 subscript indicates
SE(3)-equivariant features, as described in Section 3.1.

XRT is then fed-forward through additional VNT layers result-
ing in a single vector neuron per point X̄RT ∈ R𝑁×1×3. We mean-
pool the features to produce a 3D SE(3)-equivariant vector as our
translation estimation, as shown in the upper branch of Fig. 3,
yielding 𝑇 = 𝑓𝑇 (X) = 𝑓𝑇 (S)𝑅 + 𝑇 ∈ R1×3, where we denote by
𝑓𝑇 : R𝑁×3 → R1×3 the aggregation of the VNT-layers from the
input point cloud X to the estimated 𝑇 , thus, it is a translation and
rotation equivariant network.
In addition, as explained in Section 3.1, the following creates

translation invariant features, YR = XRT − X̄RT ∈ R𝑁×𝐶×3.
While YR is translation invariant, it is still rotation equivariant,

thus, we can proceed to further process YR with VNN layers, result-
ing in (deeper) rotation equivariant features ZR ∈ R𝑁×𝐶′×3.

Finally, ZR is fed forward through a VNN rotation-invariant layer
as explained in Section 2.3, resulting in a shape encoding, Zs, which
is by construction pose invariant. Similar to the translation recon-
struction, the rotation is estimated by mean pooling ZR and feeding
it through a single VN linear layer yielding 𝑅̃ = 𝑓𝑅 (X) = 𝑓𝑅 (S)𝑅 ∈
R3×3,
where 𝑓𝑅 : R𝑁×3 → R3×3 denotes the aggregation of the layers

from the input point cloud X to the estimated rotation 𝑅̃ and, as such,
it is a rotation-equivariant network. The entire encoder architecture
is shown in Fig. 3 and we refer the reader to our supplementary for
a detailed description of the layers.

3.2.2 Decoder. The decoder is applied on the shape encoding Zs
to reconstruct the shape S̃. We stress again that S̃ is invariant to
the input pose, regardless of the training process. Motivated by
the success of folding networks [Yang et al. 2018; Groueix et al.
2018; Deprelle et al. 2019] for point clouds auto-encoding, we opt

to use AtlasNetV2 [Deprelle et al. 2019] as our decoder, specifically
using the point translation learning module. For implicit function
reconstruction, we follow Occupancy network decoder [Mescheder
et al. 2019]. Please note, that our method is not coupled with any
decoder structure.

3.3 Optimizing for shape-pose disentanglement
While our auto-encoder is pose-invariant by construction, the encod-
ing has no explicit relation to the input geometry. In the following
we detail our losses to encourage a rigid relation between S̃ and 𝑋 ,
and for making S̃ consistent across different objects.

3.3.1 Rigidity. To train the reconstructed shape S̃ to be isometric to
the input point cloud X, we enforce a rigid transformation between
the two, namely X = S̃𝑅̃ + 1𝑁𝑇 .
For point clouds auto-encoding we have used the Chamfer Dis-

tance (CD):
Lrec = CD

(
X, S̃𝑅̃ + 1𝑁𝑇

)
, (9)

Please note that other tasks such as implicit function reconstruction
use equivalent terms, as we detail in our supplementary files.
In addition, while 𝑅̃ = 𝑓𝑅 (X) is rotation-equivariant we need to

constraint it to SO(3), and we do so by adding an orthonormal term:

Lortho = ∥𝐼 − 𝑅̃𝑅̃𝑇 ∥22 + ∥𝐼 − 𝑅̃𝑇 𝑅̃∥22, (10)

where ∥ · ∥2 is mean square error (MSE) loss.

3.3.2 Consistency. Now, our shape reconstruction S̃ is isometric to
X and it is invariant to𝑇 and 𝑅. However, there is no guarantee that
the pose of S̃ would be consistent across different instances.
Assume two different point clouds X1,X2 are aligned. If their

canonical representations S1, S2 are also aligned, then they have the
same rigid transformation w.r.t their canonical representation and
vice versa, i.e., Xi = Si𝑅 +1𝑁𝑇 , 𝑖 = 1, 2. To achieve such consistency,
we require:

{𝑓𝑇 (X1), 𝑓𝑅 (X1)} = {𝑓𝑇 (X2), 𝑓𝑅 (X2)}. (11)

We generate such pairs of aligned point clouds, by augmenting
the input point cloud X with several simple augmentation processes,
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Fig. 4. Aligning planes and chairs. The input planes and chairs (first and third row, respectively) have different shapes and different poses, as can be seen
separately and together (rightmost column). We apply the inverse learned pose, transforming the input to its canonical pose (second and fourth row).

which do not change the pose of the object. In practice, we have
used Gaussian noise addition, furthest point sampling (FPS), patch
removal by k-nn (we select one point randomly and remove 𝑘 of its
nearest neighbors) and re-sampling of the input point cloud.

We then require that the estimated rotation and translation is the
same for the original and augmented versions,

Laug
consist =

∑︁
𝐴∈A

∥ 𝑓𝑅 (X) − 𝑓𝑅 (𝐴(X)) ∥22 + ∥ 𝑓𝑇 (X) − 𝑓𝑇 (𝐴(X)) ∥22,

(12)
where A is the group of pose preserving augmentations and ∥ · ∥2
is MSE loss.

In addition, for point cloud reconstruction, we can also generate a
version of X, with a known pose, by feeding again the reconstructed
shape S̃. We transform S̃ by a random rotation matrix 𝑅∗ and a
random translation vector 𝑇 ∗ and require the estimated pose to be
consistent with this transformation:

Lcan
consist = ∥ 𝑓𝑅

(
S̃𝑅∗ +𝑇 ∗

)
− 𝑅∗∥22 + ∥ 𝑓𝑇

(
S̃𝑅∗ +𝑇 ∗

)
−𝑇 ∗∥22, (13)

Our overall loss is

L = Lrec + 𝜆1Lortho + 𝜆2L
aug
consist + 𝜆3L

can
consist, (14)

where the 𝜆𝑖 are hyper parameters, whose values in all our experi-
ments were set to 𝜆1 = 0.5, 𝜆2 = 𝜆3 = 1.

3.4 Inference
At inference time, we feed forward point cloud X ∈ R𝑁×3 and
retrieve its shape and pose. However, since our estimated rotation
matrix 𝑅̃ is not guaranteed to be orthonormal, at inference time,

we find the closest ortho-normal matrix to 𝑅̃ (i.e., minimize the
Forbenius norm), following [Bar-Itzhack 1975], by solving:

𝑅 = 𝑅̃

(
𝑅̃𝑇 𝑅̃

)− 1
2
. (15)

The inverse of the square root can be computed by singular value
decomposition (SVD). While this operation is also differentiable
we have found it harmful to incorporate this constraint during the
training phase, thus it is only used during inference. We refer the
reader to [Bar-Itzhack 1975] for further details.

4 RESULTS
We preform qualitative and quantitative comparison of our method
for learning shape-invariant pose. Due to page limitations, more
results can be found in our supplementary files.

4.1 Dataset and implementation details
We employ the ShapeNet dataset [Chang et al. 2015] for evaluation.
For point cloud auto-encoding we follow the settings in [Sun et al.
2021] and [Deprelle et al. 2019], and use ShapeNet Core focusing
on two categories: airplanes and chairs. While airplanes are more
semantically consistent and containing less variation, chairs exhibit
less shape-consistency and may contain different semantic parts.
All 3D models are randomly rotated and translated in the range of
[−0.1, 0.1] at train and test time.
For all experiments, unless stated otherwise, we sample random

1024 points for each point cloud. The auto-encoder is trained using
Adam optimizer with learning rate of 1𝑒−3 for 500 epochs, with drop
to the learning rate at 250 and 350 by a factor of 10. We save the last
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<latexit sha1_base64="N3Mev+D2kpivkm/5whYtLBE8ebc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB891++WKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1atVvfvLSv0mj6MIJ3AK5+DBFdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP1iAjS8=</latexit>

100
<latexit sha1_base64="CXamItrQE1037xyQME9wQHJwHnY=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDmp8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07JhuAtv7xKWhdV76rq3V9W6jd5HEU4gVM4Bw+uoQ530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/UNjPw=</latexit>

80
<latexit sha1_base64="Nh7TLHkIWAHD9QsOwjc+3htkUJM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUcPvlilt15yCrxMtJBXLU++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzQ6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDGz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVrXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBexGMug==</latexit>

