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1.1

Introduction

1.2
Applications

Who are we?
Who are you?
Class Overview
Al in Architecture

Al /DL/ML/NN

Deep Learning Projects in Design
Framework: Data-Model-Project
Example Projects

Focus Project
“Beaux-arts Latent Walk”

1.3
Workshop

Toolset

Data Scraping



Who Are We?

Gia Jung
Research Associate, Lab for Design Technologies, Harvard University
Irving Innovation Fellow 2020 - 2021

Claire Djang
Lab for Design Technologies, Harvard University
Currently at Certain Measures

Lab for Design Technologies


https://research.gsd.harvard.edu/ldt/about-2/

Who Are You?

Austin Lu (MLA II)

Kaihong Gao (MDes Tech)
Peitong Chen (MDes)
George Guida (MArch II)
Benjamin Villa

Yuxin Yang (MLA | AP)

Tsz Kit Justin Ng (MArch 1)
Elisa Ngan (MDE)

Sigi Joyce Zhu (MLA 1)
Dongyun Kim (MDes Tech)

Ana Gabriela Loayza (MArch II)
Connie Chang (MDes Tech)
Yunzi Shi (MArch 1)

Audrey Watkins (MArch I)

Rhea Jiang (MDes)

Em Sawyer (MArch 1)

Kritika Kharbanda (MDes EE)
Jessica Chen (MDes EE)
Tiangang Lyu (MLA )



Who Are You?

http://bit.ly/contact-gsdai



http://bit.ly/contact-gsdai

Class Overview

http://bit.ly/syl-gsdali



http://bit.ly/syl-gsdai

ﬁousekeeping

Google Drive Invitation:

Class Slack: http://bit.ly/slack-gsdai

Office Hours: Tues/Thurs 1PM-2PM, or by appointment

Install Anaconda;:

Anaconda is a distribution of the Python and R programming languages for scientific computing, that aims to simplify package management and
deployment. The distribution includes data-science and machine learning packages suitable for Windows, Lingx, and macOS. We will be using
Anaconda throughout this workshop, and we ask you to please install it ahead of the first session. Please follow this quick guide according to your
operating system. Feel free to reach out if you have any issues or questions with installation.

Go To: https://docs.conda.io/projects/conda/en/latest/user-quide/install/



http://bit.ly/slack-gsdai
https://docs.conda.io/projects/conda/en/latest/user-guide/install/
https://docs.conda.io/projects/conda/en/latest/user-guide/install/

1.1

Introduction

Who are we?
Who are you?
Class Overview

Al in Architecture



Al in Architecture: History

@odularity

Gropius
®“Bavkasten” Concept
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Al in Architecture: History (1) Modularity 1930-1960

SERIENHAUSER, VARIATIONEN ZU NEBEN.
ST EINFAMIL

03,

0.81@

=y

ZiEL FOR OEN WOHNBAU: [
Losung dergegensatziichen Forderungennach
(Wi

Groden, aus dem sich je nach Kopfzahl und
Bedurtnis der Bewohner verschiedene . Woh
maschinen’ zusammentGgen lassen

Abb. 12 Walter Gropius und die Architekturabreilung des Staatlichen Bauhauses, Baukasten im Groflen,
Serienhiuser in Variationen, 1923

Walter Gropius, Modular Bauhaus (1923) from Bauhaus Archive
Le Corbusier, Le Modular (1945) from Foundation Le Corbusier



https://www.bauhaus.de/en/
http://www.fondationlecorbusier.fr/corbuweb/morpheus.aspx?sysId=13&IrisObjectId=7837&sysLanguage=en-en&itemPos=82&itemCount=215&sysParentId=65&sysParentName=home

Al in Architecture: History (2) Shape Grammar 1960-1990

To the right is a two-rule grammar that illustrates these properties. The
first rule shifts a square halfway along a diagonal axis of the square.
The second rule shifts an L-shape, also along a diagonal axis.
Registration marks in each rule show the positions of the shapes on
the left-side and right-side of the rule relative to each other. The
starting shape for computations, called the initial shape, consists of
two L-shapes. The two rules apply to this shape and to shapes
produced from it by matching the square or L-shape on the left-side of
either rule with a square or L-shape in a design. The square or L-
shape in either rule may be translated, rotated, reflected, or scaled in
order to match a shape in a design. If a match is made, the matched
shape in the design is then replaced with a shifted shape as indicated
in a rule. The direction of the shift depends on the spatial
transformation used to make the match.

