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Abstract

Procedural modeling have been widely used in the industry to generate a wide variety
of 3D models both rapidly and in high quality, but creating the procedural models
themselves have become a burden, requiring long-time effort of dedicated artists and
programmers. Inverse procedural modeling aims to solve this problem leveraging
the power of artificial intelligence to automatically infer the shape parameters of a
procedural shape program. Many work had shown satisfactory results on the creation of
buildings, chairs and other domains through computer graphics and computer vision
techniques.

Inverse procedural modeling on buildings from sketches usually considers each part
of the shape individually and obtains parameters for each component in a step-by-
step fashion, and this work aims to consider the intended building shape as a whole,
employing a series of decoder networks to obtain corresponding shape parameters for
each part. A Directed-Acyclic-Graph (DAG) based procedural shape program, utilising
Blender’s Geometry Node functionalities, is constructed to create various shapes of
buildings. A neural network is then trained on the data generated by this shape program
and it predicts shape parameters from human sketches. As a final result, a Blender
plugin is implemented as an user interface to facilitate intuitive interaction on the system,
also for visualization purposes.
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Chapter 1

Introduction

1.1 Background

The means of producing 3D models have been significantly expanded during the past few
decades, and there exists in market various mature software to serve both professionals’
and casual users’ needs, such as AutoCAD and Blender. However, the learning curve
for these tools are still steep and creating aesthetic and high quality mesh is still a
field of profession requiring long-time efforts. Procedural modeling, as a solution, is
widely employed as it can efficiently generate production-ready 3D models. With a
properly-designed procedural model, cross-disciplinary users can obtain a variety of 3D
models and are guaranteed about the quality of the final mesh.

There have been effort in procedurally generating shapes for terrain (Argudo et al.
(2017), |Ariyan and Mould! (2015), Bradbury et al.| (2014)), (Cordonnier et al.| (2017))),
vegetation in varying level of details (Longay et al.|(2012), Pirk et al.| (2012)), buildings
with proper semantic meanings (Finkenzeller and Bender (2008)) or even an entire city
in the form of land uses (Lechner et al.|(2006)) or a road network (Chen et al.| (2008])).
More efforts can be found in the survey by (Galin et al.|(2019)) in Terrain modelling
and by (Smelik et al. (2014)) which covers many more aspects involved in creating a
virtual world.

After proving the feasibility of this approach and seeing procedural modeling’s wide use
cases, it does not solve the entire problem: the creation of these procedural models have
now become the new bottleneck to the efficiency of the 3D modeling workflow. It is
similar to the phenomenon that modern software can solve numerous tasks but software
engineering has become a new discipline. There is also the dilemma of diversity and
complexity: in designing a procedural model, more parameters must be exposed to the
user to provide a wider range of choice over the shape, but this yields a more complex
procedural model and also a steeper learning curve for the end users when they try to
understand all the options available and explore their individual ranges.

Inverse Procedural Modeling (IPM) aims to solve the above problems by leveraging
advances in machine learning and artificial intelligence. Through employing Computer
Graphics and Computer Vision techniques, [IPM proposes to automatically find proce-
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dural models from user inputs. There are two aspects in terms of finding a procedural
model: generating grammars and shape programs that can be constructed as a procedu-
ral model which can resemble user inputs solves the problem of creating procedural
models from scratch, and predicting a set of parameters for an existing shape program
solves the dilemma through removing the need for users to fill in the parameters.

1.2 Project Aims

This work aims to tackle an classic topic in sketch-based inverse procedural modeling,
buildings, from the second aspect, predicting shape parameters. Sketches are chosen
as the form of user input since it is one of the most natural ways of human expression,
and they intrinsically carry direct visual features. This is a well-explored task and there
exists various prior work with mature solutions. For example, |Nishida et al.| (2016))
developed an iterative process in which users provide drawings of building components
step-by-step. Leveraging Pearl et al.| (2022)’s work, we can implement a multi-decoder
system that accepts one full sketch of the shape and removes the need for multiple
inputs on the building domain as well.

We summarize our work in three aspects: shape program and dataset generation, neural
network, and an integrated user interface:

* a Directed-Acyclic-Graph (DAG) based shape program that functions as a pro-
cedural model for buildings, which we also used to generate a synthetic dataset;
some illustrations on the shape outputs of this shape program is provided in Figure
[I.T} our shape program can also be used along with a novel renderer pipeline that
can create hand-drawing style sketches from a shape;

* an Encoder-decoder neural network with a series of multi-task decoders that
accepts a sketch of a building and predicts corresponding shape parameters for
the above shape program, and when the program is fed the predicted parameters,
it produces a 3D model that resembles the sketch; this also proves the capabilities,
also affected, of decoder networks to capture subtle differences and complex
details;

* a User Interface that allows users to draw sketches and send to the neural net-
work for shape parameter prediction, and then automatically loads the predicted
parameter into the shape program, visualizing the resembled 3D model.

Blender is a suitable open-source software that can serve multiple purposes in our
work: its Geometry Node system was used along with a third-party library, Geometry
Scripts, to construct our shape program; its Freestyle module was also used to render
3D shapes as sketches, which was a crucial component for synthetic data generation; it
also provides functionalities on customizing a user interface, which we used to build
our own interface integration. Although this work is highly related to this software, we
should note that the pipelines can generalize to any other implementations as well.

Our source code is available on GitHub.


https://github.com/SanBingYouYong/BuildingDAG24
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Figure 1.1: lllustrations on our shape program’s outputs

1.3 Terminology

We use some abbreviations and terms through out this work, and to avoid any confusions,
we summarize them here.

* PM: Procedural Modeling
* IPM: Inversed Procedural Modeling
* DAG: Directed Acyclic Graph

* Shape Program: a procedural program that accepts and interprets a set of input
parameters describing the desired properties of a 3D model, and produces the
corresponding 3D mesh.

* Parameter(s): if unspecified, it refers to shape parameters, for example number
of floors or if window panels are divided horizontally.

* Ledges: “window ledge” refers to the facade element that is usually part of a
window shape, which is placed on top of a window for aesthetics or functionality
like stopping raindrops; “floor ledge”, taken out of our context usually refers to
the shape element that connects the floor and a wall, however we use it to refer to
the facade element that visually divide building mass and roof, or divide different
floors on the exterior of a building - this is to distinguish from window ledges. If
no prefix is given, ’ledge” refers to the floor ledges.

* Batch: it usually refers to the batch size during neural network training, but as
will be discussed in section [3.2.1] in the context of datasets, it refers to batches of
images we generate as synthetic training data.

Synthetic / Distortion Dataset: by synthetic we refer to the dataset of images
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rendered by Blender’s Freestyle module, and by distortion we mean the attempt
to create distorted curves to mimic hand sketches during dataset creation and
rendering. See section [3.2.2]for details.

In addition, we wrap each node, especially custom nodes, in our DAG-based shape
program as math equations, such as BuildingMass. For shape parameters, they will be
referred to in italics, like “Window Panel Area”.



Chapter 2

Related Work

As mentioned previously, both Procedural Modeling and the newer Inverse Procedural
Modeling fields are well-explored, thus there exists various work with different focus-
ing points. Below sections will mention some representative ones and will focus on
introducing two approaches which our work primarily builds upon.