0
<latexit sha1_base64="djR+HbL9cReo0/nMGT/45hx0Ajw=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtGpV77Lq3V9U6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+vvjPY=</latexit>

20
<latexit sha1_base64="ppUdFVLfY1A/F1ZKhhrVFnozYV8=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtC6q3mXVu69V6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+75jPg=</latexit>

40
<latexit sha1_base64="3jxXH36ZLypBmiuJMvhCi8flxiQ=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6qXq3q3V9W6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/IDjPo=</latexit>

60
<latexit sha1_base64="dZDlWjbBEJvxUE+K2tdTKdhSl5w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1busevcXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBbio0x</latexit>

120
<latexit sha1_base64="lRviTiMfHuf3GoUtznr+pPyh7Wk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZ9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBelI0z</latexit>

140
<latexit sha1_base64="hg9/CBJpC6vkRvVg3ZyrDEJmvHs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlereveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBhno01</latexit>

160
<latexit sha1_base64="tZog23xW6LHdqudhnfjsuu4OCD4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmrPkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1buqeveXlfpNHkcRTuAUzsGDa6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBkqI03</latexit>

180

<latexit sha1_base64="eid+WhwnNM+BfbyO6/kCk5IeV3o=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkVX8egF48RzQOSJcxOOsmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04LkX3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l69+fV6o3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFbhI0x</latexit>

0.5

<latexit sha1_base64="qXmHVfrH8e9SXjibUBFxtunqNBM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hU1GPRi8eK9gPaUDbbabt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04Lnn3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l699fVKo3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFYfI0v</latexit>

0.3

<latexit sha1_base64="QFw4+4c0rJUH6eFpMx4QAiOQ4EU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0iKqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmlWXf/S9e8vKrWbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBW+I0u</latexit>

0.2

<latexit sha1_base64="a/4FyPbW3VkXnpJg1/6+oi5Bpeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0ikqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6l699XK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBaAI0w</latexit>

0.4

<latexit sha1_base64="oQk0cCEnO4dq5KElPzmThRg7Eis=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hEqseiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuH7V9e8vK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBdCI0y</latexit>

0.6

<latexit sha1_base64="cwbiDN8xOdK5upN6x2+C05zevFA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hErMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6V699fVmo3eRxFOIFTOAcfqlCDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBejI0z</latexit>

0.7

<latexit sha1_base64="sQMJsWrMYevk4s3Sk6tnOc2ZiNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hE1GPRi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077l+r1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroKcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+4/t15rX5dxFGGIziGU/DhEupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH1V0jS0=</latexit>

0.1

<latexit sha1_base64="N3Mev+D2kpivkm/5whYtLBE8ebc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB891++WKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1atVvfvLSv0mj6MIJ3AK5+DBFdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP1iAjS8=</latexit>

100
<latexit sha1_base64="CXamItrQE1037xyQME9wQHJwHnY=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDmp8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07JhuAtv7xKWhdV76rq3V9W6jd5HEU4gVM4Bw+uoQ530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/UNjPw=</latexit>

80
<latexit sha1_base64="Nh7TLHkIWAHD9QsOwjc+3htkUJM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUcPvlilt15yCrxMtJBXLU++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzQ6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDGz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVrXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBexGMug==</latexit>

0
<latexit sha1_base64="djR+HbL9cReo0/nMGT/45hx0Ajw=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtGpV77Lq3V9U6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+vvjPY=</latexit>

20
<latexit sha1_base64="ppUdFVLfY1A/F1ZKhhrVFnozYV8=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtC6q3mXVu69V6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+75jPg=</latexit>

40
<latexit sha1_base64="3jxXH36ZLypBmiuJMvhCi8flxiQ=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6qXq3q3V9W6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/IDjPo=</latexit>

60
<latexit sha1_base64="dZDlWjbBEJvxUE+K2tdTKdhSl5w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1busevcXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBbio0x</latexit>

120
<latexit sha1_base64="lRviTiMfHuf3GoUtznr+pPyh7Wk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZ9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBelI0z</latexit>

140
<latexit sha1_base64="hg9/CBJpC6vkRvVg3ZyrDEJmvHs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlereveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBhno01</latexit>

160
<latexit sha1_base64="tZog23xW6LHdqudhnfjsuu4OCD4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmrPkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1buqeveXlfpNHkcRTuAUzsGDa6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBkqI03</latexit>

180

<latexit sha1_base64="eid+WhwnNM+BfbyO6/kCk5IeV3o=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkVX8egF48RzQOSJcxOOsmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04LkX3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l69+fV6o3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFbhI0x</latexit>

0.5

<latexit sha1_base64="qXmHVfrH8e9SXjibUBFxtunqNBM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hU1GPRi8eK9gPaUDbbabt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04Lnn3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l699fVKo3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFYfI0v</latexit>

0.3

<latexit sha1_base64="QFw4+4c0rJUH6eFpMx4QAiOQ4EU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0iKqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmlWXf/S9e8vKrWbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBW+I0u</latexit>

0.2

<latexit sha1_base64="a/4FyPbW3VkXnpJg1/6+oi5Bpeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0ikqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6l699XK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBaAI0w</latexit>

0.4

<latexit sha1_base64="oQk0cCEnO4dq5KElPzmThRg7Eis=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hEqseiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuH7V9e8vK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBdCI0y</latexit>

0.6

<latexit sha1_base64="cwbiDN8xOdK5upN6x2+C05zevFA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hErMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6V699fVmo3eRxFOIFTOAcfqlCDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBejI0z</latexit>

0.7

<latexit sha1_base64="sQMJsWrMYevk4s3Sk6tnOc2ZiNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hE1GPRi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077l+r1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroKcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+4/t15rX5dxFGGIziGU/DhEupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH1V0jS0=</latexit>

0.1

<latexit sha1_base64="N3Mev+D2kpivkm/5whYtLBE8ebc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB891++WKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1atVvfvLSv0mj6MIJ3AK5+DBFdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP1iAjS8=</latexit>

100
<latexit sha1_base64="CXamItrQE1037xyQME9wQHJwHnY=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDmp8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07JhuAtv7xKWhdV76rq3V9W6jd5HEU4gVM4Bw+uoQ530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/UNjPw=</latexit>

80
<latexit sha1_base64="Nh7TLHkIWAHD9QsOwjc+3htkUJM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUcPvlilt15yCrxMtJBXLU++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzQ6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDGz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVrXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBexGMug==</latexit>

0
<latexit sha1_base64="djR+HbL9cReo0/nMGT/45hx0Ajw=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtGpV77Lq3V9U6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+vvjPY=</latexit>

20
<latexit sha1_base64="ppUdFVLfY1A/F1ZKhhrVFnozYV8=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtC6q3mXVu69V6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+75jPg=</latexit>

40
<latexit sha1_base64="3jxXH36ZLypBmiuJMvhCi8flxiQ=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6qXq3q3V9W6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/IDjPo=</latexit>

60
<latexit sha1_base64="dZDlWjbBEJvxUE+K2tdTKdhSl5w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1busevcXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBbio0x</latexit>

120
<latexit sha1_base64="lRviTiMfHuf3GoUtznr+pPyh7Wk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZ9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBelI0z</latexit>

140
<latexit sha1_base64="hg9/CBJpC6vkRvVg3ZyrDEJmvHs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlereveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBhno01</latexit>

160
<latexit sha1_base64="tZog23xW6LHdqudhnfjsuu4OCD4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmrPkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1buqeveXlfpNHkcRTuAUzsGDa6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBkqI03</latexit>

180

<latexit sha1_base64="eid+WhwnNM+BfbyO6/kCk5IeV3o=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkVX8egF48RzQOSJcxOOsmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04LkX3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l69+fV6o3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFbhI0x</latexit>

0.5

<latexit sha1_base64="qXmHVfrH8e9SXjibUBFxtunqNBM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hU1GPRi8eK9gPaUDbbabt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04Lnn3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l699fVKo3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFYfI0v</latexit>

0.3

<latexit sha1_base64="QFw4+4c0rJUH6eFpMx4QAiOQ4EU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0iKqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmlWXf/S9e8vKrWbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBW+I0u</latexit>

0.2

<latexit sha1_base64="a/4FyPbW3VkXnpJg1/6+oi5Bpeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0ikqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6l699XK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBaAI0w</latexit>

0.4

<latexit sha1_base64="oQk0cCEnO4dq5KElPzmThRg7Eis=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hEqseiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuH7V9e8vK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBdCI0y</latexit>