STEP (0) STEP (19)

_TJ(WN\T\AL SHAPE )
RULE 1—y
(1) r—@—-

Below is a computation of a design using the grammar. From the second step on, the rules can apply to (N AT T

either emergent L-shapes or emergent squares. Also from the second step on, either the first or the second \RU LE?2
rule can be applied to a design. The user of the grammar, human or machine, must decide which rule to R

apply and to which shape in a design to apply the rule. )
B
RULE 2 Y/RU LE 2
Below is another computation using the grammar. The computation is identical to the one above in the first (3) (4
three steps. Then it diverges and follows a different path to produce a different design. Many other
computations are possible with the grammar.

'/1 ER] ﬂHj

-

Figure 6-3. Generation of a shape using SG1.

Shape Grammars, K. Knight,

Shape Grammars were first invented by George Stiny and
James Gips in their 1972 article Shape Grammars and the
Generative Specification of Painting and Sculpture


http://www.mit.edu/~tknight/IJDC/page_introduction.htm

Al in Architecture: History (2) CAD 1960-1990

1976
CAD
Masanori Nagashima au MIT Architecture Machine Group

it

i
iil

CAD (1976) Masanori Nagashima at MIT Architecture Machine Group
from Al & Architecture


http://stanislaschaillou.com/arsenal/vtour/tour_eng.html

Al in Architecture: History (3) Paramatricism 1990-2010

Grasshopper view (Left)
Example of Parametric design from Las Paraguas (Right)


http://infinitywashere.blogspot.com/2015/04/paraguas.html

Al in Architecture: History (4) Artificial Intelligence 2010-

v 1 A7 /5> V\.d ..J&.\/u( g
W e S NS 2

o

Ai in Architecture: Historical Perspectives (2019)

Stanislas Chaillou



Al in Architecture: What is Al?

Artificial Intelligence

Predictive Text to Image
{ Analytics Speech O Recognition =
Deep Speech -

O Learning to Text

Machine

Learning Speech

() Classification

O Translation

&

Language “\Data Expert Planning & Robotics
Processing Extraction Systems Optimization 1E
(NLP)

What is Al?
from Datamation and Edureka



https://www.datamation.com/artificial-intelligence/what-is-artificial-intelligence.html
https://www.edureka.co/blog/artificial-intelligence-in-healthcare/

Al in Architecture: What is Al?

By Capability

Narrow Al
can only perform dedicated task
e.g. Siri, Watson, AlphaGo

General Al
can function like humans

Strong Al
can function better than humans

By Functionality

Reactive Machines
react to current scenarios only
e.g. AlphaGo

Limited Memory
can store limited memory for a short while
e.g. Self-Driving Cars

Theory of Mind
understands human emotions, beliefs, people

Self Awareness
possesses its own consciousness, sentiments

https://www.javatpoint.com/types-of-artificial-intelligence



https://www.javatpoint.com/types-of-artificial-intelligence

E in Architecture: Al / DL/ ML /NN

Artificial Intelligence

Machine Learmnd

Deep Learnlng
6 Neural Networks

Al/ML/DL/NN



https://www.ibm.com/cloud/blog/ai-vs-machine-learning-vs-deep-learning-vs-neural-networks
https://www.ibm.com/cloud/blog/ai-vs-machine-learning-vs-deep-learning-vs-neural-networks

Al'in Design

sncthasordor
of Disenstonal
Complexity Language Inage (2D) Inage Series (2.5D) Objects (3D) Moving Information (44D)
MEDIUM Sound Text Video Stereoscope Multi-view Static Scene Robotics Time-series Big Data

in the spectrun
of perception
to execution

TASK

Detection

Segmentation

Synthesis

Generation

COMPUTER VISION Image Classification Object Detection Drones
e 8 Big Data Processing,
airpane ot [ P! Prediction
NATURAL LANGUAGE PROCESSING fext o Tnage . & T
L i sl i s ik b 1] . i
Text Classification S o EEw s}
Voice Recognition aeor Emn =
& w  FEs| e
Wetsen
w TR sl Inage Seguentation Instance Segmentation Scene Analysis yatiay Navigation —_—
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Natural Language
Understanding

