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Abstract

This is my report1 for CSCI2980 Reading and Research.
We are hoping to do canonical arrangements in 3D space.
Our goal is to develop an unsupervised way to do canoni-
cal arrangements on general 3D scenes. We first generate
a 3D scenes dataset based on the CLEVR dataset. Then,
we trained a discriminator to classify if the scene is per-
turbed or clean. Following that, use the output score from
the discriminator to optimize scene parameters and do re-
arrangement to the objects. We also test our algorithm in
2D space.

1. Introduction
Humans have the ability to tell if a scene is clean or per-

turbed. They have the intuition to know if a room need to
be clean by viewing the shapes and poses of each object in
the room. They know how to turn a perturbed scene into
a clean one. We call this as canonical arrangements and
we hope to find a way that can help a machine to do this
as well. Once a machine can do this, robotics will be able
to help people to clean their room independently. Inspired
by this, we aim to build scene understanding and canonical
arrangements methods without explicit supervision.

Given a 3D scene, the goal of scene-level canonicaliza-
tion is to find a canonical arrangement (canonical frames of
multiple objects) that is consistent with respect to the ge-
ometry, local shape and poses under different arrangements
in a scene. Our method is to train a neural network that can
give a score based on the global viewing of the scene. With
the score, we optimize the pose of each object in the scene
until it is canonicalized.

2. Background
2.1. CLEVR Dataset

CLEVR Dataset is a dataset built to solve the task of
visual reasoning. It involves 3D scenes data generated by

1Worked with Qiuhong (Anna) Wei, Rahul Sajnani, Jivitesh Jain,
Adrien Poulenard, Jeong Joon Park, Leonidas Guibas and Srinath Sridhar.

Blender with relating questions and answers [3]. For our
project, we are using the 3D scenes to test our algorithm if
it can do the canonical arrangements correctly (see Figure
1).

2.2. 3D Pose Canonicalization

Given 3D object shapes, instance-level canonicalization
aims to find an equavarient frame of reference that is con-
sistent relative to the geometry of the shape with different
3D poses [1, 2, 4, 6]. While category-level canonicaliza-
tion, such as ConDor [5], aims to find a canonical frame
that is consistent relative to the geometry and local shape
under different object instance. ConDor is a self-supervised
method that learns to canonicalize the 3D poses for gen-
eral shapes. We are developing a scene-level canonicaliza-
tion, which aims to find a canonical arrangement (canonical
frames of multiple objects) that is consistent with respect
to the geometry, local shape and poses under different ar-
rangements in a scene.

3. Method

We generate 2D scenes and test our algorithm on these
2D scenes. Then, we use the algorithm on 3D scenes to see
if it can achieve our goal of canonical arrangements.

3.1. 2D Dataset

We use python to generate 2D scenes (see Figure 2). For
each scene, it includes one desk and several chairs. Chairs
and desks are described by two vectors, the pose vector and
the shape vector. For chairs, the parameters involve center
coordinates, rotation degrees, type and radius. For desks,
the parameters involve center coordinates, rotation degrees,
type, width and heights. Scenes are divided into two parts,
the clean scenes and perturbed scenes. For clean scenes,
one desk is put at the center of the scenes and chairs are
evenly distributed at each side of the desk. For perturbed
scenes, one desk is put at the center of the scenes and chairs
are randomly put in the scenes.
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Figure 1. 3D Scenes Generated with Blender

3.2. Discriminator

We trained a discriminator to classify if the 2D scenes are
clean or perturbed. The discriminator is an MLP neural net-
work. Input involves the scenes parameters (pose vectors
and shape vectors). Labels are the ground truth of scenes
classes (1 if it is clean and 0 if it is perturbed). The first step
is to normalize the input vectors. Then the vectors are input
to the MLP neural network. The MLP neural network con-
sists of an ReLU layer, a linear layer, a batch normalization
layer, two linear layers and one sigmoid layer. Then, we use
mean squared error loss to evaluate the distance between the
prediction and the ground truth.

3.3. Optimization

Before optimization, we freeze discriminator weight and
shape vectors (we only need to optimize the pose vectors).
With the output score got from the discriminator, we use
gradient descent to optimize the scene parameters.

4. Experiment

We test the discriminator on the 2D dataset and use the
output score to optimize the scenes parameters.

Loss Value With MaxPool Without MaxPool
100 epochs 0.2218 0.2498
500 epochs 0.0509 0.2329

Table 1. Loss value of the discriminator with and without Max-
Pool.

4.1. Discriminator

We test the discriminator on the 2D dataset. The train-
ing dataset includes 300 perturbed scenes and 300 cleaned
scenes. We test two different design of the discriminator.
One involves a MaxPool layer following the second linear
layer, the other one does not involve MaxPool layers (see
Table 1).

4.2. Optimization

For now, we do not have a quantitative way to evalu-
ate the result of scene optimization. However, we can show
some results of scenes rearrangement (see Figure 3 and Fig-
ure 4).
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Figure 2. 2D scenes (the above ones are clean and the below ones are perturbed).

Figure 3. Discriminator without MaxPool (for each line of scenes: Perturbed vs. Rearranged vs. Clean)
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Figure 4. Discriminator with MaxPool (for each line of scenes: Perturbed vs. Rearranged vs. Clean)

5. Conclusion
We are trying to develop an unsupervised method to do

canonical arrangements on 3D scenes. We first test it on a
2D scenes dataset. By using an MLP discriminator to tell
if the scene is perturbed or clean and give it a score. Then,
use this score to optimize the scenes parameters and do rear-
rangement. We show the results of the discriminator tested
on 2D datasets and the results of optimization. The experi-
ment shows that adding a MaxPool layer into discriminator
can reduce the loss value.
Limitations and Future Work: Currently, the results of
optimization show that the algorithm still needs to be im-
proved. The testing result on the 2D datasets show that
the rearrangement of perturbed scenes has significant dif-
ference with the clean scenes. In addition, we have not yet
test our canonical arrangement method on the 3D dataset.
This will be one of our future work.
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