0.6

<latexit sha1_base64="cwbiDN8xOdK5upN6x2+C05zevFA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hErMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6V699fVmo3eRxFOIFTOAcfqlCDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBejI0z</latexit>

0.7

<latexit sha1_base64="sQMJsWrMYevk4s3Sk6tnOc2ZiNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hE1GPRi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077l+r1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroKcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+4/t15rX5dxFGGIziGU/DhEupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH1V0jS0=</latexit>

0.1

Fig. 5. Histogram of canonical pose deviation from the mean canonical pose. We estimate the canonical pose of aligned 3D point clouds from ShapeNet using
our method, Canonical Capsules [Sun et al. 2021] and Compass [Spezialetti et al. 2020]. In the bottom row, we show the normalized histogram of the deviation
from the mean pose. It is clear that while our method is shape-consistent, both Compass and Canonical Capsules struggle to have a single canonical pose. In
the top row, we focus on small, medium and large deviation cases of Canonical Capsules, marked by cyan, red, and orange circles on the histogram plot,
respectively. The canonical pose of the same objects is shown for Compass and our method, as well as their location on the corresponding histogram plot. The
arrow next to the objects is directed toward the local shape z+ direction.

iteration checkpoint and use it for our evaluation. The decoder is
AtlasNetV2 [Deprelle et al. 2019] decoder with 10 learnable grids.

4.2 Pose consistency
We first qualitatively evaluate the consistency of our canonical
representation as shown in Fig. 4. At test time, we feed different
instances at different poses through our trained network, yielding
estimated pose of the input object w.r.t the pose-invariant shape.
We then apply the inverse transformation learned, to transform the
input to its canonical pose. As can be seen, the different instances
are roughly aligned, despite having different shapes. More examples
can be found in our supplementary files.
We also compare our method, both qualitatively and quantita-

tively, to Canonical Capsules [Sun et al. 2021] andCompass [Spezialetti
et al. 2020] by using the alignment in ShapeNet (for Compass no
translation is applied). First, we feed forward all of the aligned
test point clouds {X𝑖 }𝑁𝑡

𝑖=1 through all methods and estimate their
canonical pose {𝑅̃𝑖 }𝑁𝑡

𝑖=1. We expect to have a consistent pose for all
aligned input shapes, thus, we quantify for each instance 𝑖 the an-
gular deviation 𝑑consist

𝑖
of its estimated pose 𝑅̃𝑖 from the mean pose

𝑑consist
𝑖

= ∠
(
𝑅̃𝑖 ,

1
𝑁𝑡

∑
𝑖 𝑅̃𝑖

)
.We present an histogram of {𝑑consist

𝑖
}𝑁𝑡

𝑖=1
in Fig. 5. As can be seen, our method results in a more aligned
canonical shapes as indicated by the peak around the lower devia-
tion values. We visualize the misalignment of Canonical Capsules

Table 1. Stability and consistency of the estimated pose, lower is better.

Stability Consistency

Capsules Compass Ours Capsules Compass Ours

Airplanes 7.42 13.81 2e−3 45.76 71.43 49.97
Chairs 4.79 12.01 4e−3 68.13 68.2 24.31

by sampling objects with small, medium and large deviation, and
compare them to the canonical representation achieved by Com-
pass and our method for the same instances. The misalignment of
Canonical Capsules may be attributed to the complexity of match-
ing unsupervised semantic parts between chairs as they exhibit
high variation (size, missing parts, varied structure). We quantify
the consistency by the standard deviation of the estimated pose√︃

1
𝑁𝑡

∑
𝑖 𝑑

2
𝑖
in Table 1. Evidently, Compass falls short for both object

classes. Canonical Capsules preform slightly better than our method
for planes, while our method is much more consistent for the chair
category.

4.3 Stability
A key attribute in our approach is the network construction, which
outputs a purely SE(3)-invariant canonical shape. Since we do not
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Input

Ours

Compass

Capsules

<latexit sha1_base64="ojntPXSnVfJmh+Ijnakt+WaNVd0=">AAAB8HicbVC7TgJBFL2LL8QXamkzkZhYkV0KtSTSWGIiDwMbMjvMwoR5bGZmTciGr7Cx0BhbP8fOv3GALRQ8ySRnzrk3994TJZwZ6/vfXmFjc2t7p7hb2ts/ODwqH5+0jUo1oS2iuNLdCBvKmaQtyyyn3URTLCJOO9GkMfc7T1QbpuSDnSY0FHgkWcwItk56bGCppPvwQbniV/0F0DoJclKBHM1B+as/VCQVVFrCsTG9wE9smGFtGeF0VuqnhiaYTPCI9hyVWFATZouFZ+jCKUMUK+2etGih/u7IsDBmKiJXKbAdm1VvLv7n9VIb34QZk0lqqSTLQXHKkVVofj0aMk2J5VNHMNHM7YrIGGtMrMuo5EIIVk9eJ+1aNbiqBve1Sv02j6MIZ3AOlxDANdThDprQAgICnuEV3jztvXjv3seytODlPafwB97nD8EbkGA=</latexit>

Canonical

Fig. 6. Stability of the canonical representation to rigid transformation of the input. The location and orientation of the same point cloud affects its canonical
representation in both Canonical Capsules [Sun et al. 2021] and Compass [Spezialetti et al. 2020]. Our canonical representation (bottom row) is SE(3)-invariant
to the rigid transformation of the input.

<latexit sha1_base64="0yno6BDZG/F1pJ/8gtPu2O8brYY=">AAAB9XicbVA9TwJBEJ3zE/ELtbS5SExsJHcUakm00Q4T+UjgJHPLHmzY273s7mEI4X/YWGiMrf/Fzn/jAlco+JJJXt6bycy8MOFMG8/7dlZW19Y3NnNb+e2d3b39wsFhXctUEVojkkvVDFFTzgStGWY4bSaKYhxy2ggHN1O/MaRKMykezCihQYw9wSJG0FjpsSo1Pb8TQ1QMhekUil7Jm8FdJn5GipCh2il8tbuSpDEVhnDUuuV7iQnGqAwjnE7y7VTTBMkAe7RlqcCY6mA8u3rinlql60ZS2RLGnam/J8YYaz2KQ9sZo+nrRW8q/ue1UhNdBWMmktRQQeaLopS7RrrTCNwuU5QYPrIEiWL2Vpf0USExNqi8DcFffHmZ1Msl/6Lk35eLlessjhwcwwmcgQ+XUIFbqEINCCh4hld4c56cF+fd+Zi3rjjZzBH8gfP5A3IZkno=</latexit>

Pose-Invariant
<latexit sha1_base64="6gC2YbEJDxj7QV4O85qFNHaDqas=">AAAB9XicbVA9T8MwEL2Ur1K+CowsFhUSU5V0AMYKFsYi0Q+pDZXjOq1Vx4nsC6iq+j9YGECIlf/Cxr/BaTNAy5MsPb93p7t7QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY32R++5FrI2J1j5OE+xEdKhEKRtFKD5qzWBnUKcu+/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBf0o1Cib5rNRLDU8oG9Mh71qqaMSNP51vPSNnVhmQMNb2KSRz9XfHlEbGTKLAVkYUR2bZy8T/vG6K4ZU/FSpJkSu2GBSmkmBMsgjIQNizUU4soUwLuythI6opQxtUyYbgLZ+8Slq1qndR9e5qlfp1HkcRTuAUzsGDS6jDLTSgCQw0PMMrvDlPzovz7nwsSgtO3nMMf+B8/gBUa5MM</latexit>

reconstruction

<latexit sha1_base64="HBF84OgMUNCQvleDb7p2jg6ENoY=">AAAB7HicbVBNS8NAFHzxs9avqkcvi0XwVJIe1GPRi94qmLbQhrLZvrRLN5uwuxFK6W/w4kERr/4gb/4bN20O2jqwMMy8x76ZMBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4NvfbT6g0T+SjmaQYxHQoecQZNVby72WamX6l6tbcOcgq8QpShQLNfuWrN0hYFqM0TFCtu56bmmBKleFM4KzcyzSmlI3pELuWShqjDqbzY2fk3CoDEiXKPmnIXP29MaWx1pM4tJMxNSO97OXif143M9F1MOV5IpRs8VGUCWISkicnA66QGTGxhDLF7a2EjaiizNh+yrYEbznyKmnVa95lzXuoVxs3RR0lOIUzuAAPrqABd9AEHxhweIZXeHOk8+K8Ox+L0TWn2DmBP3A+fwDpfY7A</latexit>

