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ABSTRACT

The fundamental challenge in the application of Artificial Intelligence to the
discipline of Landscape Architecture is that current definitions of Artificial
Intelligence do not fit within systemic landscape frameworks. Rather than
focusing on complex ecological relationships, general definitions of Artificial
Intelligence tend to emphasize the intelligence of individual entities and
overlook the emergent intelligence of assemblages of human and non-
human agents. We argue that it is important to develop a working definition
of “intelligence” specific to Landscape Architecture before seriously
considering the fruitful use of Artificial Intelligence in the production of
environments. We adopt the agent-environment framework for defining
intelligence in the context of landscape and assert that the definition has
to be specific and situated: when discussing intelligence, it is necessary

to clarify the agents, the environments, and the overarching goals. Taking
intelligence as a lens, designers choreograph the intelligence distributed
among human and non-human agents in the environment to produce
landscapes. Introducing Artificial Intelligence to Landscape Architecture
proposes a “third intelligence,” co-evolving with human and non-human
actors. For Landscape Architecture, opportunity lies in the interactions and
dialogues between these forms of intelligence.

KEY WORDS

Artificial Intelligence; Landscape Architecture; Agent-Environment
Framework; Universal Intelligence; Third Intelligence
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"Wildness creator,”

a conceptual design
for a DRL-based

Al, could come up

with environmental
management strategies
beyond human
comprehension and
sustain wildness by
enhancing non-human
influences while
countering all forms of
human influence.
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The relationship
between agent and
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definition of universal
intelligence.

. Arobotic machine

attunes the fluvial
morphology through

a series of real-time
sensing and responsive
manipulations —
constantly altering
and modifying the
riverine landscape,
and privileging the
evolution of ecological
processes over static
constructions.
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State of the Art

There have been a significant number
of advances in Artificial Intelligence
(AI) that have broadened the
application and accessibility of tools,
methods, and theories. The examples
below highlight major breakthroughs
in Al research in recent years. Many of
these Al systems perform better than
humans in certain aspects and their
devise strategies are beyond human
comprehension, thus challenging

the definition of intelligence. In

2012’ ImageNet Large Scale Visual
Recognition Challenge, a benchmark
for computer image recognition, the

Al community saw a significant drop
in error rate. The winning algorithm
was a Convolutional Neural Network
(CNN)!". CNN quickly became
popular in the Al community spawning
deeper research and the error rate
dropped to 3% within only 4 years,
while the average error rate for
humans was 5%. In 2016, AlphaGo, a
Deep Reinforcement Learning (DRL)-
based Al, beat one of the top ranked
Go players, Lee Sedol. One year later,
DeepMind, a Google subsidiary,
announced that AlphaGo-Zero was able
to beat its predecessor “without human
data, guidance or domain knowledge
beyond game rules”"”. Similarly, DRL-
based Als were also trained to play
Atari games better than the best human
players”. Another example of these
recent advancements is Dueling Neural
Networks, or Generative Adversarial
Network (GAN), which was on the

list of “10 breakthrough technologies
2018” put out by Massachusetts
Institute of Technology (MIT). By
training two neural nets together, GAN
is able to render original photo-realistic
images'”. GAN is revolutionary as

“this gives machines something akin

046

to a sense of imagination, which
may help them become less reliant
on humans — but also turns them
into alarmingly powerful tools for
digital fakery.”"”! Al researchers are
also interested in the algorithms that
enable computers to write code'®, to
optimize algorithms!, and to learn
the concept of learning'.

At the same time, it is easier
for non-experts to access these
technologies through programming
languages such as Javascript and
Python, by using Machine Learning
(ML) libraries such as OpenAl,
TensorFlow, and ConvNet.js, among
others. For example, the company
Topos has developed ML applications
that analyze urban patterns,
visualizing the connections and
reorganizing the five boroughs of New
York City.”! Landscape architects
also start to discuss possibilities and
challenges to apply these technologies
to manage the environments. In a
thought experiment, Bradley Cantrell
et al. imagined a DRL-based Al
“wildness creator” that could come
up with environmental management
strategies that are beyond human
comprehension and challenge
landscape architects, ecologists, and
environmental activists to consider
what that means to construct
wilderness'"”. We believe that, in
the near future, there will be more
automated tools empowered by Al
for designers to visualize, analyze,
and predict landscape patterns in
design processes. We also believe
that, in the near future, there will
be more responsive systems that
sense and respond to environmental
phenomena enabled by Al to respond
to disturbances. Because all of these
technologies are evolving quickly,

and many of the aforementioned Al
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Fluvial geomorphology
table with sensing
array, media feeders,
and control systems.
Sediment patterning
analyzed by using
machine intelligence
and image analysis.
Sediment patterning via
material intelligence,
sorted via water
velocity.
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systems challenge our understanding
of intelligence. In this paper, we ask

a fundamental question: what is a
working definition of “intelligence”
and how do we speculate on Al in the

discipline of Landscape Architecture?

Universal Intelligence

“As landscape architects, we vow
to create places that serve the higher
purpose of social and ecological justice
for all peoples and all species.”""!