2.1 Procedural Modeling

Procedural Modeling has been intensively used in different industries, of which the
game industry is a major user of related techniques, and on various domains, from daily
objects to larger systems like cities or planets. A recent example was No Man’s Sky,
a video game launched in 2016, which demonstrated how extensive use of procedural
modeling on alien creatures, planets and stellar systems can lead to an unique and
immersive experience (Tait and Nelson, [2022). Procedural modeling, however, did
take a long term effort to become what it is nowadays, and both artificial objects and
non-urban natural objects were points of interests for many research work. From
as early as 2001, Parish and Miiller| (2001)) developed a procedural shape program
with L-systems to model cities, a complex urban system consisting of road networks
and buildings. From a range of input images, such as population density, land-water
boundary and height map, the system first uses an extended L-system to construct the
road map in the form of a graph, which is then divided into building lots represented
with polygons. With these building lot polygons as a base, another L-system generates
building instances as a set of strings, which is then fed into a geometry parser to produce
final building shapes. Miiller et al.| (2006) extended this path through introducing a
more detailed CGA grammar on procedural building modeling. The grammar defines
first an anchor point and a bounding box in space for the building shape, then deals with
facade splits, occlusion, different shape primitives and snapping them altogether to form
a final and optionally complex building model. To extend on the other aspect, (Chen
et al.| (2008) proposed to connect the graph representing the road map with tensor fields,
which allowed users to edit existing road network with a set of interactive tools. Above
work is summarized in Figure [2.1] with visualizations from their respective paper.

Procedural modeling can also be used to generate non-artificial objects, such as terrains
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Figure 2 (Partial), Parish and Miller 2001 Tensor Field Roadmap
| — T~ T g L LT L]
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Figure 1 (Partial), G. Chen et al. 2008
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S

gure 8 (Partial), Muller et al. 2006

Elevation

Population Density

Figure 2.1: Left: cropped figure 2 from |Parish and Mller (2001), demonstrating their in-
puts (land-water boundary, eleveation/height map and population density) and a possible
roadmap generated by their L-system program; Upper Right: part of figure 1 from |Chen
et al.| (2008), demonstrating a tensor field and corresponding roadmap generated after
some iterations of user edits; Bottom Right: part of figure 8 from Muller et al.| (2006),
showing a building mass consisting of multiple shape primitives, built with CGA grammar.

and trees. |Argudo et al.|(2017) proposed an example-based approach to generate high-
resolution terrain from a range of available inputs, including elevation map, vegetation
distribution and drainage area. L-system is again useful, and as a result usually involved,
in modeling natural objects like trees. [jir1 et al. (2006) designed a system which
introduces more user control over L-system based tree modeling. More recently, Xu
and Mould (2015) tackled the same task with a graph-based representation, in which
trees are represented as a set of least-cost paths in a graph, and with guiding vectors
assigned to each node in the graph to guide the “growth” of branches. Some of the
results and visualizations are provided in Figure[2.2]

2.2 Inverse Procedural Modeling

As mentioned previously, inverse procedural modeling aims to solve two problems: the
automatic creation of procedural models, and the automatic use (filling in parameters or
fine-tuning parameters) of procedural models. On the first topic, L-system is again pop-
ular due to its convenient manipulability facilitated by its string representation. St’ ava
et al. (2010) proposed a method which takes a 2D vector image, usually representing a
tree’s branches in 2D space, as input, outputs a parametric context-free L-system. It
starts with recognizing similar elements in the input image, such as curves, poly-lines,
and assigning them appropriate terminals to form an alphabet for the L-system; it then
iteratively extracts L-system rules by comparing terminal symbols’ positions and orien-
tations in a 4D transformation space. On the other aspect of IPM, which is also more
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Figure 15, Argudo et al. 2017: input elevation map and generated terrain with vegetation, rock and soil regions

Figure 3, Xu and Mould 2015

Branches as shortest paths in the graph, and guiding vectors

Tree branches generated

Figure 2.2: Upper: figure 15 from |Argudo et al. (2017) showing corresponding input
elevation map and generated terrain with high resolution of details; Lower: figure 3 and
4 from Xu and Mould (2015) visualizing the graph and tree branches as shortest paths,
and the guiding vectors assigned to each node in the graph, as well as generated tree
branches.

related to our context, [Vanegas et al.|(2012) proposed a framework which handles the
basic interactions with an existing procedural model on cities for the user, introducing an
alternative method for controlling high-level features instead. It automatically predicts
suitable changes to the current procedural model through Markov chain Monte Carlo
parameter searching to meet the desired indicator values. Some examples of feasible
indicators include average sunlight exposure and average distance to the closest park,
and an illustration with average shadowing value on the road/buildings as an indicator
function is referenced in Figure 2.3]

17 Indicator function value of user choice l

High-shadowing Medium-shadowing Low-shadowing

Bide set back [side set ba ¥

front set back front set back

side set back

[stories __| stori 3 J [tories
parcel area parcel area parcel area

road width
[road cUREIR

road width [ 1 road width 4
a Thd curvature :

Figure 10, Vanegas et al. 2012 T T

Corresponding automatically-inferred procedural model parameters

Figure 2.3: Figure 10 from Vanegas et al. (2012), showing how user-desired values are
interpreted by the system and reflected on parameter changes in the base procedural
model.
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2.3 IPM on Buildings

There exists various work on inverse procedural modeling of buildings and urban objects,
such as|Mathias et al. (2011)’s grammar-based building reconstruction and Martin and
Patow| (2019)’s ruleset-rewriting approach on modifying existing procedural building
models. Our work focus on sketch-based inverse procedural modeling of buildings and
Nishida et al. (2016)’s interactive sketching method is the most relevant.

Nishida et al. (2016)’s work used inverse procedural modeling on the buildings domain.
To build the shape program, a set of shape priors and primitives of different components
of a building, for example different types of building masses and types of roofs, were
pre-defined as grammar snippets, with adjustable parameters controlling the procedural
shape of each, and these can be then combined into a full procedural model for buildings.
A collection of their shape primitives are shown in Figure

To create the synthetic dataset for training, different combinations of shape parameters
were created through sampling the parameter space of each grammar snippet, and a
geometric engine was employed to produce 3D shapes from these configurations. In
terms of neural network, a convolution neural network was used first to classify input
sketches to one of the grammar snippet that would be the most suitable for reconstructing
the shape, and then another convolution neural network would carry out regression on
the parameters of the chosen grammar snippet, aiming to minimize the loss between
predicted shape parameters and ground truth values. On the user side, this process
assumed that the user would start with drawing the building mass, and then provide
sketches of subsequent components like roofs and windows in an iterative process. The
full sketching process is also shown in Figure

Figure 3, Nishida et al. 2016
a) Building mass

N

AP

b) Roof

c) Window

d)Ledge

WY w

= 7 rd e s i
——

e / e

Y G
L T

Different pre-defined primitive shapes for different parts of a building

Figure 2.4: Left: figure 3 from Nishida et al.[| (2016) showing shape primitives defined
as grammar snippets that can be combined together to form a building; Right: figure 10
from Nishida et al.| (2016) again depicting an example sketching process - blue lines are
user sketches, and red lines refer to a lasso tool for the user to specify the next basis
plane for drawing.

Major advantage of their process is robustness, since no matter how distorted the given
sketches are, the system will only fallback to one of its predefined types and shapes,
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which guarantees the quality of the output mesh. Another advantage is the simplicity
of user-provided sketches due to their iterative process. The system expects sketches
of one single component at each step, which lowers the requirements on both ends:
the neural network is easier to train since its input and outputs are simpler than a
detailed and complex sketch-parameters pair, and it is also easier for users to supply
partial drawings instead of one full detailed sketch. It also expects fixed viewpoints for
different component, for example three-quarter views for building mass and orthogonal
projection from y-axis for windows and facades, which further lowers the burden on
neural network training, however, puts forward a new challenge for users to provide
drawings from a certain perspective.

The classification and regression CNNs would also be hard to scale to more diverse
types of shapes, since the system needs one classification network per shape components
(building mass, roof, etc.) and one regression network per component type (cubic roof,
round roof, etc.).