Input
<latexit sha1_base64="HBF84OgMUNCQvleDb7p2jg6ENoY=">AAAB7HicbVBNS8NAFHzxs9avqkcvi0XwVJIe1GPRi94qmLbQhrLZvrRLN5uwuxFK6W/w4kERr/4gb/4bN20O2jqwMMy8x76ZMBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4NvfbT6g0T+SjmaQYxHQoecQZNVby72WamX6l6tbcOcgq8QpShQLNfuWrN0hYFqM0TFCtu56bmmBKleFM4KzcyzSmlI3pELuWShqjDqbzY2fk3CoDEiXKPmnIXP29MaWx1pM4tJMxNSO97OXif143M9F1MOV5IpRs8VGUCWISkicnA66QGTGxhDLF7a2EjaiizNh+yrYEbznyKmnVa95lzXuoVxs3RR0lOIUzuAAPrqABd9AEHxhweIZXeHOk8+K8Ox+L0TWn2DmBP3A+fwDpfY7A</latexit>

Input
<latexit sha1_base64="6gC2YbEJDxj7QV4O85qFNHaDqas=">AAAB9XicbVA9T8MwEL2Ur1K+CowsFhUSU5V0AMYKFsYi0Q+pDZXjOq1Vx4nsC6iq+j9YGECIlf/Cxr/BaTNAy5MsPb93p7t7QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY32R++5FrI2J1j5OE+xEdKhEKRtFKD5qzWBnUKcu+/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBf0o1Cib5rNRLDU8oG9Mh71qqaMSNP51vPSNnVhmQMNb2KSRz9XfHlEbGTKLAVkYUR2bZy8T/vG6K4ZU/FSpJkSu2GBSmkmBMsgjIQNizUU4soUwLuythI6opQxtUyYbgLZ+8Slq1qndR9e5qlfp1HkcRTuAUzsGDS6jDLTSgCQw0PMMrvDlPzovz7nwsSgtO3nMMf+B8/gBUa5MM</latexit>

reconstruction

<latexit sha1_base64="+qklwPCtnQndOL8H2mOv3f3yCUo=">AAAB73icbVA9SwNBEJ3zM8avqKXNYhBsDHcp1DJoYxnFfEByhL29uWTJ3t65uyeEkD9hY6GIrX/Hzn/jJrlCEx8MPN6bYWZekAqujet+Oyura+sbm4Wt4vbO7t5+6eCwqZNMMWywRCSqHVCNgktsGG4EtlOFNA4EtoLhzdRvPaHSPJEPZpSiH9O+5BFn1FipfY/naaIx7JXKbsWdgSwTLydlyFHvlb66YcKyGKVhgmrd8dzU+GOqDGcCJ8VupjGlbEj72LFU0hi1P57dOyGnVglJlChb0pCZ+ntiTGOtR3FgO2NqBnrRm4r/eZ3MRFf+mMs0MyjZfFGUCWISMn2ehFwhM2JkCWWK21sJG1BFmbERFW0I3uLLy6RZrXgXFe+uWq5d53EU4BhO4Aw8uIQa3EIdGsBAwDO8wpvz6Lw4787HvHXFyWeO4A+czx/Is4/N</latexit>

Re-posed
<latexit sha1_base64="HBF84OgMUNCQvleDb7p2jg6ENoY=">AAAB7HicbVBNS8NAFHzxs9avqkcvi0XwVJIe1GPRi94qmLbQhrLZvrRLN5uwuxFK6W/w4kERr/4gb/4bN20O2jqwMMy8x76ZMBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4NvfbT6g0T+SjmaQYxHQoecQZNVby72WamX6l6tbcOcgq8QpShQLNfuWrN0hYFqM0TFCtu56bmmBKleFM4KzcyzSmlI3pELuWShqjDqbzY2fk3CoDEiXKPmnIXP29MaWx1pM4tJMxNSO97OXif143M9F1MOV5IpRs8VGUCWISkicnA66QGTGxhDLF7a2EjaiizNh+yrYEbznyKmnVa95lzXuoVxs3RR0lOIUzuAAPrqABd9AEHxhweIZXeHOk8+K8Ox+L0TWn2DmBP3A+fwDpfY7A</latexit>

Input

<latexit sha1_base64="0yno6BDZG/F1pJ/8gtPu2O8brYY=">AAAB9XicbVA9TwJBEJ3zE/ELtbS5SExsJHcUakm00Q4T+UjgJHPLHmzY273s7mEI4X/YWGiMrf/Fzn/jAlco+JJJXt6bycy8MOFMG8/7dlZW19Y3NnNb+e2d3b39wsFhXctUEVojkkvVDFFTzgStGWY4bSaKYhxy2ggHN1O/MaRKMykezCihQYw9wSJG0FjpsSo1Pb8TQ1QMhekUil7Jm8FdJn5GipCh2il8tbuSpDEVhnDUuuV7iQnGqAwjnE7y7VTTBMkAe7RlqcCY6mA8u3rinlql60ZS2RLGnam/J8YYaz2KQ9sZo+nrRW8q/ue1UhNdBWMmktRQQeaLopS7RrrTCNwuU5QYPrIEiWL2Vpf0USExNqi8DcFffHmZ1Msl/6Lk35eLlessjhwcwwmcgQ+XUIFbqEINCCh4hld4c56cF+fd+Zi3rjjZzBH8gfP5A3IZkno=</latexit>

Pose-Invariant
<latexit sha1_base64="6gC2YbEJDxj7QV4O85qFNHaDqas=">AAAB9XicbVA9T8MwEL2Ur1K+CowsFhUSU5V0AMYKFsYi0Q+pDZXjOq1Vx4nsC6iq+j9YGECIlf/Cxr/BaTNAy5MsPb93p7t7QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZeJUM95ksYx1J6CGS6F4EwVK3kk0p1EgeTsY32R++5FrI2J1j5OE+xEdKhEKRtFKD5qzWBnUKcu+/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBf0o1Cib5rNRLDU8oG9Mh71qqaMSNP51vPSNnVhmQMNb2KSRz9XfHlEbGTKLAVkYUR2bZy8T/vG6K4ZU/FSpJkSu2GBSmkmBMsgjIQNizUU4soUwLuythI6opQxtUyYbgLZ+8Slq1qndR9e5qlfp1HkcRTuAUzsGDS6jDLTSgCQw0PMMrvDlPzovz7nwsSgtO3nMMf+B8/gBUa5MM</latexit>

reconstruction
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Fig. 7. Reconstruction of chairs and planes under SE(3) transformations. The input point cloud (left) is disentangled to shape (second from the right) and pose,
which together reconstruct the input point cloud, as shown in the right most column. The inverse pose is applied to the input point cloud to achieve a canonical
representation (second image from the left). The colors of the reconstructed point cloud indicate different decoders of AtlasNetV2 [Deprelle et al. 2019]

.
require any optimization for such invariance, our canonical shape
is expected to be very stable compared with Canonical Capsules
and Compass. We quantify the stability, as proposed by Canonical
Capsules, in a similar manner to the consistency metric. For each
instance 𝑖 , we randomly rotate the object 𝑘 = 10 times, and estimate
the canonical pose for each rotated instance {𝑅̃𝑖 𝑗 }𝑘𝑗=1. We average
across all 𝑁𝑡 instances the standard deviation of the angular pose
estimation as follows,

𝑑stability =
1
𝑁𝑡

∑︁
𝑖

√√√√√∑︁
𝑗

∠
©­«𝑅̃𝑖 𝑗 , 1𝑘

∑︁
𝑗

𝑅̃𝑖 𝑗
ª®¬
2

. (16)

The results are reported in Table 1. As expected, Canonical Cap-
sules and Compass exhibit non-negligible instability, as we visualize
in Fig. 6.

