Abstract of “Learning Autoregressive Generative Models of 3D Shapes and Scenes”

by Kai Wang, Ph.D., Brown University, May 2023.

Indoor scenes and the shapes that comprise them play a central role in our daily experiences. As virtual 3D
representations of these environments become increasingly important, the value of generative models capa-
ble of producing new 3D shapes and scenes also grows. In this dissertation, we explore the possibilities of
combining deep learning with large datasets of shapes and scenes to create powerful generative models of
3D shapes and scenes. We focus on autoregressive generative models, models that sequentially predict the
individual components until completion. We make the following key contributions: (1) we formulate au-
toregressive generation of shapes, room-level scenes, and floor-level scenes: representing inputs, factorizing
outputs, combining individual components and improving compatibility between these components; (2) we
introduce a two-level paradigm that separate high-level semantics from low-level details, making the models
more interpretable and controllable; (3) we explore strategies to encourage these models to learn more gener-
alizable rules. Together, these contributions enable the design of generative models that generate 3D shapes

and scenes with better quality, complexity, diversity, and controllability.
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parts connect to one another (which we call slots). It generates such a graph by retrieving
part subgraphs from different shapes in a dataset. Once a full graph has been generated, the

system then optimizes for af ne part transformations to produce a nal output shape.
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3.2 Image channels included in our top-down view represent{@) of a sceneS. Object
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more objects added, a scene that is completely full and thus has nearly O continue probability.
3.4 lllustrating the training exampl€g; y; c) used to trairCategoryLocation . The colored
boxes are centered around the locat{i@ny). Top: an example where = “nightstand'.
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3.10 Comparison of outputs using baseline arrangement model (top) and our full model (middle),

with original human-designed scenes (bottom). In columns (a) and (b), the baseline arranges

objects packed too close together and not fully making use of space against the room walls. In
column (c), the space in front of the L-shaped couch is taken up by a chair instead of the glass
coffee table. In column (d), both chairs are placed close to one of the tables, while in column
(e), the blue couch is too close to the desk. In contrast, our model generates arrangements

that more plausibly make use of freespace. . . . . . .. .. .. ... . ... ... ... 33

3.11 Synthesizing multiple scenes in the same ro@®@edroom: three different orientations of

the bed and different wall-adjacent objectdving Room: one room with a TV stand and
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3.13 Typical failure cases of our model. From left to right: the living room contains no seats
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4.1
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Chapter 1

Introduction

People spend a large percentage of their lives in indoor environments. The contents of these indoor envi-
ronments are naturally of great interest to us. This includes individual furniture: beds, tables, chairs, sofas,
etc; rooms that contains these objects: bedrooms, living rooms, of ce, etc; last but not least, larger spaces
containing multiple rooms: residential homes, of ces, malls, etc.

As computer graphics reproduces the real world in increasing delity, the demand for 3D, virtual versions
of such spaces also grows. Virtual and augmented reality experiences often take place in such environments.
Online virtual interior design tools are available to help people redesign their own spaces [101]. Some
furniture design companies now primarily advertise their products by rendering virtual scenes, as it is faster,
cheaper, and more exible to do so than to stage real-world scenes [16]. Finally, machine learning researchers
have begun turning to virtual environments to train data-hungry models for computer vision and robotic
navigation [67, 26, 27, 43].

Given this interest in 3D virtual indoor environments, and the large amount of effort required to author
them with traditional tools, a generative model of such scenes would be valuable. Many researchers have
studied this problem ofienerating 3D shapes and scerm&r the past decade. Early works towards this
problem [4, 78] are often rule-based: they identify the design principles for 3D shapes and scenes, and en-
code them into cost functions which are used to optimize the individual components of shapes and scenes
into desirable con gurations. While effective, it requires human effort to identify the rules for speci c sce-
narios. Such processes are time consuming, not really adaptable to other scenarios, and often fail to encode
everything underlying principles that guides the generation of shapes and scenes. A natural solution to this
problem is introducing machine-learning-based components that automatically extract rules from available
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datasets. However, due to the limitation of dataset sizes and the capacity of the machine learning algorithms,
early works either focuses on small-scale regions [34], or requires additional human inputs [39].