& ~'
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L " ‘
i (-]
e | |3 460

(2.50 Depth Perception)
- ki [z il
-

Tnage to Text Style Transfer
dr strategy

GENERATIVE LEARNING Inage Synthesis ar! ‘I

Machine Translation
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Object Generation
A e

fIAd L

Natural Language
Generation

Al in Architecture, Design & Urban Environment (2020)
Lab for Design Technologies
Prof. Andrew Witt, Gia Jung, Claire Djang



B26364 656667 67697071727273737373727271 7069 67 66 66 66 65 63 62 61 60 60
1626364666667 6868607071 717272737272 7171 7069 68 66 66 65 65 63 62 61 60 60
1 62 6364 6666 68 6860 70 7071 7273 73 7372 72 71 71 60 68 67 66 66 65 65 64 63 62 61 61
1636464 6667 68 6868 60 7071 7173 73 74 73 73 73 71 70 69 68 66 66 65 64 63 6261 61 6
163646567 68606070707171 728588 6072 72 71 71 70 69 68 67 66 65 64 63 62 60 60 60

¢ 511 nnnuwuuusuncwmw

6766 66 65 65 64 63 616059 58 57
66,65 65 65 65 64 63 62 60 59 58 57
9 65 65 64 64 64 63 62 61 60 59 57 56
65 64 64 64 63 61 66 62 61 60 59 58 56
654 64 64 63 62 64 65 62 62 60 59 58 57
% 64 64 63 61 72 67 6362 61 59 58 57
6464 63 6170 67 62 64 6559 59 53
175 70 62 61 70 67 62 61 6059 58 58
2163 71 72 60 69 68 61 60 5859 59




Al in Architecture: What is Al?

Al revealed: Introduction to Artificial Intelligence
from


https://docs.google.com/file/d/12uZnXdmKpsWQSTR7A9D5BYnmTvn6cGQL/preview
https://tech.fb.com/ai-revealed-introduction-to-ai/

Al in Architecture: What is Al?

Go To:

Al revealed: Introduction to Artificial Intelligence
from


https://docs.google.com/file/d/12uZnXdmKpsWQSTR7A9D5BYnmTvn6cGQL/preview
https://tech.fb.com/ai-revealed-introduction-to-ai/
https://tech.fb.com/ai-revealed-introduction-to-ai/

Al in Architecture: What is Al?

Machine Learning, Explained
from


https://www.facebook.com/watch/?v=10154673882797200
https://docs.google.com/file/d/1iN6Q25SVmTdX-QJZiVmCLZrjrH-N9ANz/preview

Al in Architecture: What is Al?

Go To:

Machine Learning, Explained
from


https://www.facebook.com/watch/?v=10154673882797200
https://docs.google.com/file/d/1iN6Q25SVmTdX-QJZiVmCLZrjrH-N9ANz/preview
https://tech.fb.com/video/machine-learning-explained/
https://tech.fb.com/video/machine-learning-explained/

Disciplinary Potential of Al in Architecture

Professional Potential of Al in Architecture

2018
Finch3D, Adaptative House
Jesper Wallgreen

2017
Generative Design for Architecture: Autodesk MaRS Office
Autodesk, The Living




The AI—Art Gold Rush Is Here

An artificial-intelligence “artist” got a solo show at a Chelsea gallery. Will it reinvent art, or destroy it?

The AI-Art Gold Rush is Here, The Atlantic (2019)



Memories of Passerby, Mario Klingemann (2019)



Al-Supported Portraits, Mario Klingemann (2019)
Mario-Klingemann-supported Portraits, AI (2019) ?
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Delirious Facade by Lamas (2019)

28



Delirious Facade by Lamas (2019)



Convergence and Stability of GAN Training by Mescheder at Max Planck Institute (2017-8)

https://avg.is.tuebingen.mpg.de/research_projects/convergence-and-stability-of-gan-training