4.4 Reconstruction quality
We show qualitatively our point cloud reconstruction in Fig. 7. Please
note that our goal is not to build a SOTA auto-encoder in terms
of reconstruction, rather we learn to disentangle pose from shape
via auto-encoding. Nonetheless, our auto-encoder does result in a
pleasing result as shown in Fig. 7. Moreover, since we utilize Atlas-
NetV2[Deprelle et al. 2019] which utilizes a multiple patch-based
decoder, we can examine which point belongs to which decoder. As
our shape-encoding is both invariant to pose and consistent across
different shapes, much like in the aligned scenario, each decoder
assume some-what of semantic meaning, capturing for example the
right wing of the airplanes. Please note that we do not enforce any
structuring on the decoders.
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Fig. 8. Reconstruction results of OccNet [Mescheder et al. 2019] via shape-pose disentanglement. An input point cloud on the left is disentangled to shape
encoding and pose. OccNet decodes only the shape encoding yielding a canonical shape on the right column. The reconstruction is then transformed by the
estimated pose as seen in the middle column. Meshes are extracted via Multiresolution IsoSurface Extraction (MISE) [Mescheder et al. 2019]

4.5 3D implicit reconstruction
We show that our encoder can be attached to a different reconstruc-
tion task by repeating OccNet [Mescheder et al. 2019] completion
experiment. We replace OccNet encoder with our shape-pose disen-
tagling encoder. The experiment is preformed with the same settings
as in [Mescheder et al. 2019]. We use the subset of [Choy et al. 2016],
and the point clouds are sub-sampled from the watertight mesh,
containing only 300 points and applied with a Gaussian noise. We
have trained OccNet for 600𝐾 iterations and report the results of
the best (reconstruction wise) checkpoint. We show in Fig. 8 a few
examples of rotated point clouds (left), its implicit function recon-
struction (middle) and the implicit function reconstruction in the
canonical pose (right).

5 CONCLUSIONS
We have presented a stable and consistent canonical representation
learning. To achieve a pose-invariant represenation, we have de-
vised an SE(3)-equivairant encoder, extending the VNN framework,
to meet the requirements of canonical pose learning, i.e., learning
rigid transformations. Our experiments show, both qualitatively
and quantitatively, that our canonical representation is significantly
more stable than recent approaches and has similar or better con-
sistency, especially for diverse object classes. Moreover, we show
that our approach is not limited to specific decoding mechanism,
allowing for example to reconstruct canonical implicit neural field.
In the future, we would like to explore the potential of our canonical
representation for point cloud processing tasks requiring aligned
settings, such as completion and unsupervised segmentation, where
the canonical representation is learned on-the-fly, along with the
task.
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A SE(3)-EQUIVARIANCE VERIFICATION
In this section we verify that our VNT layers are indeed translation
and rotation equivariant, as well as explicitly present other layers,
not included in the paper.

A.1 Verifying SE(3)-equivariant linear layer
We verify that the linear module 𝑓lin (·;W), defined via a weight
matrix
W ∈ W𝐶′×𝐶 , acting on a vector-list feature V ∈ R𝐶×3, such that

W𝐶′×𝐶 =

{
W ∈ R𝐶

′×𝐶 | ∑𝐶
𝑗=1𝑤𝑖, 𝑗 = 1 ∀𝑖 ∈ [1,𝐶 ′]

}
, (17)

is SE(3)-equivariant.
Let wj ∈ R𝐶′×𝐶 be the 𝑗 column of W, and let 𝑅 ∈ R3×3 be a

rotation matrix and 𝑇 ∈ R1×3 a translation vector. For 𝑓lin (·;W) to
be SE(3)-equivariant, the following must hold:

𝑓lin (V𝑅 + 1𝐶𝑇 ) = W (V𝑅 + 1𝐶𝑇 ) = WV𝑅 + W1𝐶𝑇 =

= WV𝑅 + ©­«
𝐶∑︁
𝑗=1

w𝑗
ª®¬𝑇 = (WV)𝑅 + 1𝐶′𝑇,= 𝑓lin (V)𝑅 + 1𝐶′𝑇, (18)

where 1𝐶 = [1, 1, . . . , 1]𝑇 ∈ R𝐶×1 is a column vector of length
𝐶 , and

∑𝐶
𝑗=1 wj = 1𝐶′ , since

(∑𝐶
𝑗=1 wj

)
[𝑖] =

∑𝐶
𝑗=1𝑤𝑖 𝑗 = 1 for

𝑖 = 1, . . . ,𝐶 ′

A.2 Verifying SE(3)-equivariant ReLU
We verify that the ReLU layer is SE(3)-equivariant.

Let V,V′ ∈ R𝐶×3 be the input and output of a ReLU layer,

V′ = 𝑓ReLU (V) . (19)

Let v′ ∈ R1×3 be a single vector, such that v′ ∈ V′. As explained
in Section 3.1 of the paper, we learn three translation equivariant
linear maps, Q,K,O ∈ W1×𝐶 projecting the input to q, k, o ∈ R1×3,
yielding an origin o, a feature qo = q − o and a direction ko = k − o.
The ReLU layer for a single vector neuron is then defined via

v′ =

{
o + qo if ⟨qo, ko⟩ ≥ 0,
o + qo −

〈
qo,

ko
∥ko ∥

〉
ko
∥ko ∥ , otherwise.

. (20)

q, k, o are SE(3)-equivariant and according to Eq .(7) of the paper,
qo, ko are translation invariant (and rotation equivariant) as they
are the subtraction of two SE(3)-equivariant vector neurons, thus,
the condition term ⟨qo, ko⟩ is also translation invariant. As shown
in VNN [6], the inner product of two rotation equivariant vector-
neurons is rotation invariance. Similarly here, assume the input V
is rotated with a rotation matrix 𝑅 ∈ R3×3, then

⟨qo𝑅, ko𝑅⟩ = qo𝑅𝑅
𝑇 ko = qoko

𝑇 = ⟨qo, ko⟩ (21)

To conclude, the condition term ⟨qo, ko⟩ is SE(3)-invariant.
When ⟨qo, ko⟩ ≥ 0, the output vector neuron v′ = o + qo = q,

and thus it is SE(3)-equivariant.
When ⟨qo, ko⟩ < 0 the output vector neuron is

o + qo −
〈
qo,

ko
∥ko∥

〉
ko
∥ko∥

, (22)

Similarly to Eq .(21) the term〈
qo,

ko
∥ko∥

〉
1

∥ko∥
=

⟨qo, ko⟩
⟨ko, ko⟩

, (23)

is also SE(3)-invariant.
We can now easily prove that if the input V is rotated with a

rotation matrix 𝑅 ∈ R3×3 and translation vector 𝑇 ∈ R1×3, then

v′ =o𝑅 + 1𝐶𝑇 + qo𝑅 −
〈
qo,

ko
∥ko∥

〉
ko𝑅

∥ko∥

=

(
o + qo −

〈
qo,

ko
∥ko∥

〉
ko
∥ko∥

)
𝑅 + 1𝐶𝑇 = v′𝑅 + 1𝐶𝑇, (24)

Thereby completing the proof.

A.3 VNT-LeakyReLU
LeakyReLU is defined in a similar manner to the ReLU layer, with
slight modification to the output vector neuron, given by

v′ = 𝛼q + (1 − 𝛼) v′ReLU, (25)

where 𝛼 ∈ R
Easy to see that the v′ is SE(3)-equivariant.

A.4 VNT-MaxPool
Given a set of vector-neuron list V ∈ R𝑁×𝐶×3, we learn two linear
maps K,O ∈ W𝐶×𝐶 , shared between Vn ∈ V .

We obtain a translation invariant direction

K = {KVn − OVn, }𝑁𝑛=1 (26)

and a translation invariant features

Q = {Vn − OVn}𝑁𝑛=1 . (27)

The VNT-MaxPool is defined by

𝑓𝑀𝐴𝑋 (V) [𝑐] = V𝑛∗ [𝑐] (28)
where 𝑛∗ = argmax

𝑛
⟨Qn [𝑐],Kn [𝑐]⟩, (29)

where Qn ∈ Q and Kn ∈ K . Since Qn, Kn are translation invariant,
and their inner product is also rotation invariant the selection pro-
cess of 𝑛∗ for every channel 𝑐 is invariant to SE(3). We note that
both K,O can be shared across vector-neurons.

B IMPLEMENTATIONS DETAILS

B.1 Encoder architecture
In this section we elaborate on our encoder architecture. Our en-
coder contains VNT layers following with VNN layers as reported
in Table 2. LinearLeakyReLU stands for the leakyReLU with feature
learning Q. For the exact VNN layers definition (and specifically
STNkd) we refer the reader to VNN [6].

C IMPLICIT RECONSTRUCTION
Occupancy network reconstruction from a point clouds 𝑋 ∈ R𝑁×3,
with a learned embedding z ∈ X , learns a mapping function
𝑓𝜃 (𝑝, z) : R3 × X → [0, 1]. In occupancy network completion ex-
periment, the point cloud is sampled from the watertight mesh, and
the mesh is used as supervision to sample𝑀 training point {𝑝𝑖 }𝑀𝑖=1
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Table 2. Our shape-pose disentangling encoder architecture.

