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Abstract
Obtaining rotation invariant embedding of a shape is
very useful in many tasks such as shape comparison, classification and segmentation. In this work, we create a neural
network architecture that creates a rotational invariant representation of a shape around a single axis in an unsupervised manner. We reconstruct the whole object so that the
network does not learn trivial solutions for a specific task
and contains all semantic information about the object. We
show how this model performs better than existing models
on unaligned datasets. In the process, we also manage to
align objects in the same category.

1. Introduction
Currently, to efficiently perform several 3D tasks, we
require shapes to be placed in canonical coordinate frame
such that they are normalized for translation, scale and rotation. We would then like to capture features of these shapes
which extract semantic properties such that they can generalize over several tasks. Ideally, we would like to obtain
these features in an unsupervised manner without any manual labels. Furthermore, these features should be invariant
to several transformations depending on the set of tasks.
One such set of transformations are affine transformations. For shapes at the global level, there are several effective ways to normalize for translation and scale. However, rotation remains a challenge. For example, when an
powerful feature extractor like an autoencoder is trained on
rotated objects the embeddings obtained are very sensitive
to rotations. This is shown in Figure 1. Such sensitivity,
will lead to inadequate performance on a task such as shape
comparison.
In this work, we propose a neural net architecture which
creates powerful features of rotated 3D shapes that are invariant to rotational transformations across a particular axis.
We focus on one axis (z axis) because most 3D data in real
world software is upright and orientated along that axis. The
features are generated in an unsupervised manner so that the
features do not over-fit to a particular task, and generalize

Figure 1. T-SNE clustering plot on embeddings of 10 distinct different objects randomly rotated 20 times around z axis. If we cluster these objects, the score is 0.851 as measured by AMI.

over several downstream tasks. In the process of creating
these features, the model manages to align all objects in a
category.

2. Related Work
There is a rich literature on getting rotational invariant
features and representations. A lot of work is focused on
local feature methods that have rotation invariance such as
in [7], [12] and [11]. In deep learning methods, approaches
such as [3] and [6] have been proposed which again use local features or interest points to get rotational invariant 3D
descriptors. In shape analysis and at a global level, Kazhdan
et al. [4] uses spherical harmonics to construct a rotation
invariant representation of objects. Despite these representations being rotationally invariant, these methods do not
reconstruct or use the actual 3D shape or scene, so it is possible that some important semantic information of shape or
scene is lost in the process.
In 2D vision, a lot of methods have been used to achieve
rotation equivariance by either constraining the filter structure, such as in Harmonic Networks [16] or by using filter orbits, such as in [2]. These ideas have been recently
adopted by the 3D community, in works such as [14] and
[15]. The work most similar to us is MVCNN [13] and Rot-

Figure 2. The architecture of the proposed network. It comprises of three sub-networks: Rotation Invariant Encoder, Folding Net based
Decoder and Rotation Detection Network.

SO-Net [5]. However, most of these approaches are task
specific, such as for classification or segmentation. It is not
clear how these approaches can be expanded to unsupervised learning.

3. Rotation Invariant Embeddings
We assume the dataset we want to learn on is unaligned
and rotated around a particular axis. The rotation group we
consider is a discrete set of rotations from 0 to 360 degrees
with quantization bins of 1 degree. For each shape, we create a rotation set, S, with a predetermined number of rotations, R (hyperparameter). We then feed the shape data
point and it’s rotation set to the model. If the original 3D
shape is x and a rotation transformation is Tri , the set of
data point, S, is S = {Tr0 x, Tr1 x, ..., TrR x}

(1)

Our model comprises of three neural nets: Rotation Invariant Encoder, Folding Net Decoder and a Rotation Detection Network. The overall architecture is shown in Figure 2. We use the encoder to obtain the rotational invariant
representation by using a set invariant function over random
rotations of the object, x. We then use this embedding and
decode it to a shape with a learned orientation. To train
the network in an unsupervised manner, we transform this
learned shape to the original objects orientation using the
Rotation Detection Network. The three nets are described
in the below sections in more detail.

3.1. Rotation Invariant Encoder
The goal of the encoder is take the set of rotations, S,
and create a vector embedding, e, which will be invariant to
the order of the set. As the set represents the rotations of
an object, we can obtain rotation invariant representation of

the shape by using a set invariant function, such as the sum
or max function. In principle, we need to aggregate over
all possible rotations in the group. We approximate this by
selecting small number of rotations, R, and summing over
them.
First, we define a representation function, h, on each object in the set. We use the pointnet [10] based encoder which
takes an orderless point cloud and creates the shape embedding. We apply h on each object in the set to produce orientation embeddings.
{o1 , o2 , ...., oR } = {h(Tr0 x), h(Tr1 x), ..., h(TrR x)} (2)
We take all the orientation embeddings for the rotation
set, S, and apply multilayer perceptron (MLP) layers, g.
Finally, we take all the transformed orientation embeddings
and apply the maxpool aggregation function. This ensures
the encoder is approximately rotationally invariant and does
not contain orientation information of the 3D shape. We
also apply layers of MLPs, f , on this pooled representation
to get the final invariant rotation embedding, e.
e = f ( max (g(oi )))
i=1,..,R