As a follow-up on this work, two years later, Nishida et al. (2018)) extended the above
process by inferring the building shape from one single image shot by cameras instead,
which contains information about camera angles, silhouette of the building mass, facade
layout and texture. Their approach again consists of several convolution neural networks
to predict shape parameters and optimization techniques to speed up the search through
parameter space. Note that this work is a major extension on single image inference,
but our objective is still based on sketches and the use of multiple decoder networks
instead.

2.4 IPM with Encoder-Decoder Architecture

Proposed by Sutskever et al. (2014)), the encoder-decoder architecture was first used for
sequence-to-sequence modeling and on the machine translation task, and the idea was
soon recognized as applicable to many other domains and widely adapted in various
fields, such as SegNet (Badrinarayanan et al., 2017) and DeepLabv3+ (Chen et al.,
2018) on Computer Vision and Graphics.

Pearl et al. (2022)’s work adapted this architecture on inverse procedural modeling, in
the domain of daily objects including chairs, tables and vases, with multiple networks
as the decoder. Their shape programs are in the form of Directed-Acyclic-Graphs,
which implementation-wise is a Geometry Node Tree in Blender that provide a set
of controllable parameters for the user to edit shape details on the produced mesh.
By propagating user inputs through the nodes, the DAG program can ensure proper
positioning of different shape elements. To facilitate understanding of this concept, an
example DAG program is constructed with Blender Geometry Nodes and shown in

Figure[2.5]

In terms of neural networks, in their work, an encoder network containing several
convolutional neural networks accepts point clouds or sketch images as input and
produces an embedding vector. Subsequently, a series of decoder networks consisting
of dense layers will predict corresponding shape parameter values from the feature
embedding. Intuitively, a forward pass of one decoder network is equivalent to one step
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Building Mass

Parameter Shariwng & Propagation

Inputs—__

Output:
Building Shape

Figure 2.5: An exapmle DAG program. Note how parameters are propagated to where
needed, for instance building mass’s height is used by the roof component to determine
its z-axis position.

in the iterative process in the aforementioned Nishida et al.| (2016)’s work, as in, finding
appropriate values for one or more parameters that the shape program accepts. Their
pipeline and a partial segment of their DAG program in Blender is provided in Figure
2.0

GeoCode Pipeline
Y Decoders 'd Program

backrest's
slant

backrest’s slant
\ |
armrests’ | \—
N
_— i \
seat's
oundness /|

Blender Geometry Nodes as DAG-based shape program

V,

Seat's |
roundness |

armrests' { [ |
curvature

Embedding Vector

Figure 2, Pearl et al. 2022 Taken from GeoCode (Pearl et al. 2022)’s blender files

Figure 2.6: Left: figure 2 from |Pearl et al.| (2022) demonstrating their pipeline; right: part

of |Pearl et al.[|(2022)’s DAG program in Blender.

Pearl et al.| (2022))’s work achieved single image inference from sketches through em-
ploying a multi-decoder architecture, however, their solution has limitations. Their
process cannot be easily generalized to any shape programs, since the decoder con-
figuration depends on the input parameters of the shape program in terms of quantity
and data types. The quality of output shapes also depend heavily on the program itself,
with little intervention from the neural network’s capabilities. Finally, demonstrated
domains - chairs, tables and vases - contain features that are clearly visible and can be
captured effectively, such as the shape of the seat or the curvature of the legs. In terms
of buildings, some features might be not as visible when one single sketch of the whole
building shape is fed in, such as details of window frames or shape of ledges separating
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each floor. We then seek to experiment on the effectiveness of such an approach when
we migrate the domain to buildings. We also seek to extend this architecture by em-
ploying a multi-task decoder architecture, which is responsible for predicting parameter
values of one semantic component instead of one single parameter, and our approach

will be discussed in section



Chapter 3

Methods

In this chapter we discuss the major methods of our work, including the design and
construction of our shape program on buildings, how we generated the synthetic dataset
for training, our neural network architecture and the Blender User Interface.

As an overview, we first defined a shape program that accepts a set of input parameters
and produces a 3D model for a building; we then created a synthetic dataset through
sampling our parameter space and rendering shapes produced by the shape program
as sketch images; our neural network consists of an encoder and a series of decoders,
which will be trained to predict parameters for a given input sketch; our user interface
allows users to draw sketches and send them to neural network for inference, and
it automatically loads the output parameters into the shape program to visualize the
procedural building predicted based on user sketch. This overall process is visualized in

Figure[3.1]

Neural Network for
Parameter Prediction

User Interface

Synthetic Training Data Generation

Input Parameter sampling
Parameters Input
Parameter loading Parameters

DAG-based
Shape
Program

User sketches

Sketch Image User Interface

- Encoder DAG-based
Training

Produces Synthetic Dataset - e
Program

Building Shape

Multi-task
Decoder

(Predicted) Input Visualize
Parameters

Figure 3.1: Overall process of our work, from how we generate training data to how the
trained neural network is used.

Building Shape

Sketch Image

Renderer Render as sketches II

12
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3.1 Shape Program

We start with introducing our shape program on buildings. In short, it is a DAG-based
procedural model written in Python and executed in Blender, and it produces raw mesh
of a building.

3.1.1 Buildings

We consider a typical building to be consisting of the following components: building
mass, roof, windows and ledges. This design inherits from |[Nishida et al. (2016)’s work,
but consider a window shape as a combination of window frames, window panels and
window ledge. In terms of ledges, it refers to the elements on a building facade that
visually divide different floors. The building decomposition is visualized in Figure 3.2]

Full building u ling 1

Figure 3.2: An example of a full building mesh with cubic building mass and roof, 3 floors
and 3 windows on each side for each floor, with visible ledges dividing each floor.

The full design and individual components of a building in our context are shown in
Figure All other components other than building mass are connected the building
mass, for example, roof is positioned on top of the building mass and facade elements
including windows and ledges are attached on building mass surface. Each individual
component (building mass, roof, window, ledge) has different variations in their shape,
either discretely (different fype of shapes like cubic or round) or continuously (sizes,
extrusion into the shape for details, etc.). The height of building mass, along with
number of floors, dynamically determines floor height; floor height and number of
windows per floor on each side then determines maximum window sizes. These kinds
of connection and parameter-dependencies are further discussed in section [3.1.3] This
is a rather simple design comparing to what state-of-the-art procedural models on
buildings can achieve (such as|Schwarz and Miiller; (2015), and see section or any
application in game or visual effects industry), since implementing a more complex and
realistic building shape program is not the major focus of our work.

We simplify shapes as follows: building mass can be cubic or cylindrical; roof can be
cubic, cylindrical or a half-sphere; window panels can be divided horizontally, vertically
or not divided; window ledges and floor ledges are a cubic shape with optional extrusion
into the shape on x- and z-axis, resulting in an L-shape if extruded. These are visualized

in Figure
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Building (standalone)

) I
Number of floors

” Floor height

- » Numbers of windows per floor

|- > < I
-
- -

Figure 3.3: Building design diagram. Note the ubiquitous dependencies between
components.

Roofs . Ledges

Building Mass Cubic Cylindrical Half-sphered L-shaped extrusion | \indows

Cubic Cylindrical Whole panel Vertical Division Horizontal Division Both divisions No window ledge

Figure 3.4: Different types of shape components supported by our DAG program for
buildings. Note that continuous variations, such as size differences, are not visualized
here.