Latent Walk around the City by Refik Anadol (2019)

https://twitter.com/refikanadol/status/1165885055278862337?lang=en



Latent Walk around the City by Refik Anadol (2019)

https://twitter.com/refikanadol/status/1165885055278862337?lang=en



Disciplinary Potential of Al in Architecture

Professional Potential of Al in Architecture

2018
Finch3D, Adaptative House
Jesper Wallgreen

2017
Generative Design for Architecture: Autodesk MaRS Office
Autodesk, The Living




Al in Architecture: History (4) Artificial Intelligence - Generative Design

2018
Finch3D, Adaptative House
Jesper Wallgreen

Finch3D (2018)



Al in Architecture: History (4) Artificial Intelligence - Generative Design

Room programs:
Phone: 1/4

Office: 475

Team: 33

smalk:2/3

Mediurm: 1/1

Large: 1/1

Xarge: 1/1

Hub programs:

Small- 373

Mediurm: 172

Lounge: 1/1

Kichen: 1/1

Programs left &

Desks: 92/80

Desk multipler: 1000%

Efficiency: 65.82%
Total score: 8.05

Room programs
Phone: 2/4
Office: 575
Team: 33
Small: 373
Medium: 0/1
Large: 111
Xarge: 1/1

Hub programs:
Small:3/3
Medium: 272
Lounge: 1/1
Kitchen: /1

Programs left: 4
Desks: 96/80

Desk multipler: 1000%
Efficiency: 6557%

Total score: 537

b

e l Tem

Lounge

e =

Kichen

i

g

Room programs
Phone: 1/4
Office: 2/5
Team: 23
Smalt 073
Medium: 0/1
Large: 1/1
Xlarge:0/1

Hub programs:
Small: 173
Medium:0/2
Lounge: 1/1
Kitchen: 1/1

Programs left: 16
Desks: 139/80
Desk multipler: 10¢

Efficiency: 66.5%
Total score: 21.35

Room programs:
Phone: 1/4
Office: 5/5
Team: 373
Small: 373
Medium: 0/1
Large: 1/1
Xuarge: 1/1

Hub programs:
Small:3/3
Medium: 2/2
Lounge: 0/1
Kitchen: 1/1

Programs left. 5
Desks: 62/80
Desk multipler: 10(

Efficiency: 64.03%
Total score: 679

5

Room programs:
Phone: 1/4
Office: 5/5
Team: 3/3
Small:0/3
Medium: 1/1
Large: 1/1
Xiarge: 0/1

Hub

g

tounge

Wedum|  Team

Autodesk, What is Generative Design? (2019)

smail
w

Senal

Small- 273
Medium: 2/2
Lounge: 1/1
Kitchen: 1/1

Programs left: 8
Desis: 107/80
Desk multpfer: 10¢

Efficiency: 66.31%
Total score: 1069

Room programs:
Phone: 174
Office: 5/5
Team: 3/3

Small. 273
Medium: 1/1
Large: 1/1
XLarg,

Hub programs:
small: 273
Medium: 2/2
Lounge: 1/1
Kitchen: 1/1

Programs left. 5
Desks: 94/80
Desk multipler: 10C

Efficiency: 71.0%
Total score: 6.44
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https://docs.google.com/file/d/1Qem7Ieq9xZ0mJi8TLuAKUOyI0p-SsBBt/preview

Al in Architecture: History (4) Artificial Intelligence - Generative Design

GENERATIVE DESIGN
FOR ARCHITECTURE

1. GENERATE

2. EVALUATE

3. EVOLVE

4. EXPLORE

2C: Buzz maximizes the activation of shared spaces through individual and
team movement.

INPUTS: § — T 3 3 OBJECTIVES

Autodesk, What is Generative Design? (2019)


https://docs.google.com/file/d/10-FKPlRWNN2efCLkr1nZl8WUjiTb1VHr/preview

Al in Architecture: History (4) Artificial Intelligence - Generative Design

2019
What is Generative Design ?
Danil Nagy, Autodesk The Living

Autodesk, What is Generative Design? (2019)




Al in Architecture: History (4) Artificial Intelligence - Generative Design
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Autodesk, What is Generative Design? (2019)



Al in Architecture: History (4) Artificial Intelligence - Generative Design

2019
What is Generative Design ?
Danil Nagy, Autodesk The Living

Autodesk, What is Generative Design? (2019)