(3)

3.2. Folding Net Decoder
We take the rotational invariant embedding, e, and use a
decoder function, d, to produce a 3D shape, p̂, with an unsupervised learned orientation. We will only produce one orientation for the shape so that the decoder network will produce the same orientation for different shapes in the same
category. The intuition here is that it will be easier for the
network to align all similar shapes rather then have to learn
different orientations for each of them.
p̂ = d(e)

(4)

Method (train / test) + R
PN-FD (aligned / aligned)
PN-FD (unaligned / unaligned)
Ours (unaligned / unaligned) + 1
Ours (unaligned / unaligned) + 2

AMI (train)
0.772
0.652
0.724
0.753

AMI (test)
0.739
0.627
0.722
0.726

Table 1. Clustering Results Our model outperforms models
trained and tested on unaligned objects by a significant margin and
almost reaches the accuracy of model trained and tested on aligned
objects.

The decoder we use is based on the folding net architecture
[18] using two folding operations.

3.3. Rotation Detection Network
Rotation detection network, rn, takes the 3D shape data
point, x, and detects the orientation of this data point with
the respect to the 3D shape, p̂. The network comprises of a
pointnet encoder and MLP which takes in x and produces a
normalized quaternion.
q̂ = rn(x)

(5)

x̂ = p̂q̂

(6)

The quaternion is multiplied to each point of the shape p̂ as
shown in Equation 6. Finally, we calculate the loss using
Chamfer distance between x and x̂ [1].

4. Experiments
4.1. Clustering
One of the goals of unsupervised learning is that the embeddings extracted from data can be easily clustered. We
use the K-means algorithm in sklearn [9] with init parameter equalling k-means++, k set to 10 and n inits set to 1000.
We then use the adjusted mutual information metric (AMI)
to see how the clusters aligns with the true labels. Our experiments use the ModelNet10 dataset [17]. We rotate the
dataset around the z axis to create unaligned shapes. We
use two baseline models. First, we train a pointnet encoder
and folding net decoder based autoencoder (PN-FD) with
aligned object. Note, for this case we train and test on
aligned objects. The second baseline we use is the same
model trained on unaligned objects. We also train our model
on unaligned objects. We test the second baseline and our
model on unaligned test set of ModelNet10. First, we test
clustering of the training embedding with the AMI metric.
Next, we use the k-means algorithm to predict on test embeddings and use the AMI metric. The results are reported
in Table 1.

4.2. Rotation Invariance
To test if the representation changes with rotations, we
select distinct 10 shapes from ModelNet10 which are un-

Figure 3. T-SNE clustering plot on embeddings created by our autoencoder. We get a score of 1.0 AMI. This is perfect clustering.

Method (train / test)
PN-FD (aligned / aligned)
PN-FD (unaligned / unaligned)
Ours (unaligned / unaligned)

ModelNet10
92.07 %
79.00 %
84.69 %

ModelNet40
86.99 %
65.10 %
74.43 %

Table 2. Transfer Learning Results Our model again outperforms
models trained and tested on unaligned objects.

aligned and rotate them randomly 20 times around the z
axis. We then randomize the order of all shapes and then
use T-SNE [8] visualization as shown in Figure 3. We compare this with the PN-FD autoencoder trained on unaligned
objects as shown in Figure 1. It can be clearly seen that
our model makes better clusters and has a AMI score of 1
compared to 0.85 for the baseline model.

4.3. Alignment
We provided illustrations to show how our model aligns
objects in the intermediate step, p̂. This is shown in Figure
4. Based on empirical results, the model aligns objects in
the same category. We use ModelNet10 dataset for these
experiments.

4.4. Transfer Learning
To see the further effectiveness of our model we tested
our model on transfer learning. First, we trained different
models on Shapenet as specified earlier. Then, we obtained
training embeddings of ModelNet10/40 from the autoencoder and trained a Linear SVM with default parameters in
sklearn [9]. Then, we used the test embeddings and predicted the labels using the trained SVM. To make it fair
for baseline models (trained on unaligned) we increased the
dataset by R times. We set R at 2 for all tests in this section.
The results are shown in Table 2.

Figure 4. The objects are aligned to the same orientation in the
intermediate step before changing to the desired input orientation.

5. Conclusion
In this work, we propose a neural network architecture
that produces rotation invariant embeddings around an axis
in an unsupervised manner. We showed how this model performs significantly better than current models trained and
tested on unaligned objects over several experiments.
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