3.1.2 Geometry Nodes and Geometry Scripts

Blender’s Geometry Nodes is a node-based system that can handle many geometry
operations in Blender, and it can be used to construct our DAG-based shape program.
We refer readers to the official manual page for full introduction and to a book written
by (2022) for more advanced usage guidance and examples. One drawback we
noticed from [Pearl et al.| (2022)’s work on DAG programs is that such a node-based or
graph-based system, although intuitive, cannot scale to larger systems that can express
more complex shapes without sacrificing readability. The complexity of
(2022))’s shape program is visualized in Figure [3.5]

To solve this issue, a third-party library, Geometry Scripts, available on GitHub under
the GPL-3.0 license, is used. It is a scripting API for Blender’s Geometry Nodes system
that address the aforementioned complexity issue with Geometry Nodes by allowing
users to create node trees from Python codes. We again refer readers to its official
documentation for more details. However, it is not the case that arbitrary Python codes
can be used: methods from the API must be used all the time in order for the conversion
to node trees to work. For example, a simple if-else statement needs to be expressed as
a series of comparison operations yielding booleans and then a set of switch nodes to


https://docs.blender.org/manual/en/latest/modeling/geometry_nodes/introduction.html
https://github.com/carson-katri/geometry-script
https://carson-katri.github.io/geometry-script/
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For chair handle sha

Propagation of parameters across different
semantic snippets

Figure 3.5: Blender Geometry Nodes built by Pearl et al.| (2022) for a procedural chair.
Note that these are partial screenshots since the system is larger than the maximum
zoom-out level Blender’s interface allows.

propagate corresponding values. This is illustrated in Figure[3.6] Another example is
the use of for-loops. If we wish to iteratively instantiate a shape over a direction, instead
of implementing the logic with for-loops, we need to define a curve that describes the
direction and length, and to use a sampling node on the curve to create anchor points
along the path, in the end instantiating mesh on all anchor points. This can be seen in
section [3.1.3]and especially in Figure 3.8 on our DAG implementation.

API calls: Generated Geometry Nodes:

.compare (
.Compare.Operation.
.Compare.DataType.

Boolean comparison node 'l

Pseudo-code: _switch( + 5P Cube o

: .Switch.InputType. )
8 - Result
« ) ’
3 w)

Directly written in Python. S)v SPC..[6
This will not compile to ’ Size

geometry node, unless being
re-written in the form to the
right, with corresponding
APIs:

— .Vector) ->  .Geometry:
- cube( )

Geometry scripts annotation to register a method as a custom geometry node:

Figure 3.6: Usual logics cannot be written in Python directly, such as if-statements. They
need to be expressed in the same way as if it is implemented in geometry nodes directly
with built-in nodes. Green part also shows how to register a Python method as a custom
node.

This also highlights a significant point, that the usage of this library does not lower the
burden to build a complex DAG-based shape program, instead, it merely provides a
more convenient way of organizing the shape program and enables features such as
version control and convenient code commmenting.
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3.1.3 Our DAG Program

We constructed our DAG-based shape program for buildings following the design de-
scribed in section[3.1.T]and with the tools mentioned in section[3.1.2] The program starts
by considering the overall building shape, and high-level parameters, once computed,
will be propagated to subsequent components; after each individual component has deter-
mined on their respective detailed shapes based on these propagated values, their geome-
try output will be combined together as a final building mesh; one final step is in place to
apply appropriate transformations on the final mesh, ensuring that the mesh is centered
at world origin (0,0,0) and will not exceed the viewport. This overall flow can be seen in
Figure[3.7] We defined custom node trees for each individual components, and we used
them in a final node tree that handles all high-level operations, such as the first and the
last step mentioned above. These node trees are: BasicBuilding for the overall building
shape, BuildingMass, Roof, BuildingWindowlnstantiator with WindowWithLedge,
and BuildingFloorLedgesInstantiator with CubedF loorLedgeForExtrusion.

Input

Parameters

—{ High Level Computations | Normalize sizes, etc.

} Building Mass } Building Mass

Base Shape|Generators

Relative position l

‘ Roof | 1' Roof Shape |<—

Building edge shape

B Wind
} Windows } JCOW

Building edge shape

} Ledges } 1' Ledge Shape |<—

Final Processing

Combine shapes, offset to center, etc.

Building

Shape

Figure 3.7: Overall flow for our DAG-based shape program.

The overall building shape is determined by user input on building mass size as a vector
of 3 (size on X, y and z axis respectively), and we normalize the building size by making
the diagonal length of building mass to 1. This calculation is shown in equation [3.1and
3.2

X y Z

3.1
||bm_size||’ ||bm_size|| " ||bm size|| | ’ G-

bmﬁizenormalized =

where

bm size = [x,y, z],||bm size|| = /x> +y? + 72 (3.2)
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Figure 3.8: Left: building mass’ floor growth vector, showing its usage of floor height
(and number of floors), and how floor anchor points are centered on each floor; Right:
visualizing edge lines for cubic and cylindrical building mass shape, and the window
anchor points specifying window positions and orientations.

After obtaining the normalized building size, we divide it by number of floors to get a
floor height. The floor height is an example of a computed high-level parameter, since
it is inferred from other user inputs and is used in generating shapes for (all) other
components: building mass, roof, windows and ledges.

BuildingMass node receives a vector containing pre-processed scale for one floor of
building mass, and a discrete value (integer) indicating the type of the base shape, in
this case O or 1, indicating a cubic or cylindrical building mass shape. It instantiates
a corresponding geometry with input shape and size, and it also pre-computes a set
of curves, depicting the four edges of the generated building mass. These curves are
returned so that subsequent processes can generalize to any building mass shape without
extra computation at each individual step, and this is visualized in Figure [3.8] Note
that the BuildingMass node only returns a single floor of building mass, while the
BasicBuilding node takes care of repeating the geometry “num_of_floors” times to form
the full building mass shape, by computing another curve as the “grow” vector for floors
and instantiating the single floor mesh on each point. This is also visualized in Figure

B8

BasicBuilding node then computes a bounding box for building mass, which it then
use with roof height to obtain a z-axis coordinate as the center for the roof mesh.
Roof node, just like BuildingMass, will then produce a mesh for roof of appropri-
ate base shape and size according to input parameters, and the geometry will be
lifted to the roof anchor point computed above. Similar methodology is used for
windows and ledges, where a basic geometry will be generated and repeatedly in-
stantiated on corresponding anchor points around the building mass. As its name
suggests, WindowWithLedge and CubedFloorLedgeForExtrusion nodes produce the
mesh and two instantiator nodes will handle the instantiation to proper places. For
example, BuildingWindowlnstantiator uses the aforementioned four curves depict-
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ing the building mass edges to determine the position and orientation to instanti-
ate all windows on a floor, and it then uses the grow vector for floors to determine
how to instantiate single-floor windows to all floors. Again, window anchor points
with respective orientations on building mass edge lines are visualized in Figure [3.§]
Note, that CubedFloorLedgeForExtrusion node produces a 2D grid mesh, so that
BuildingF loorLedgeslInstantiator can extrude the shape freely along the building mass
edges according to the curve, without extra handling for the building mass being cubic
or cylindrical. The extrusion method is visualized in Figure [3.9]

-+ =

Curve as path Curve as profile shape Final extruded shape (floor ledge)

Figure 3.9: Extrude a profile curve/shape along a path described by another curve
(curved or a straight line) and we end up with an L-shaped ledge for arbitrary building
mass shapes.

The separation into shape generation nodes and instantiator nodes allows the shape
program to treat partial shape programs on partial components as black box, that we can
change the implementation of certain partial shapes or switch to use another node. It
also allows us to, if we wish to, refer to some more complex but pre-defined base shapes
for each component, and we can end up with a more complex and visually appealing
procedural building model without much efforts.