Al in Architecture: History (4) Artificial Intelligence - Generative Design

2017

Generative Design for Architecture: Autodesk MaRS Office
Autodesk, The Living

Autodesk, What is Generative Design? (2019)



1.2

Applications

Deep Learning in Design

Example Project:
Beaux-arts Latent Walk

“‘Data - Model - Project”

Example Projects



Eeep Learning in Design

in the order

of Disenstonal
Complexity Language Inage (2D) Inage Series (2.5D) Objects (3D) Moving Information (44D)
in the spectrum MEDIUM Sound Text Video Stereoscope Multi-view Static Scene Robotics Time-series Big Data
of perception
o exeition
TASK
COMPUTER VISION Image Classification Object Detection Drones
- & Big Data Processing,
airpane ot [ P! Prediction
NATURAL LANGUAGE PROCESSING fext to Tasge — & @
L i sl i s ik b 1] . i
Text Classification S - EEE p: ]
i e s
Detection Voice Recognition aor L] S
5 w  FEs p
Veton
w TR sl Inage Seguentation Instance Segmentation Scene Analysis yatiay Navigation —_—
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m : e V7 o= =
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Natural Language IMAGE PROCESSING inngee Scene Reconstruction »
- Understanding I
Segmentation -
' =
Tnage to Text Style Transfer Inage Representation E *E Sensor Network
p— (2.5D Depth Perception) L
5 o = o Strategy
— .=

Synthesis GENERATIVE LEARNING Tnage Synthesis a W

Machine Translation

&

Object Generation
A e

fIAd L

Generation Natural Language
Generation

Al in Architecture, Design & Urban Environment (2020)
Lab for Design Technologies
Prof. Andrew Witt, Gia Jung, Claire Djang



Example Projects

“‘Beaux-Art Latent Space Visualization” (unpublished)
by Andrew Witt, Gia Jung, Claire Djang, Lab for Design Technologies, Harvard University

“‘Automatic Affinities” https://automaticaffinities.net by Gia Jung

“Architecture of the 90%” https://towardsdatascience.com/ai-architecture-f9d78c6958e0 by Stanislas Chaillou

“Landscape of Emotions” https://www.evpeng.com/projects/landscape-of-emotions by Shiyi Peng

Teachable Machine https://teachablemachine.withgoogle.com/train/image by Google



https://automaticaffinities.net
https://towardsdatascience.com/ai-architecture-f9d78c6958e0
https://www.evpeng.com/projects/landscape-of-emotions
https://teachablemachine.withgoogle.com/train/image

Example Projects

“‘Beaux-Art Latent Space Visualization” (unpublished)
by Andrew Witt, Gia Jung, Claire Djang, Lab for Design Technologies, Harvard University


https://automaticaffinities.net
https://towardsdatascience.com/ai-architecture-f9d78c6958e0
https://www.evpeng.com/projects/landscape-of-emotions
https://teachablemachine.withgoogle.com/train/image

Focus Project: Beaux-art Latent Space Visualization

&
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822 4 eyl o

“Beaux-art Latent Walk” (2020)
Lab for Design Technologies
Prof. Andrew Witt, Gia Jung, Claire Djang


https://docs.google.com/file/d/1pW0rnjHRx4HeUCladF0mDwaZfhszrQUi/preview
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Beaux-Art Al (2020)
Lab for Design Technologies, Harvard University
Prof. Andrew Witt, Gia Jung, Claire Djang
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(_Data) Mapping Data

TensorBoard PROJECTOR INACTIVE - . WO)
DATA =i ) | Points: 4873 | Dimension: 1792 Show Al
Data
L.
1 tensot found -
feature_vecs.tsv - @ search ® _in. ~
Edaby
—index__ ~ Tag selection as
Load Download
Sphereize data @
Checkpoint:
Metadata
UMAP T-SNE PCA CUSTOM
L3
X ¥
Component #1 ~  Component #2
z
Component #3 ~
PCA is approximate. @
Total variance described: 38.1%. BOOKMARKS (0) @ ~