With the increasing availability of larger datasets of 3D shapes and scenes [114, 37, 14, 82, 12], and the
emergence of deep-learning as a dominating paradigm for machine learning algorithms, new opportunities
have arisen for models that can learn more rules from large amount of data. In this dissertation, we explore
the possibilities for combining deep learning with large datasets of shapes and scenes, in order to create
powerful models that can generate high quality 3D shapes and scenes. Speci cally, we focus on a paradigm
calledautoregressive generative modelghich are models that generates output sequentially by predicting
and adding components one by one, conditioned on the components that has already been predicted. We
explore this autoregressive generation process in a natural progression: combining (shapes) parts into shapes,
shapes into room-level scenes, and nally, room-level scenes into oor-level scenes. We ask the following

central question:

How to design autoregressive generative models that generate 3D shapes and scenes with better

quality, complexity, diversity and controllability?
We explore this question from three main angles:
* (Angle 1) How to formulate autoregressive generation of 3D shapes and scenes?

* (Angle 2) How to make autoregressive generative models of 3D shapes and scenes more interpretable

and controllable?

« (Angle 3) How to encourage the generative models to learn rules that can generalize well?

1.1 Contributions

This dissertation is based primarily on ve previous conference publications [125, 100, 124, 126, 123], which
introduced a series of generative models for 3D shapes and scenes. We rst list these publications, in chrono-

logical order:

1. Deep Convolutional Priors for Indoor Scene Synthesig¢Deep Synth, Figure 1.1) [125]: We present
the rst deep-neural-network-based method for synthesizing room-level 3D scenes. We show that deep
convolutional neural networks (CNNs) can be used to effectively capture the patterns in an existing

scene, without having to manually rules and relationships, as is the case for earlier works. We propose a



novel, semantically-enriched image-based scene representation based on orthographic top-down views,
which CNNs can operate on. Subsequently, we learn a series of object placement priors that allows us

to iteratively generate rooms from scratch, given only the room architecture as input.

Dataset Synthesized

woolipag

Buin

9940

Figure 1.1: We present Deep Synth [125], a method to synthesize indoor scenes using deep convolutional
network priors trained on top-down views of scenes from a scene daiagetBedroom, living room, and

of ce scenes from our dataset, along with scenes synthesized from our nBadelm: Our model generates
scenes by iteratively inserting one object at a time. Here we show one such object insertion sequence for the
living room scene outlined in blue. Renders of intermediate scenes are interleaved with a visualization of our
model's predicted spatial probability distribution for the type of object about to be inserted.

2. Fast and Flexible Indoor Scene Synthesis via Deep Convolutional Generative Models
(Fast Synth, Figure 1.2) [100]: We improve our previous CNN-based model by proposing a new
paradigm for inserting an object into an existing scene. We use four separate neural network modules
to predict the category, location, orientation and size of the object to be inserted. This new paradigm
drastically reduces the amount of predictions needed for inserting a single object, making the process
of generating a scene much more ef cient computationally. We also show that this new paradigm al-
lows the network to learn the distribution of existing scenes more accurately, thus improving the overall

quality of generated scenes as well.



Bedrooms Living Rooms

Of ces Bathrooms

Figure 1.2: Synthetic virtual scenes generated by Fast Synth [100]. Our model can generate a large variety of
such scenes, as well as complete partial scenes, in under two seconds per scene. This performance is enabled
by a pipeline of multiple deep convolutional generative models which analyze a top-down representation of
the scene.

Figure 1.3: We present PlanIT [124]: a scene synthesis framework that uni es higlplameingof scene
structure using a generative model over relation graphs with lower-level spesiahtiationusing neural-

guided search with spatial neural network modules. We rst generate a relation graph with objects at the
nodes and spatial or semantic relations at the edges (left images). Then, given the graph structure we select
and place objects to instantiate a concrete 3D scene.