A complete table of all parameters of our DAG program is provided in appendix |A.1],
and an example of a full parameter description is also provided in appendix [A.2] We
will discuss some examples here. Most of our parameters are named properly and are
self-explanatory, such as “Window Divided Horizontal” and “Window Divided Vertical”
controlling whether the window panels are divided, and “Window Interpanel Offset
Percentage Y/Z” controlling the offset amount between window panels if divided. Their
ranges are designed to be intuitive, for example “Windows Left Right Offset” has a
range from -1 to 1, representing the leftmost and rightmost offset amount dynamically
allowed by the building shape. Size vectors, such as “Bm Size” and “Rf Size”, although
will be normalized, have a sampling range from 0.5 to 1: lower values will result in
extreme shapes which do not look natural as a building.

3.2 Dataset Generation

Due to the nature of this inverse procedural modeling task, we need to generate our
own synthetic dataset with our shape program so that a neural network can be trained to
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regress parameters for it. Our DAGDataset is structured like follows:
DAGDataset<batch_num>_<images_per_batch>_<num_varying_params>/
images/
LA,<batch,id>,<sample,id>.png
params/
LA,<batch,id>,<sample,id>.yml
meta.yml

The file meta.yml contains supplementary information on the dataset, including camera
angles used for rendering each batch (section [3.2.2), dataset name, a mapping of each
parameter to each decoders (section [3.3.2)), ranges (section [3.2.T)for each parameter for
normalization and de-normalization purposes, and a mapping of switch labels (section

B.3.3).

3.2.1 Parameter Sampling

As the naming suggests, we generate data in batches, and this is due to how we
implement our parameter sampling process. Instead of a fully random approach, in each
batch, we randomly choose 5 out of all parameters as varying parameters and others
as fixed. Each parameter is associated with a range: for discrete variables, it’s a list of
possible values it can take, and for continuous variables, it’s pair of min/max values.
We further divide this range to 10 intervals, and in a batch, we randomly decide on an
interval for each fixed parameter so that its values are further constrained to a smaller
range, while varying parameters do not have such limits, and they can be sampled from
the full range. This process is formally stated in algorithm I} it allows the model to be
exposed to sketches where some features diverse significantly while exact same features
do not exist.

3.2.2 Render

Having sampled values for each parameter, we now need to render the shape produced
by our shape program if fed in these parameters. This can be divided into 2 steps: load
the parameter into the procedural model to obtain a 3D shape, and render the shape as a
sketch image.

3.2.2.1 Scene Setup and Parameter Loading

We define a placeholder cube in the 3D scene and apply the generated geometry node
for buildings to it, and the geometry node modifier will overwrite the original geometry
(cube) with generated building shape. We locate this object and its geometry node
modifier, and then we iterate over the input parameters of the node tree, filling in
corresponding values.

The camera is set up to always look at the building shape at (0, 0, 0), and its distance
from the origin is jointly controlled by the radius and the height of a track it is placed
on. By manipulating the track, we can change the viewing angle horizontally (or more
easily, vertically, as in moving to the left or right) without affecting the distance from
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Algorithm 1 Parameter Sampling for a Batch

1: Inputs:
* P: list of parameters to be sampled, where each parameter p; is associated
with a range
* v: number of varying parameters
* n: number of samples to be generated in this batch

2: Output: list of samples generated
3: Choose varying parameters P, and fixed parameters Py from P
4: Choose intervals for each Py
5: batch_params =[]
6: fori € ndo
7:  cur_params = {}
8: for P,e Pdo
9: if P, € P, then
10: Sample from full range, add to cur_params
11: end if
12: if P; € Py then
13: Sample from pre-determined interval, add to cur_params
14: end if
15:  end for
16:  Add cur_params to batch_params
17: end for

18: return batch_params

the camera to the building shape by a series of simple trigonometry calculations. This
is visualized in Figure[3.10]

3.2.2.2 Freestyle Rendering

We employ another Blender’s built-in module, Freestyle, to render the building shape
as sketches. In short, Freestyle handles a series of tasks such as edge selection and
rendering in order to produce non-photorealistic renderings, including a hand-drawn
style which is what we desire for sketch images. For comparison, see Figure [4.6( where
cylinder’s edge lines are on side surface is ignored by Freestyle rendering.

In our context, Freestyle renderer will render proper edges with black lines, and we
leave only these lines to form our sketch drawings. We exclude plain building model
from the image by setting them and the background to pure white, and thus we can use
binarization on the rendered image to extract only sketch lines.

Since we expect input sketches to be hand-drawn, and they do not tend to follow strictly
to perspectives and a certain viewing angle, we randomly disturb the rendering angles
for each batch of images on both horizontal and vertical directions. For each batch, we
choose a horizontal viewing angle from a range, which is a 5-degree walk-through from
30 degrees to 60 degrees, and when rendering each image, we apply an extra offset on
both vertical and horizontal rotation within 20-degree range.


https://docs.blender.org/manual/en/latest/render/freestyle/introduction.html
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Figure 3.10: Scene set-up in Blender. We can make sure the length blue dashed line,
which is the distance from camera to building shape, is not changing with viewing angle
changes, by adjusting track’s height and radius properly. Height is 2 x arcsin of horizontal
angle and radius 2 x arccos of horizontal angle. Vertical angle changes can be done by
rotating the track or offsetting the camera along the track path.

We give some examples from our synthetic dataset to show how Freestyle renderer can
render mesh in a sketch style in Figure

3.2.2.3 Our Own Curve Distortion Renderer

During early explorations for this project, we implemented our own curve distortion
pipeline for rendering 3D shapes as sketches, which as its name suggests, includes one
extra feature than the aforementioned Freestyle renderer: distortion of edge lines to
curves to mimic hand-drawn lines.

The process can be summarized as a 4-step process: edge filtering, vertex disturbing,
curve spawning and rendering. In edge filtering, we select only visible edges, and only
sharp edges - non-sharp edges include repeated edges along a curved surface which
human drawings do not tend to include but is present in discrete representation of
meshes. This selection property is visualized in Figure After obtaining desired
edges, we record its midpoint coordinate and apply scaled random offsets to its two
end vertices according to its length. With these new coordinate tuples (offset start, mid,
offset end), we generate a bezier curve in place of the original edge, such that it will have
a natural curvature instead of a straight line, which is more similar to human sketches.
We then use Freestyle renderer again to render these curves. As a side note, we need
to extrude these curves along a random axis slightly (1-e4 units), as a way to solidify
these curves, such that the Freestyle renderer does not ignore them; to avoid repeated
rendering of a curve, we employ the edge selection feature of Freestyle renderer by
marking only one of the edges in the newly generated surface as the edge to be rendered,
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Figure 3.11: Some sketch images in our dataset. Note the variety of viewing angles.

and the marked edge is the same one as the generated bezier curve before extrusion.

Sharp Edges Visible Edges

Figure 3.12: Sharp edges and visible edges on a cylindrical building shape, and the
desired final render without any postprocessing that removes the grey building mesh.

As a side note, the generated building shape from the DAG node tree is not actual mesh
until we convert them, and this is the Blender’s default behavior; therefore, for the edge
selection process to work on the actual shape instead of the placeholder cube, we create
duplicates of our building shape and convert them during rendering, then remove them
automatically after each render.

This process is optimized for three different types of objects: objects of straight lines,
objects of cylindrical shapes and spheres, since they have different edge selection
pipeline due to their geometric nature. Our building shape might contain multiple types
of shapes, thus we implement a wrapper node around the BasicBuilding node, that can
return full building shape, only building mass, only roof, only windows or only edges
when given different flags as input. We then iterate through each component above, and
apply the above process to spawn corresponding disturbed curves, in the end render all
spawned curves. During rendering, we hide plain building model and all duplicated



Chapter 3. Methods 23

meshes, but we keep building mass and roof’s duplicated mesh visible to block invisible
curves, such as windows on the other side of the building shape. Similar to what we
did with Freestyle-only rendering in previous section, by making the duplicate mesh as
white as background, we can exclude the meshes during post-processing of binarizing
and converting to grayscale.