Beaux-Art Al (2020)
Lab for Design Technologies, Harvard University
Prof. Andrew Witt, Gia Jung, Claire Djang


https://docs.google.com/file/d/1sNS_dpFicegK073sDzZAuE957LRRnngG/preview

(_Data) Mapping Data

TensorBoard PROJECTOR INACTIVE - . WO)
DATA =i ) | Points: 4873 | Dimension: 1792 Show Al
Data
L.
1 tensot found -
feature_vecs.tsv - @ search ® _in. ~
Edaby
—index__ ~ Tag selection as
Load Download
Sphereize data @
Checkpoint:
Metadata
UMAP T-SNE PCA CUSTOM
L3
X ¥
Component #1 ~  Component #2
z
Component #3 ~
PCA is approximate. @
Total variance described: 38.1%. BOOKMARKS (0) @ ~

Beaux-Art Al (2020)
Lab for Design Technologies, Harvard University
Prof. Andrew Witt, Gia Jung, Claire Djang


https://docs.google.com/file/d/1sNS_dpFicegK073sDzZAuE957LRRnngG/preview
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Beaux-Art Al (2020)
Lab for Design Technologies, Harvard University
Prof. Andrew Witt, Gia Jung, Claire Djang



(Tllodel) Training Neural Net

Beaux-Art Al (2020)
Lab for Design Technologies, Harvard University
Prof. Andrew Witt, Gia Jung, Claire Djang



(_Data) Mapping Data
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Prof. Andrew Witt, Gia Jung, Claire Djang



(Tllodel) Generation & Latent Space
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https://docs.google.com/file/d/1pW0rnjHRx4HeUCladF0mDwaZfhszrQUi/preview
https://docs.google.com/file/d/1pCMe3Q7U0lwGk8nlJxRzj4ck4oB_XYM_/preview



https://docs.google.com/file/d/1HirjjDGcufXLxer9ZyCZf1FqQjs6rb41/preview
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https://docs.google.com/file/d/1HirjjDGcufXLxer9ZyCZf1FqQjs6rb41/preview
https://docs.google.com/file/d/1pW0rnjHRx4HeUCladF0mDwaZfhszrQUi/preview

Example Projects

“‘Automatic Affinities” https://automaticaffinities.net by Gia Jung



https://automaticaffinities.net
https://towardsdatascience.com/ai-architecture-f9d78c6958e0
https://www.evpeng.com/projects/landscape-of-emotions
https://teachablemachine.withgoogle.com/train/image

Example Project: “Automatic Affinities”
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Model Project

e Human-Computer interaction
in Al Tools in Design Process

e How to integrate ML in design
process: data curation, model
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Example Projects

“Architecture of the 90%” https://towardsdatascience.com/ai-architecture-f9d78c6958e0 by Stanislas Chaillou



https://automaticaffinities.net
https://towardsdatascience.com/ai-architecture-f9d78c6958e0
https://www.evpeng.com/projects/landscape-of-emotions
https://teachablemachine.withgoogle.com/train/image

Al in Architecture: History (4) Artificial Intelligence - Generative Modeling:
GAN
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GSD M.Arch | Thesis, Stanislas Chaillou (2019)



Example Projects

“Landscape of Emotions” https://www.evpeng.com/projects/landscape-of-emotions by Shiyi Peng



https://automaticaffinities.net
https://towardsdatascience.com/ai-architecture-f9d78c6958e0
https://www.evpeng.com/projects/landscape-of-emotions
https://teachablemachine.withgoogle.com/train/image

StyleGAN Results
Manipulation

Latent space
walk

See video if the gif doesn’t
load:
https://voutu.be/yzd_boFDPp4

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)


https://youtu.be/yzd_boFDPp4

Trainin

DCGan

DCGAN landscape art generator is trained using Google Colab Pro with one GPU, over approximately 2 weeks (8 hours per day).