3. PlanIT: Planning and Instantiating Indoor Scenes with Relation Graph and Spatial Prior Net-
works (PlanIT, Figure 1.3) [124]: We introduce a new framework that decomposes indoor scene syn-
thesis into two phases: a high-leyghnningphase that determines of how a room should be laid out, as
well as a low-levelnstantiationphase that computes the exact spatial placement of objects. We model
the planningphase with a relations graph that de nes spatial and semantic relations between objects.
We propose a new graph-neural-network based generative model for such relation graphs. We modify
our previous CNN-based scene generative model that predicts how an object should be placed into the

scene based on the information provided with the relation graph. By decomposing the problem in this



way, we greatly improve the controllability and exibility of indoor synthesis models, and enable a

wide range of new applications.

4. Roominoes: Generating Novel 3D Floor Plans From Existing 3D Rooms
(Roominoes, Figure 1.4) [126]: We propose a new task of generating novel 3D oor plans from existing
3D rooms. We identify three sub-tasks of this problem: generation of 2D layout, retrieval of compatible
3D rooms, and deformation of 3D rooms to t the layout. We then discuss different strategies for
solving the problem, and design two representative pipelines: one uses available 2D oor plans to
guide selection and deformation of 3D rooms; the other learns to retrieve a set of compatible 3D rooms
and combine them into novel layouts. We design a set of metrics that evaluate the generated results
with respect to each of the three subtasks and show that different methods trade off performance on
these subtasks. Finally, we survey downstream tasks that bene t from generated 3D scenes and discuss

strategies in selecting the methods most appropriate for the demands of these tasks.

Relation Graph Iterative Room Retrieval Final 3D Scene

Figure 1.4: We present Roominoes [126], a new task for creating house-level 3D environments by piecing
together existing 3D rooms. We devise a spectrum of potential strategies to solve this task. In an instance of
this task, one of our proposed algorithms creates a combinatorially novel layout by iteratively retrieving and
assembling rooms from different 3D oor plans, deforming each room as needed.

5. The Shape Part Slot Machine: Contact-based Reasoning for Generating 3D Shapes from Parts
(the Shape Part Slot Machine, Figure 1.5) [123]: We present a new method for assembling novel 3D
shapes from existing parts by performing contact-based reasoning. Our method represents each shape
as a graph of “slots,” where each slot is a region of contact between two shape parts. Based on this repre-
sentation, we design a graph-neural-network-based model for generating new slot graphs and retrieving

compatible parts, as well as a gradient-descent-based optimization scheme for assembling the retrieved



parts into a complete shape that respects the generated slot graph. This approach does not require any
semantic part labels; interestingly, it also does not require complete part geometries—reasoning about
the regions where parts connect proves suf cient to generate novel, high-quality 3D shapes. We demon-
strate that our method generates shapes that outperform existing modeling-by-assembly approaches in

terms of quality, diversity, and structural complexity.

Figure 1.5: We present the Shape Part Slot Machine [123], a system that synthesizes novel 3D shapes by
assembling them from parts. Internally, it represents shapes as a graph of the regions where parts connect to
one another (which we call slots). It generates such a graph by retrieving part subgraphs from different shapes
in a dataset. Once a full graph has been generated, the system then optimizes for af ne part transformations
to produce a nal output shape.

Together, these ve publications (for the rest of this section, numbers in parentheses refer to the corre-

sponding publication as listed above) answer the central question of this dissertation from all three angles:

« (Angle 1) We formulated autoregressive generation of 3D shapes (5), room-level scenes (1,2,3) and

oor-level scenes (4) by:

— Proposing a set of novéhput representations: multi-channel top-down orthographic projec-
tion of scenes (1,2,3), graphs encoding structural relationships between individual components
(3,4,5). These representations allow us to leverage the power of deep neural networks and create
generative models that can handle larger and more complex scenes.

— Exploring ways to formulate theutput of the autoregressive generative models. We show that it

is possible to greatly reduce the computational load of the generative model by choosing the right

type of output factorization (2), and by better utilizing the already predicted information (3).
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