We visualize some of the generated distortion renders in Figure [3.13] and we can
observe some artifact: building mass and roof edges look like they are sketched multiple
times due to the fact that we render their duplicate mesh along with generated curves,
but this issue is also present on lots of human sketches where humans modify a line
multiple times; the floor ledges on cylindrical building mass is messy, since it can
only use striaght line renderer. Our algorithm did not optimise for partially occluded
curves, therefore a work-around on roof and building mass is to block them with actual
meshes during render; however, for ledges on cylindrical building mass, their shape
is not strictly a cylinder since they are a straight line shape extruded along a circular
path. Therefore we can only fallback to use straight line renderer for ledges until a
better method on handling such shape is found. Due to these issues, we used synthetic
datasets renderer with Freestyle in Blender as the major training data.

i\g: Nl
‘@1 sl
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Figure 3.13: Post-processed and raw distortion renders

Furthermore, this algorithm is not perfectly stable and it will crash Blender with seg-
mentation fault in extreme cases. The core algorithm was developed under assumption
that it will handle individual and primitive shapes and was not optimised to handle full
building shapes. The largest distortion dataset we created was at 496 images, which
was not enough to properly train a neural network that can generalize to more diverse
patterns. This will be discussed in section 4.1.3]

3.3 Neural Network

Having generated corresponding sketch images for different sets of parameters, we can
proceed to train our neural networks. Our neural network architecture consists of an
Encoder and a series of Decoder networks, and it takes as input 512 x 512 gray-scale
images, predicts parameters for our shape program mentioned above. The overall
architecture is shown in Figure [3.14]
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Figure 3.14: Overall architecture for our encoder-decoder neural network on parameter
prediction.

3.3.1 Encoder

The encoder network accepts a 512x512 gray-scale single-channel image as input, and it
embeds the image into a feature vector of length 1024. It contains 2 convolution layers
with 3x3 kernel size and a padding of 1, of 32 and 64 output channels each, followed by
ReLU activation layers and Max Pooling layers, and as a final projection, a linear layer
producing the final feature embedding.

3.3.2 Param-aware Multi-task Decoder

In comparison to Pearl et al.| (2022)’s work where they train decoders for each pa-
rameter, we organize decoders according to semantic components on a building. Our
decoders thus include: BuildingMassDecoder on building mass base shape and size,
FacadeDecoder on number of floors and windows on each side, Roo f Decoder on roof
base shape and size, WindowMainDecoder on horizontal/vertical offset for windows
and window size, WindowPanelDecoder on window panel size, how they are divided
and inter-panel offset if divided, WindowLedgeDecoder on whether there is a ledge
for each window and if so, its size, its extrusion to form the L-shape and its height
offset from the window, and finally F'loorLedgeDecoder on whether floor ledges exist
and their size and extrusion. This design aims to leverage the advantage of grouping
semantically similar parameters under one network, such that some weights can be
shared and the output layers become context-aware. We conducted experiments on this
design choice and will discuss them in the section[4.1.2]

This set-up introduces a new problem, that some decoders need to predict both discrete
and continuous values. We employ multi-task learning techniques and design a Multi-
task decoder architecture, consisting of a classification branch for each discrete variable,
and a regression branch for each continuous variable. The decoder will first process the
feature vector with 2 shared dense layer, ending up with a processed feature vector of
size 512, and this processed decoder-specific feature vector will be given to branches of
different task. For each branch on a task, 2 linear layers are used to produce the final
prediction of corresponding parameter type (probability logits for classification and raw
values for regression). To facilitate proper parsing of parameters, we format the shape
parameters as dictionaries.
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Figure 3.15: Param-aware (as dictionaries) Multi-task Decoder

To summarize, each decoder network accepts the feature embedding from encoder,
and produces corresponding prediction results from their respective classification and
regression branch according to how they are set-up with the parameter list above.
These outputs, as dictionaries, are then combined back to form a complete set of shape
parameters. After a further denormalization process on the data, these parameters can
be loaded back into the shape program to reassemble the 3D building model from the
sketch image. We visualize this architecture in Figure [3.15]

3.3.3 Custom Loss Criterion

Due to the use of multi-task decoder networks, we need to implement a custom loss
criterion for the neural network training procedure to work. In short, we use cross
entropy loss on classification tasks and L1 loss on regression tasks.

In a forward call to compute loss for a batch of neural network outputs, we first
iterate through each decoder outputs and compute their combined loss by calculating a
weighted average of classification and regression losses (in most of our training, the
weight ratio is 1:1). Empirically, we found that our network is prune to overfit possibly
due to the simple nature of our image inputs, thus counter-measures such as weight
regularizors and dropout layers should be employed. This loss function thus accepts
related inputs to control the weight regularization, such as which norm to use (L1, L2 or
no regularization). Overfit issues will be further compared and discussed in the section

L1

Note that some classification tasks determine whether a shape component is present, and
when the shape is not present, we wish to disable the gradient update on corresponding
regression branches. We achieve this by utilising ground turth values (0 or 1) for these
classifcation tasks as switch labels: we multiply the ground truth value to the loss value
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of corresponding regression branches, and if the shape component is not present on
the sketch (gold label is 0), the loss for that regression task is set to 0, and otherwise
unchanged (multiplication by 1).

“Has Floor Ledge” and “Window Divided Horizontal” are examples of above switch
labels, and they control corresponding shape paramters like “Window Interpanel Offset
Percentage Y. A table of all switch labels and parameters under their control is given

in appendix [A.3]

3.3.4 Training

Our training loop is similar to standard approaches. We first load the dataset and
split data samples to train, validation and test set with ratio 0.8:0.1:0.1, and we create
dataloaders for each set. We then assembly our full neural network by initializing
the encoder model, loading metadata and initializing corresponding decoders. We
then train the neural network with Adam optimizer and our custom loss function,
logging validation set performance in terms of validation loss every 10 or 100 iterations
(batches). In the end, we evaluate the model on test set with F1 score (F1) as the metric
for classification tasks and Mean Absolute Error (MAE) for regression tasks, and we
produce a visualization of the training and validation loss curves. For results, see section
and for final results, see section |4.1.4] specifically Figure

3.4 User Interface

We leveraged Blender’s detailed support on interface development to integrate our
pipeline as a Blender plugin with a graphical user interface (GUI). Another reason
is that we can use Blender’s built-in Annotate tool to serve as a means for sketching
directly. The interface is shown in Figure

Note that our plugin also works on |Pearl et al.| (2022)’s work, GeoCode, and in fact, we
attempted to integrate their pipeline as a plugin as one of the early exploration of this
project.

3.4.1 Inference Pipeline

We first extract our inference pipeline from neural network training and testing proce-
dure: load metadata and models, load one single image as input with proper transforms
(to 512x512 grayscale), perform forward pass on the model, then parse and denormalize
the outputs, and save it as a yml file.

We also implemented a batch inference process to facilitate more efficient testing and
visualization, where the above inference process is applied to a set of images, usually
the test set. The only difference is to perform forward pass on a batch of images instead.

The denormalization process utilises the model output value and parameter specifica-
tions from metadata, where it applies min/max denormalization on continuous variables
like floats or uses torch.argmax to extract corresponding class indices on discrete
variables.
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Figure 3.16: User Interface with elements and functionalities annotated. User sketches
in blue lines are made with blender’s built-in Annotate tool. Detailed explanation on
different functionalities will be given in section [3.4.2]

3.4.2 Interface

We refer readers to Blender’s official manual page on Add-on development for detailed
introduction on how to implement a plugin with user interface. In short, it involves
defining a set of operators to convey desired functionalities, and putting visual elements
like buttons in place to trigger corresponding functionalities. As a side note, in order for
Blender to use third-party libraries like PyTorch, a work around is to delete Blender’s
built-in Python directory and start Blender from a terminal with activated conda envi-
ronment containing necessary dependencies, so that Blender will fallback to the current
Python path, as long as the Python version is the same with what Blender was compiled
on. For our work, we used Blender 3.2, which was bundled with Python 3.10. This is
documented on official Tips and Tricks page.