A .
DCGanLA2.0.ipynb B Comment &% Shae £ ((S
File Edit View Insert Runtime Tools Help

+ Code + Text Fgl\x E: v ’

JONRNET = IR 3 |

Table of contents X

<> Image without Labels

Q train(train_dataset, EPOCHS)

DCGAN
= Model
Loss and Optimizers
Define the Training Loop
| Train
Generate
Interpolation

Create GIF

Section

LA
Time for epoch 22 is 74.57174372673035 sec
Step 22: Generator Loss: 7.926097, Discriminator Loss: ©.181895

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



Trainin

Modified architecture to output 128x128x3(rgb) images.

make_generator_model():
model = tf.keras.Sequential()
model.add(layers.Dense(8*8*512, use_bias= , input_shape=(100,)))
model.add(layers.BatchNormalization())
model.add(layers.ReLU())

model.add(layers.Reshape((8, 8, 512)))
model.output_shape == ( ,8,8,512)

model.add(layers.Conv2DTranspose(256, (5, 5), strides=(2, 2), padding= , use_bias=
model.output_shape == ( , 16, 16, 256)

model.add(layers.BatchNormalization())

model.add(layers.ReLU())

model.add(layers.Conv2DTranspose(128, (5, 5), strides=(2, 2), padding= , use_bias=
model.output_shape == ( , 32,32,128)

model.add(layers.BatchNormalization())
model.add(layers.ReLU())

model.add(layers.Conv2DTranspose(64, (5, 5), strides=(2, 2), padding= , use_bias=
model.output_shape == , 64, 64, 64)

model.add(layers.BatchNormalization())

model.add(layers.ReLU())

model.add(layers.Conv2DTranspose(3, (5, 5), strides=(2, 2), padding= , use_bias= , activation=
model.output_shape == ( , 128,128, 3)

model

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



DCGan Selected
Results

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



DCGan Results Manipulation

EThe latent space of the learned model can be manipulated by vector arithmetics.
:When we have the latent vector for an image, adding or subtracting another small vector results in small
i variations of the same image:

noise = z - 0.35 * tf.random.normal([1, 100]) smaller variations

e

noise = z + 0.8 * tf.random.normal([1, 100]) larger variations

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



DCGan Results Manipulation

Continuous interpolation between two vectors becomes a random traversal in the latent space:

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



DCGan Results Manipulation

Interpolations among small variations of one image.

Random traversal in latent space.

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



Model

Q  search

Data  Tasks i Activity Download (35 GB)

Training Create New
Training Image Experiment -
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34.98 GB < landscape (15.0k files)

» O abstract ¥ InProgress
» O animal-painting RAINING
» O cityscape
O figurative
O flower-painting
O genre-painting
O landscape
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(& 0008434260e€005...
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e raining in progress!

Status
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105.27 KB 335.97 KB

FID Score

ETA Approx.

an hour remaining

Create Progress Video

11bed5es...

Kaggle WikiArt Dataset The Landscape of Emotions by Shiyi Peng MDes’20 (2020)




So-what

Q search

E’ Training Image Experiment ---
Data Tasks Notebooks Discussion  Activity Metadata Download (35 GB)

Ppata Explorer 3
34.98 GB < landscape (15.0k files)

RS- Training in progress!
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StyleGan Results Manipulation

Training process from 1000 to 3000 steps:

https://voutu.be/zZUR3gM6EqNo

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)


https://youtu.be/zUR3gM6EqNo

StyleGAN Results
Evaluation

The outputs are 512x512 px. More training steps may have better

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)



StyleGAN Results
Manipulation

Latent space
walk

See video if the gif doesn’t
load:
https://voutu.be/yzd_boFDPp4

The Landscape of Emotions by Shiyi Peng MDes’20 (2020)


https://youtu.be/yzd_boFDPp4
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Example Projects

“‘Beaux-Art Latent Space Visualization” (unpublished)
by Andrew Witt, Gia Jung, Claire Djang, Lab for Design Technologies, Harvard University

“‘Automatic Affinities” https://automaticaffinities.net by Gia Jung

“Architecture of the 90%” https://towardsdatascience.com/ai-architecture-f9d78c6958e0 by Stanislas Chaillou

“Landscape of Emotions” https://www.evpeng.com/projects/landscape-of-emotions by Shiyi Peng

Teachable Machine https://teachablemachine.withgoogle.com/train/image by Google



https://automaticaffinities.net
https://towardsdatascience.com/ai-architecture-f9d78c6958e0
https://www.evpeng.com/projects/landscape-of-emotions
https://teachablemachine.withgoogle.com/train/image

1.3
Workshop

Toolset

Data Scraping