Name Input channel Output channel Type

LinearLeakyReLU 3 64//3 VNT
LinearLeakyReLU 64//3 64//3 VNT

T-invariant 64//3 64//3 VNT
LinearLeakyReLU 64//3 64//3 VNN
STNkd+concat 64//3 2·(64//3) VNN

LinearLeakyReLU 2·(64//3) 2·(64//3) VNN
LinearLeakyReLU 2·(64//3) 170 VNN

BatchNorm 170 170 VNN
Meanpool+concat 170 340 VNN

R-invariant 340 340 VNN
Flatten 340 · 3 1020 Regular

Max-pool 1020 1020 Regular

inside and outside the mesh, indicated by {𝑜𝑖 } ∈ [0, 1]𝑀 . We fol-
low the same experiment, with slight changes. We feed our learned
pose-invariant encoding Zs through 𝑓𝜃 , and project the points {𝑝𝑖 }
from the input pose to the learned canonical pose by:

𝑝𝑖 = (𝑝𝑖 −𝑇 )𝑅̃𝑇 𝑖 = 1, . . . , 𝑀 (30)

Therefore, our reconstruction loss is

Lrec =

𝑀∑︁
𝑖=1

LBCE (𝑓𝜃 (𝑝𝑖 ,Zs), 𝑜𝑖 ), (31)

where LBCE is binary cross entropy loss. For implicit reconstruction
we have found it beneficial to train the network in an alternating
approach, where at the first phase we backward w.r.t Lrec and in
the second phase we backward w.r.t

L2 = 𝜆1Lortho + 𝜆2L
aug
consist . (32)

D ADDITIONAL RESULTS

D.1 Augmentations ablation
In this section we specify in more details our augmentations, which
can be seen in Fig. 9, and ablate their individual donation to the
consistency of our canonical representation. Our augmentations
are Furthest point sampling (FPS), with random number of points
𝑁FPS = U (300, 500) per batch, K-NN removal (KNN), where a point
is randomly selected on the point cloud, and its 𝑁KNN = 100 points
are removed, Gaussian Noise added to the point clouds with 𝜇 = 0
and 𝜎 = 0.025, a re-sampling augmentations (Resample) where we
re-select which 𝑁 = 1024 to sample from the original point cloud,
and canonical rotation (Can), where the point cloud reconstruction
in its canonical representation is rotated and transformed to create
a supervised version of itself. Since our method is pose-invariant by
construction, different augmentations have no effect on the stability,
thus, we ablate only w.r.t the consistency as reported in Table 3. We
ablate the donation of each augmentation by removing it from the
training process and measuring the consistency as defined in the
paper. Evidently, the lesser factor is the noise addition augmentation,
while KNN and FPS donate the most to the consistency metric.

<latexit sha1_base64="jKOMn022JQSj4ICU2DMge4bgjy4=">AAAB7XicbVC7TsMwFL0pr1JeBUYWiwqJqUo6AGMFC2MR9CG1UeW4Tmvq2JHtIFVR/4GFAYRY+R82/gYnzQAtR7J0dM691/eeIOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WiCG0TyaXqBVhTzgRtG2Y47cWK4ijgtBtMbzK/+0SVZlI8mFlM/QiPBQsZwcZKnft8zrBac+tuDrRKvILUoEBrWP0ajCRJIioM4VjrvufGxk+xMoxwOq8MEk1jTKZ4TPuWChxR7af5tnN0ZpURCqWyTxiUq787UhxpPYsCWxlhM9HLXib+5/UTE175KRNxYqggi4/ChCMjUXY6GjFFieEzSzBRzO6KyAQrTIwNqGJD8JZPXiWdRt27qHt3jVrzuoijDCdwCufgwSU04RZa0AYCj/AMr/DmSOfFeXc+FqUlp+g5hj9wPn8Ao7qPKw==</latexit>

Source
<latexit sha1_base64="Ssd7Z9W9tls9NixcieQYr/h6x34=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkP6rEoiMdK7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/nbX1jc2t7cJOcXdv/+CwdHTcMnGqGW+yWMa6E1DDpVC8iQIl7ySa0yiQvB2Mb2d++4lrI2L1iJOE+xEdKhEKRtFKjbt6o18quxV3DrJKvJyUIUe9X/rqDWKWRlwhk9SYrucm6GdUo2CST4u91PCEsjEd8q6likbc+Nn81Ck5t8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06RRuCt/zyKmlVK95lxXuolms3eRwFOIUzuAAPrqAG91CHJjAYwjO8wpsjnRfn3flYtK45+cwJ/IHz+QPdio2F</latexit>

FPS
<latexit sha1_base64="XAYPJ/O/tuDnV3fp6UlKJPcI8A0=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkP6rHoxZNUMG2hDWWznbRLN5uwuxFK6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwlRwbVz321lb39jc2i7tlHf39g8OK0fHLZ1kiqHPEpGoTkg1Ci7RN9wI7KQKaRwKbIfj25nffkKleSIfzSTFIKZDySPOqLGSf59wjf1K1a25c5BV4hWkCgWa/cpXb5CwLEZpmKBadz03NUFOleFM4LTcyzSmlI3pELuWShqjDvL5sVNybpUBiRJlSxoyV39P5DTWehKHtjOmZqSXvZn4n9fNTHQd5FymmUHJFouiTBCTkNnnZMAVMiMmllCmuL2VsBFVlBmbT9mG4C2/vEpa9Zp3WfMe6tXGTRFHCU7hDC7AgytowB00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx/OPI6u</latexit>

Noise
<latexit sha1_base64="d9WzgmnxdSQVtqpYJKtSjDhwy/M=">AAAB73icbVA9SwNBEJ2LXzF+RS1tFoNgFe5SqGXQxjKK+YDkCHubuWTJ3t65uyeEI3/CxkIRW/+Onf/GTXKFJj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCopeNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoPxzcxvP6HSPJYPZpKgH9Gh5CFn1Fipc4+aRonAfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzeKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPIzLpPUoGSLRWEqiInJ7Hky4AqZERNLKFPc3krYiCrKjI2oZEPwll9eJa1a1buoene1Sv06j6MIJ3AK5+DBJdThFhrQBAYCnuEV3pxH58V5dz4WrQUnnzmGP3A+fwAhx5AH</latexit>

Resample<latexit sha1_base64="khN8jzY1lq/OTpm3gXhN0KLlJ24=">AAAB83icbVBNSwMxEJ31s9avqkcvwSJ4Krs9qMeiF48V7Ae0S8mm0zY02SxJtlCW/g0vHhTx6p/x5r8xbfegrQ8GHu/NJDMvSgQ31ve/vY3Nre2d3cJecf/g8Oi4dHLaNCrVDBtMCaXbETUoeIwNy63AdqKRykhgKxrfz/3WBLXhKn6y0wRDSYcxH3BGrZO6daot0SjVhIpeqexX/AXIOglyUoYc9V7pq9tXLJUYWyaoMZ3AT2yYuSc5EzgrdlODCWVjOsSOozGVaMJssfOMXDqlTwZKu4otWai/JzIqjZnKyHVKakdm1ZuL/3md1A5uw4zHSWoxZsuPBqkgVpF5AKTPNTIrpo5QprnblbAR1ZRZF1PRhRCsnrxOmtVKcF0JHqvl2l0eRwHO4QKuIIAbqMED1KEBDBJ4hld481LvxXv3PpatG14+cwZ/4H3+APdGkaM=</latexit>

Part removal
<latexit sha1_base64="khN8jzY1lq/OTpm3gXhN0KLlJ24=">AAAB83icbVBNSwMxEJ31s9avqkcvwSJ4Krs9qMeiF48V7Ae0S8mm0zY02SxJtlCW/g0vHhTx6p/x5r8xbfegrQ8GHu/NJDMvSgQ31ve/vY3Nre2d3cJecf/g8Oi4dHLaNCrVDBtMCaXbETUoeIwNy63AdqKRykhgKxrfz/3WBLXhKn6y0wRDSYcxH3BGrZO6daot0SjVhIpeqexX/AXIOglyUoYc9V7pq9tXLJUYWyaoMZ3AT2yYuSc5EzgrdlODCWVjOsSOozGVaMJssfOMXDqlTwZKu4otWai/JzIqjZnKyHVKakdm1ZuL/3md1A5uw4zHSWoxZsuPBqkgVpF5AKTPNTIrpo5QprnblbAR1ZRZF1PRhRCsnrxOmtVKcF0JHqvl2l0eRwHO4QKuIIAbqMED1KEBDBJ4hld481LvxXv3PpatG14+cwZ/4H3+APdGkaM=</latexit>

Part removal

Fig. 9. Point cloud augmentations. The source point cloud on the left (blue),
is modified (brown) to supervise a rotation and translation learning invariant
of the shape.