As mentioned previously, we use Blender’s built-in Annotate tool as the sketching
tool, and after the user having completed the sketch, the core functionality of our user
interface let the user to call model inference on the new sketch with one button click.
The process will save the user sketches on a 512x512 grayscale image, and invoke the
aforementioned inference pipeline; it then utilised a similar procedure on parameter
loading mentioned in section [3.2.2.1] that loads predicted parameters into the building
shape and visualize it in the scene.

There are also various auxiliary features:

* Background Image: it allows the user to load a background image as drawing
reference, and the opacity can also be conveniently adjusted; this functionality
also serve as a way to visualize differences between produced building shape and
ground truth sketch.


https://docs.blender.org/manual/en/latest/advanced/scripting/addon_tutorial.html
https://docs.blender.org/api/current/info_tips_and_tricks.html
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* Inference on Image: the background image can also be used directly for infer-
ence, as long as it is a sketch-style image; this facilitates faster testing during
development phase since it allows re-use of existing sketch images, and the user
may also use this feature directly to verify model performance.

* Batch Render: the aforementioned batch inference functionality on a set of
images. This creates a pred folder in the directory containing the images, and
saves model outputs and renders of produced building shape in it.

* Miscellaneous: this includes small quality-of-life features like erasing all existing
sketch/annotations, adjusting viewing angles vertically or horizontally, toggling
camera view, etc.
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Results and Discussions

4.1 Results

We showcase our experiments conducted in this section and provide some insights into
each of them. All experiments are conducted with the same dataset of 10k synthetic
data samples, with a batch size of 32 and max epoch 5, logging validation loss every
100 iterations.

Table 4.1: Performance Metrics on 10k dataset; best in category is in bold, while best
overall is in italics.

Architecture Avg F1 MaxF1 Avg MAE Min MAE Best Val Loss
no_layer_sharing 0.7956  0.9659 0.2086 0.0936 6.9078
shared _layer 0.8160 0.9680 0.2015 0.0799 5.7685
dropout 0.8336 0.9740 0.1877 0.0726 4.9552
dropout_11 0.7403  0.9372 0.2110 0.0890 12.1698
dropout_12 0.8095  0.9700 0.2023 0.0862 5.6561
dropout_12_larger 0.8245 0.9760 0.2012 0.0787 6.8061
plain 0.8339 0.9780 0.1873 0.0730 4.6997
plain_larger 0.8501 0.9770 0.1840 0.0679 4.5435
plain_larger_dropout 0.8340  0.9730 0.1897 0.0721 5.0566

4.1.1 Experiments - overfit

Empirically, we found that the neural network is more prune to overfit issues comparing
to usual models, and as mentioned previously in section[3.3.3] we suggest that this is due
to the simplicity of our input sketches by their nature. We attempted to control the overfit
by employing dropout layers and loss regularizors, and experimented with different
batch sizes and dataset sizes, but the effectiveness is negligible; we further discover that
the model without any overfit countermeasures yields the best performing model, with
weights saved at best validation loss. Training curves of experiment on dropout and
L2 regularizors is compared in Figure 4.1], and performances are summarized in table

29
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Note that "large” refers to the configuration of 2 shared layers instead of 1, 2 dense
layers in each branch instead 1.
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Figure 4.1: Experiment on controlling overfit. Dropout with L2 regularization is indeed
the most effective in controlling overfit, but it yields worse overall performance.

One possible explanation is from the data’s perspective: our synthetic images have
highly repetitive features since they are directly generated from perfect meshes, therefore
certain amount of overfit, that is, the model memorizing some partial features exactly
can lead to a slightly better performance. To address this issue, and also as will be
mentioned in experiments with distorted sketches in section d.1.3] we train our final
model with best configuration but dropout layer activated.

4.1.2 Experiments - shared layers

We aim to verify the expected advantage of shared layers in decoder in this experiment.
The decoder without layer sharing has 2 dense layers for each branch, while the layer-
sharing decoder model has 1 common decoder dense layer, and then 1 dense layer for
each branch. The training curves shown in Figure .2]indicate no significant difference
in convergence rate but slightly better loss overall, and the performance comparison
in table suggests a minor overall advantage too. Taking into account that the
layer-sharing model consists of less parameters, we end up preferring the layer-sharing
approach in the decoder since it is more effective.

4.1.3 Test on distortion dataset

As mentioned in section [3.2.2.3] we have generated a dataset of 496 sketch images on
building shapes with distorted curves. Although not enough for training, we experi-
mented with it and showed that the quality was enough to fit a model, and we conducted
testing with it using other models.

Training results are shown in Figure [4.3] and we can notice a better performance
comparing to other models on other datasets. However, with such a small model and
only 4 different sets of varying parameter patterns (4 batches during generation), it
is likely that the model only learns how to distinguish between 4 patterns and it will
perform well even on test set. Although invalid, it still shows that our distortion renders
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Training and Validation Loss

—— Training loss
—— Validation loss

8 —— Training loss
—— Validation loss

Iterations

No layer sharing

2 4 6 8 10 12
Iterations

Shared layers

Figure 4.2: Layer sharing experiments. The axis are not perfectly matched since they
are generated by our code automatically from individual loss records, but the trend and
value differences can still prove the advantage of shared layers.
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Figure 4.3: Training on Distortion dataset of 496 images

are good enough to “train” and “’fit” a neural network, at the very least, they are not

random curves.

Table 4.2: Cross-testing Performances; normal model refers to prior best: larger plain

model with no weight regularizors

Architecture
distortion_model_on_normal

Avg F1 MaxF1 Avg MAE Min MAE
0.5232  0.7774 0.2522 0.1343

normal_model_on_distortion
normal_model_with_dropout_on_distortion

0.6215 0.9371 0.2541 0.1006
0.6353 0.8833 0.2530 0.1063

We thus use the distortion dataset as test set to verify other models and we summarize
the cross-testing results in table 4.2} Although differences are minor, we found out

that models with dropout perform slightly
train our final model with dropout activate

better on average, and thus we proceed to
d. This meets our expectation that dropout

layers make models more flexible when presented with data of reasonably different

distributions.



Chapter 4. Results and Discussions 32

4.1.4 Final Model

Our best performing model is trained on 30k images (300 batches x 100 images per
batch), with batch size 32, achieving a best validation loss of 5.0398 at iteration 26
(2600 batches past) and a final test loss of 4.9720. The loss number is not close to
zero due to the way we calculate it (see section @[}, but the model performance is
satisfactory, with an average F1 score of 0.83 and an average MAE of 0.22. Detailed
performance for each parameter is visualized in Figure 4.4]

F1 Metrics MAE Metrics

Bm Size
Bm Base Shape -
Floor Ledge Size X

Window Shape Size -
Has Floor Ledge -
Window Panel Area

Floor Ledge Size Z
Rf Base Shape
Rf Size

Window Ledge Shape Size -
Num Floors
Floor Ledge Extrusion X

Window Ledge Extrusion X
Has Window Ledge
Window Interpanel Offset Percentage Z

Floor Ledge Extrusion Z
Num Windows Each Side 1
Window Ledges Height Offset 4

Window Interpanel Offset Percentage Y
Window Divided Vertical 4
Window Ledge Extrusion Z -

Windows Height Offset

Window Divided Horizontal - . .
Windows Left Right Offset

T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.1 0.2 0.3 0.4
F1 Scores MAE Scores

Figure 4.4: Performance on discrete and continuous variables, of F1 scores and Mean
Absolute Errors, respectively. Sorted from better to worse performance. Bm is short for
building mass, and rf refers to roof. We name window ledge and floor ledge explicitly to
avoid ambiguity.

Some of the predicted shapes are visualized in Figure 4.5 and 4.6 which are build-
ing shape renders directly from Cycles render engine and line mode renders with
corresponding ground truth as the background.

Figure 4.5: Cycles rendering of predicted building shapes.

4.2 Discussions

Figure 4.4 shows that model performance on visually smaller features, like windows
and ledges, are worse comparing to more visible features like building mass sizes. This
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Figure 4.6: Yellow lines are predicted shape under line mode, while black lines are
ground truth sketches. Some visual discrepancy comes from mis-aligned viewing angles.

meets our expectation since we are providing one single sketch of a full building shape
with a limited resolution of 512 x 512 pixels, and it would reasonably be harder for the
encoder to capture smaller details as good as larger features.

To address this problem, some solutions include enlarging input image size or extending
the input domain further. For example, we could support the input of multiple images
at the same time, and allowing the user to describe desired window shape in details in
a separate image. The amount of drawings needed for this approach would then fall
back toNishida et al.| (2016))’s work, but this can still be a one-step process instead of
an iterative pipeline.




Chapter 5

Conclusions

In this project, we designed and implemented a DAG-based procedural shape pro-
gram for buildings, and we generated a synthetic dataset with pairs of shape program
parameters and corresponding sketch image of the produced shape to train a neural
network, which includes an encoder and a series of multi-task decoder networks. We
also attempted to build a novel renderer that mimic the hand-drawing style of human
sketches. We utilised Blender to build a graphical user interface which allows user to
provide sketches, run the neural network to predict shape parameters, and automatically
loads the parameter back into the shape program to visualize the produced building
shape. We showed that using multiple decoder networks can effectively extract shape
parameters, while visually smaller features are harder to capture due to image resolution
limitations. Although our implementation was highly integrated with Blender, the
process can be generalized to use any other methods of implementing shape programs
and user interfaces.

5.1 Future Work

In this section we discuss potential extensions to this project, and we wish to highlight
a path that is inspired by our use of Geometry Scripts.

5.1.1 Extending Input Domain

As mentioned in section we can attempt to solve the problem on capturing minor
details through extending the input domain. Instead of inputting one single image, we
allow for multiple images, for example, a compulsory one on overall building shape,
and optional ones depicting shape details of certain components like windows. Optional
images can be inputted by filling in pre-defined slots on the user interface, or they
may come with semantic labels. This would require modifying the encoder network
architecture to support such inputs of rich formats.

34
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5.1.2 Distortion Dataset

One trivial improvement is to refine the distortion renderer mentioned in section [3.2.2.3]
since it will naturally be more similar to human sketches. One potential and small
adjustment is to train a model on synthetic dataset first, then fine-tune it on distortion
dataset, if the algorithm performance is still not ideal.

5.1.3 Generating Code Snippets

Inspired by our use of Geometry Scripts library and how we can write Python code and
end up with a DAG program, we can leverage recent advances in the Large Language
Models (LLM) and train a model to output these Python codes or any other form of texts
directly, which can be interpreted as a shape program. In fact, the Geometry Scripts
library has such a feature in early testing that can convert existing Geometry Nodes
back to Python codes, and thus we can leverage the large number of existing Blender
Geometry Nodes programs to form a first training dataset of shape programs in their
textual representations, such as code snippets, and corresponding (sketch) images that
is produced by such shape programs. This can also generalize to any form of shape
programs, not only procedural ones, since there also exists various CAD programs that
produces shape, and can be converted to corresponding textual or code representations.
This idea is visualized in Figure [5.1] If this can be achieved, we can then solve the
first problem of Inverse Procedural Modeling mentioned in section [I.1] that is, creating
procedural shape programs from scratch.

Generalization Possible Extension  Current Pipeline

Any Python API:
Blender:
Shape Geometry »{ Geometry Nodes H O Blender
Program Scripts
(Procedural)
Shape 3D Shape Renderer
Program
Neural
Parameters 2D Images
Code Code Neural 2D Images
Snippets Snippets Network g
i
1
U . Language
Model Text Prompts

Figure 5.1: Extensions on a text-based approach, generating textual representations of
shape programs instead.
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Appendix A

Supplementary Materials

A.1 Parameter for Procedural Building Model

Table A.1: Parameter Ranges

Name

Bm Base Shape

Bm Size

Floor Ledge Extrusion X
Floor Ledge Extrusion Z
Floor Ledge Size X

Floor Ledge Size Z

Has Floor Ledge

Has Window Ledge

Num Floors

Num Windows Each Side

Rf Base Shape

Rf Size

Window Divided Horizontal
Window Divided Vertical
Window Interpanel Offset Percentage Y
Window Interpanel Offset Percentage Z
Window Ledge Extrusion X
Window Ledge Extrusion Z
Window Ledge Shape Size
Window Ledges Height Offset
Window Panel Area

Window Shape Size

Windows Height Offset
Windows Left Right Offset

Type
states
vector
float
float
float
float
bool
bool
int

int
states
vector
bool
bool
float
float
float
float
vector
float
vector
vector
float
float
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Min

0.5
0.0
0.0
0.5
0.5

0.5

0.0
0.0
0.0
0.0
0.5
0.0
0.5
0.5
-1.0
-1.0

Max

1.0
1.0
1.0
1.0
1.0

1.0

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

Values
0,1

true, false
true, false

0,1,2

true, false
true, false

Notes
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A.2 Example Full Parameter File

Bm Base Shape: 1
Bm Size:
- 0.5469961558823341
- 0.8595860190380872
- 0.8422490800187404
Floor Ledge Extrusion X: 0.9718873058425997
Floor Ledge Extrusion Z: 0.012460426613071686
Floor Ledge Size X: 0.8738743489277787
Floor Ledge Size Z: 0.6251809990810011
Has Floor Ledge: true
Has Window Ledge: true
Num Floors: 2
Num Windows Each Side: 1
Rf Base Shape: 0
Rf Size:
- 0.9198597476390333
- 0.8391562396905418
- 0.6083579348444159
Window Divided Horizontal: false
Window Divided Vertical: false
Window Interpanel Offset Percentage Y: 0.46331911529950026
Window Interpanel Offset Percentage Z: 0.41987389848680495
Window Ledge Extrusion X: 0.333514149892149
Window Ledge Extrusion Z: 0.8602255944755194
Window Ledge Shape Size:
- 0.5445528175572686
- 0.8130952070728544
- 0.5582955490053841
Window Ledges Height Offset: 0.12813910934131095

Window Panel Area:
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- 0.5680374741365545

- 0.8360632399152894

- 0.9788619285849408
Window Shape Size:

- 0.576957710454006

- 0.6387979181666416

- 0.660421379722682

Windows Height Offset: 0.9178245070432143
Windows Left Right Offset: 0.18316941923838673

A.3 Switch Labels

Table A.2: Switches and Associated Parameters

Switch
Has Floor Ledge

Has Window Ledge

Window Divided Horizontal
Window Divided Vertical

Associated Parameters

Floor Ledge Size X

Floor Ledge Size Z

Floor Ledge Extrusion X

Floor Ledge Extrusion Z

Window Ledge Shape Size

Window Ledge Extrusion X

Window Ledge Extrusion Z

Window Ledges Height Offset

Window Interpanel Offset Percentage Y
Window Interpanel Offset Percentage Z
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