Table 3. Consistency of different augmentations composition (lower is bet-
ter). Each column but the last represents the absence of an augmentation,
indicating its importance to the consistency metric.

-FPS - Noise -KNN -Resample -Can All

Airplanes 52.31 50.0 66.4 50.5 53.7 49.9
Chairs 27.31 24.41 27.31 25.3 25.1 24.31

D.2 Pose consistency
We present more canonical alignment results for point clouds and
implicit function reconstruction Fig. 10, Fig. 11, Fig. 12 and Fig. 13.

In addition, we experiment with partial dataset for shape comple-
tion derived from ShapeNet (See Yuan et al. "Pcn: Point completion
network"). The partial points clouds are a projection of 2.5D depth
maps of the model into 3D point clouds. The dataset contains 8
such partial point clouds per model. As can be seen in Fig. 14 while
learning a consistent canonical pose is difficult for partial shapes,
our canonical pose is reasonable and mostly consistent. Although,
misalignment is apparent in the consistency histogram, please note
that no complete point cloud is present in this setting, and no hyper-
parameter tuning was done.

D.3 Stability
Please see the attached videos for stability visualization, divided to
two sub-folders for chairs and airplanes. In each video, we sample
a single point cloud and rotate it with multiple random rotation
matrices. We feed the rotated point cloud (see on the left of each
video) through Compass, Canonical Capsules and Our method, and
show the input point cloud in canonical pose for all methods. Our
method reconstruct a SE(3)-invariant canonical representation and
a SE(3)-equivariant pose estimation, thus, almost no changes are
observable in the canonical representation, while both Canonical
Capsules and Compass exhibit instability in the canonical pose
estimation.
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<latexit sha1_base64="HBF84OgMUNCQvleDb7p2jg6ENoY=">AAAB7HicbVBNS8NAFHzxs9avqkcvi0XwVJIe1GPRi94qmLbQhrLZvrRLN5uwuxFK6W/w4kERr/4gb/4bN20O2jqwMMy8x76ZMBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4NvfbT6g0T+SjmaQYxHQoecQZNVby72WamX6l6tbcOcgq8QpShQLNfuWrN0hYFqM0TFCtu56bmmBKleFM4KzcyzSmlI3pELuWShqjDqbzY2fk3CoDEiXKPmnIXP29MaWx1pM4tJMxNSO97OXif143M9F1MOV5IpRs8VGUCWISkicnA66QGTGxhDLF7a2EjaiizNh+yrYEbznyKmnVa95lzXuoVxs3RR0lOIUzuAAPrqABd9AEHxhweIZXeHOk8+K8Ox+L0TWn2DmBP3A+fwDpfY7A</latexit>

Input
<latexit sha1_base64="Ib2RVJbadpcub0PvMtJ7qJ5z6ik=">AAAB83icbVA9SwNBEJ3zM8avqKXNYhCswl0KtQymsYxgPiA5wt5mkizZ2z1294Rw5G/YWChi65+x89+4Sa7QxAcDj/dmmJkXJYIb6/vf3sbm1vbObmGvuH9weHRcOjltGZVqhk2mhNKdiBoUXGLTciuwk2ikcSSwHU3qc7/9hNpwJR/tNMEwpiPJh5xR66RenUolOSOJMtgvlf2KvwBZJ0FOypCj0S999QaKpTFKywQ1phv4iQ0zqi1nAmfFXmowoWxCR9h1VNIYTZgtbp6RS6cMyFBpV9KShfp7IqOxMdM4cp0xtWOz6s3F/7xuaoe3YcZlklqUbLlomApiFZkHQAZcI7Ni6ghlmrtbCRtTTZl1MRVdCMHqy+ukVa0E15XgoVqu3eVxFOAcLuAKAriBGtxDA5rAIIFneIU3L/VevHfvY9m64eUzZ/AH3ucPzjSRiA==</latexit>

Canonic pose

Fig. 10. More results of planes in canonic representations. The planes on the left are randomly translated and rotated, as seen from a side view (first row) and
top view (second row). Our canonical representation, on the right, exhibit good alignment across different instances both in orientation and position.

<latexit sha1_base64="HBF84OgMUNCQvleDb7p2jg6ENoY=">AAAB7HicbVBNS8NAFHzxs9avqkcvi0XwVJIe1GPRi94qmLbQhrLZvrRLN5uwuxFK6W/w4kERr/4gb/4bN20O2jqwMMy8x76ZMBVcG9f9dtbWNza3tks75d29/YPDytFxSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4NvfbT6g0T+SjmaQYxHQoecQZNVby72WamX6l6tbcOcgq8QpShQLNfuWrN0hYFqM0TFCtu56bmmBKleFM4KzcyzSmlI3pELuWShqjDqbzY2fk3CoDEiXKPmnIXP29MaWx1pM4tJMxNSO97OXif143M9F1MOV5IpRs8VGUCWISkicnA66QGTGxhDLF7a2EjaiizNh+yrYEbznyKmnVa95lzXuoVxs3RR0lOIUzuAAPrqABd9AEHxhweIZXeHOk8+K8Ox+L0TWn2DmBP3A+fwDpfY7A</latexit>

Input
<latexit sha1_base64="Ib2RVJbadpcub0PvMtJ7qJ5z6ik=">AAAB83icbVA9SwNBEJ3zM8avqKXNYhCswl0KtQymsYxgPiA5wt5mkizZ2z1294Rw5G/YWChi65+x89+4Sa7QxAcDj/dmmJkXJYIb6/vf3sbm1vbObmGvuH9weHRcOjltGZVqhk2mhNKdiBoUXGLTciuwk2ikcSSwHU3qc7/9hNpwJR/tNMEwpiPJh5xR66RenUolOSOJMtgvlf2KvwBZJ0FOypCj0S999QaKpTFKywQ1phv4iQ0zqi1nAmfFXmowoWxCR9h1VNIYTZgtbp6RS6cMyFBpV9KShfp7IqOxMdM4cp0xtWOz6s3F/7xuaoe3YcZlklqUbLlomApiFZkHQAZcI7Ni6ghlmrtbCRtTTZl1MRVdCMHqy+ukVa0E15XgoVqu3eVxFOAcLuAKAriBGtxDA5rAIIFneIU3L/VevHfvY9m64eUzZ/AH3ucPzjSRiA==</latexit>

Canonic pose

Fig. 11. More results of chairs in canonic representations. The chairs on the left are randomly translated and rotated, as seen from a side view (first row) and
top view (second row). Our canonical representation, on the right, exhibit good alignment across different instances both in orientation and position.
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Fig. 12. More results of implicit function reconstruction for chairs in canonic representations. Our canonical representation exhibit good alignment across
different instances both in orientation and position.
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Fig. 13. More results of implicit function reconstruction for planes in canonic representations. Our canonical representation exhibit good alignment across
different instances both in orientation and position.
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<latexit sha1_base64="N3Mev+D2kpivkm/5whYtLBE8ebc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB891++WKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1atVvfvLSv0mj6MIJ3AK5+DBFdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP1iAjS8=</latexit>

100
<latexit sha1_base64="CXamItrQE1037xyQME9wQHJwHnY=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDmp8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07JhuAtv7xKWhdV76rq3V9W6jd5HEU4gVM4Bw+uoQ530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/UNjPw=</latexit>

80
<latexit sha1_base64="Nh7TLHkIWAHD9QsOwjc+3htkUJM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUcPvlilt15yCrxMtJBXLU++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzQ6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDGz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVrXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBexGMug==</latexit>

0
<latexit sha1_base64="djR+HbL9cReo0/nMGT/45hx0Ajw=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtGpV77Lq3V9U6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+vvjPY=</latexit>

20
<latexit sha1_base64="ppUdFVLfY1A/F1ZKhhrVFnozYV8=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtC6q3mXVu69V6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+75jPg=</latexit>

40
<latexit sha1_base64="3jxXH36ZLypBmiuJMvhCi8flxiQ=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6qXq3q3V9W6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/IDjPo=</latexit>

60
<latexit sha1_base64="dZDlWjbBEJvxUE+K2tdTKdhSl5w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1busevcXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBbio0x</latexit>

120
<latexit sha1_base64="lRviTiMfHuf3GoUtznr+pPyh7Wk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZ9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBelI0z</latexit>

140
<latexit sha1_base64="hg9/CBJpC6vkRvVg3ZyrDEJmvHs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlereveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBhno01</latexit>

160
<latexit sha1_base64="tZog23xW6LHdqudhnfjsuu4OCD4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmrPkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1buqeveXlfpNHkcRTuAUzsGDa6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBkqI03</latexit>

180

<latexit sha1_base64="eid+WhwnNM+BfbyO6/kCk5IeV3o=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkVX8egF48RzQOSJcxOOsmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04LkX3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l69+fV6o3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFbhI0x</latexit>

0.5

<latexit sha1_base64="qXmHVfrH8e9SXjibUBFxtunqNBM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hU1GPRi8eK9gPaUDbbabt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04Lnn3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l699fVKo3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFYfI0v</latexit>

0.3

<latexit sha1_base64="QFw4+4c0rJUH6eFpMx4QAiOQ4EU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0iKqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmlWXf/S9e8vKrWbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBW+I0u</latexit>

0.2

<latexit sha1_base64="a/4FyPbW3VkXnpJg1/6+oi5Bpeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0ikqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6l699XK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBaAI0w</latexit>

0.4

<latexit sha1_base64="oQk0cCEnO4dq5KElPzmThRg7Eis=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hEqseiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuH7V9e8vK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBdCI0y</latexit>

0.6

<latexit sha1_base64="cwbiDN8xOdK5upN6x2+C05zevFA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hErMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6V699fVmo3eRxFOIFTOAcfqlCDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBejI0z</latexit>

0.7

<latexit sha1_base64="sQMJsWrMYevk4s3Sk6tnOc2ZiNk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hE1GPRi8eK1hbaUDbbSbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLK6tr6RnmzsrW9s7tX3T941EmmGDZZIhLVDqlGwSU2DTcC26lCGocCW+HoZuq3nlBpnsgHM04xiOlA8ogzaqx077l+r1rzXG8Gskz8gtSgQKNX/er2E5bFKA0TVOuO76UmyKkynAmcVLqZxpSyER1gx1JJY9RBPjt1Qk6s0idRomxJQ2bq74mcxlqP49B2xtQM9aI3Ff/zOpmJroKcyzQzKNl8UZQJYhIy/Zv0uUJmxNgSyhS3txI2pIoyY9Op2BD8xZeXyeOZ61+4/t15rX5dxFGGIziGU/DhEupwCw1oAoMBPMMrvDnCeXHenY95a8kpZg7hD5zPH1V0jS0=</latexit>

0.1

<latexit sha1_base64="N3Mev+D2kpivkm/5whYtLBE8ebc=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB891++WKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6CfkY1Cib5tNRLDU8oG9Mh71qqaMSNn81PnZIzqwxIGGtbCslc/T2R0ciYSRTYzojiyCx7M/E/r5tieO1nQiUpcsUWi8JUEozJ7G8yEJozlBNLKNPC3krYiGrK0KZTsiF4yy+vktZF1atVvfvLSv0mj6MIJ3AK5+DBFdThDhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzifP1iAjS8=</latexit>

100
<latexit sha1_base64="CXamItrQE1037xyQME9wQHJwHnY=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDmp8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07JhuAtv7xKWhdV76rq3V9W6jd5HEU4gVM4Bw+uoQ530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/UNjPw=</latexit>

80
<latexit sha1_base64="Nh7TLHkIWAHD9QsOwjc+3htkUJM=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUcPvlilt15yCrxMtJBXLU++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzQ6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDGz7hMUoOSLRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVrXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwBexGMug==</latexit>

0
<latexit sha1_base64="djR+HbL9cReo0/nMGT/45hx0Ajw=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtGpV77Lq3V9U6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+vvjPY=</latexit>

20
<latexit sha1_base64="ppUdFVLfY1A/F1ZKhhrVFnozYV8=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0UHP75Ypbdecgq8TLSQVyNPrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LZU0Qu1n80un5MwqAxLGypY0ZK7+nshopPUkCmxnRM1IL3sz8T+vm5rw2s+4TFKDki0WhakgJiazt8mAK2RGTCyhTHF7K2EjqigzNpySDcFbfnmVtC6q3mXVu69V6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A+75jPg=</latexit>

40
<latexit sha1_base64="3jxXH36ZLypBmiuJMvhCi8flxiQ=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2m3bpZhN2J0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh5rbL1fcqjsHWSVeTiqQo9Evf/UGMUsjrpBJakzXcxP0M6pRMMmnpV5qeELZmA5511JFI278bH7plJxZZUDCWNtSSObq74mMRsZMosB2RhRHZtmbif953RTDaz8TKkmRK7ZYFKaSYExmb5OB0JyhnFhCmRb2VsJGVFOGNpySDcFbfnmVtC6qXq3q3V9W6jd5HEU4gVM4Bw+uoA530IAmMAjhGV7hzRk7L86787FoLTj5zDH8gfP5A/IDjPo=</latexit>

60
<latexit sha1_base64="dZDlWjbBEJvxUE+K2tdTKdhSl5w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1busevcXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBbio0x</latexit>

120
<latexit sha1_base64="lRviTiMfHuf3GoUtznr+pPyh7Wk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZ9e5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBelI0z</latexit>

140
<latexit sha1_base64="hg9/CBJpC6vkRvVg3ZyrDEJmvHs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqlereveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBhno01</latexit>

160
<latexit sha1_base64="tZog23xW6LHdqudhnfjsuu4OCD4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEtMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz04NXcfrniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmrPkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1buqeveXlfpNHkcRTuAUzsGDa6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBkqI03</latexit>

180

<latexit sha1_base64="eid+WhwnNM+BfbyO6/kCk5IeV3o=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgadkVX8egF48RzQOSJcxOOsmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04LkX3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l69+fV6o3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFbhI0x</latexit>

0.5

<latexit sha1_base64="qXmHVfrH8e9SXjibUBFxtunqNBM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0hU1GPRi8eK9gPaUDbbabt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTATXxvO+ncLK6tr6RnGztLW9s7tX3j9o6DhVDOssFrFqhVSj4BLrhhuBrUQhjUKBzXB0O/WbT6g0j+WjGScYRHQgeZ8zaqz04Lnn3XLFc70ZyDLxc1KBHLVu+avTi1kaoTRMUK3bvpeYIKPKcCZwUuqkGhPKRnSAbUsljVAH2ezUCTmxSo/0Y2VLGjJTf09kNNJ6HIW2M6JmqBe9qfif105N/zrIuExSg5LNF/VTQUxMpn+THlfIjBhbQpni9lbChlRRZmw6JRuCv/jyMmmcuf6l699fVKo3eRxFOIJjOAUfrqAKd1CDOjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFYfI0v</latexit>

0.3

<latexit sha1_base64="QFw4+4c0rJUH6eFpMx4QAiOQ4EU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0iKqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmlWXf/S9e8vKrWbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBW+I0u</latexit>

0.2

<latexit sha1_base64="a/4FyPbW3VkXnpJg1/6+oi5Bpeg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0ikqMeiF48V7Qe0oWy2m3bpZhN2J0Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemEph0PO+ncLa+sbmVnG7tLO7t39QPjxqmiTTjDdYIhPdDqnhUijeQIGSt1PNaRxK3gpHtzO/9cS1EYl6xHHKg5gOlIgEo2ilB8+t9soVz/XmIKvEz0kFctR75a9uP2FZzBUySY3p+F6KwYRqFEzyaambGZ5SNqID3rFU0ZibYDI/dUrOrNInUaJtKSRz9ffEhMbGjOPQdsYUh2bZm4n/eZ0Mo+tgIlSaIVdssSjKJMGEzP4mfaE5Qzm2hDIt7K2EDammDG06JRuCv/zyKmleuP6l699XK7WbPI4inMApnIMPV1CDO6hDAxgM4Ble4c2Rzovz7nwsWgtOPnMMf+B8/gBaAI0w</latexit>

0.4
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Fig. 14. Consistency of the canonical pose for partial shapes of planes and chairs. While our method is not directly optimized to achieve canonic alignment of
partial shapes due to occlusions, it has reasonable performances has can be seen in the histogram of the first row and from samples in the second row.
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