As a discipline, Landscape
Architecture recognizes and respects
the autonomy of human and non-
human agents in the environment.
With a deeper and more complex
understanding of the subject of
ecology among landscape scholars
and practitioners, there is a growing
interest to map and choreograph
human and non-human agents to co-
produce landscapes. This framework
of co-production forms a unique
understanding of Intelligence in
Landscape Architecture: designing
landscape essentially assumes that
human and non-human agents in
ecosystems possess intelligence, and
they are intelligent enough to sense
their environments and take actions.
This understanding of intelligence
may be different from other fields. For
example, most people would not think
trees are intelligent. But researches
in botany show that plants can act
intelligently, using a mechanism that
is different from human beings and
animals and in a longer time-span!",
Ecologists also find that trees in the

same forest can communicate with each

other through mycorrhizal network
formed by interconnected fungi'*!"*.
Besides, it is possible to find definitions

of intelligence within a range of

different disciplines such as philosophy,
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psychology, neurosciences, and
computer sciences.

It is impossible and unnecessary
to survey all the definitions of
intelligence. Shane Legg, a co-founder
of DeepMind Technologies, and
his colleague Marcus Hutter have
listed a collection of definitions of
intelligence from research groups and
organizations, psychologists, and Al
researchers'”!. Legg and Hutter found
a common thread in these definitions,
which always involve the interaction
of an agent with its environment.
Based on this observation and their
goal to measure machine intelligence,
they have proposed their own
working definition for Universal
Intelligence: intelligence measures an
agent’s ability to achieve goals in a
wide range of environments'®. This
definition allows them to formalize
intelligence with mathematical
functions defining the values of
universal intelligence, making it
computable and measurable. We
find this definition worth pondering
because the “agent-environment”
framework is a cybernetic model,
aligning systems thinking in
contemporary landscape practices.
However, we do find this definition
contains some major problems
when discussed within the landscape
context: anthropocentrism and
individualism. Our approach is to use
sensibility of landscape architects to
constructively critique this definition,
providing other philosophical models
to modify this definition so that
it fits within a systemic landscape
framework.

Anthropocentrism, or
understanding the world from a
human-centered perspective, is the
first issue when using universal
intelligence. Even though Legg and



Hutter expanded the agent to include
human, animals, and machines,

the fact that universal intelligence
working as a measurement unwittingly
imposes a human standard on non-
human agents when considering what
action is intelligent. And this human-
centered view prevents people from
understanding that a tree is intelligent
because trees cannot move or think.
However, non-humans relate to their
environment very differently from
humans. A bat “sees” the world through
ultrasonic waves, a dog “sees” the
world through scent, and a computer
is designed to crunch numbers, even
inert non-living things, such as a

piece of metal, perform intelligently

in absorbing and conducting heat
from the sun. Non-humans sense the
environment, process information, and
respond to inputs very differently from
human beings, and it is impossible

for us as humans to really understand
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how non-human relate to their world:
How can we think like a bat? As a
consequence, there is no necessity and
it is also impossible to compare which
“intelligence” is more intelligent or
more similar to human intelligence.
The second problem we want to
point out in universal intelligence is
individualism. This problem is easier to
analyze by posing one simple question:
Do we consider the intelligence of an
ant or a colony of ants? The “agent”
in the definition assumes an individual
intelligent being, thus overlooking
group intelligence emerged from the
interactions of individuals forming an
assemblage, and this group intelligence
only exists in the assemblage of the
individuals and is irreducible to any
individual itself'”’. For example, an
ant is not capable in taking actions
intelligently to impact the environments
at a meaningful scale, whereas a colony
of ants are able to act intelligently and
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construct an underground ecosystem
that supports their lives. We call this
hive intelligence or swarm intelligence.
More importantly, an assemblage can
consist of heterogeneous components:
they can be humans or machines.

For example, through socio-cultural
niche construction"*, human beings
work with each other and work with
technical machines to form an ever-
expanding socio-technical assemblage
that is intelligent enough to survive for

thousands of years.

A Third Intelligence?

The agent-environment framework
helps us identify three components in
Al: agent, environment, and goal. It
suggests that discussion of Al should
be specific: What constitutes an agent
in which environment, and for what
purpose? Asking these questions is
constructive for developing Al system
in Landscape Architecture. On one
hand, AT safety and ethics, which lie
outside the scope of this paper, should
be a topic that we cannot avoid when

"1 and we believe

developing A
that asking these questions helps us

as designers build a sense of self-
reflexivity, so that developing Al
technology in the landscape profession
aims to be ethical and responsible. On
the other hand, asking these questions
helps to clarify the role of Al systems
and their relationship with designers
and other human and non-human
agents in designing and managing
landscapes.

We adopt the agent-environment
framework and remove its
anthropocentrism and individualism.
In a way, we complicate the subject of
Al but we construct a solid theoretical
foundation to consider Al, or machine

intelligence, in Landscape Architecture.
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By removing the anthropocentrism, we
posit an equal treatment of humans
and non-humans for intelligences and
identify three types of intelligences
in landscapes: material intelligence,
biophysical intelligence (human,
animal, and plant intelligences), and
machine intelligence. Then, Al or
machine intelligence forms a third
intelligence that can be compared to
material and biophysical intelligences.
By removing the individualism,
we open up new possibilities for
developing Al systems in Landscape
Architecture. Al is not simply a tool for
automation and optimization, but an
active player that co-evolves with other
forms of intelligences in designing and
managing landscapes. Coupled with
multiple intelligences, new possibilities
emerge from interactions. This asks
us to imagine hybridized landscape
systems that can learn over time and
evolve. AT has the ability to form new
relationships that co-evolve with the
environments and agents they are in
contact with. In a way, we should
be cautious but curious to machine
strategies in managing landscapes, and
studying these strategies which can
help us better understand landscape
dynamics from multiple perspectives.
Developing a deeper relationship with
forms of Al may also help designers
better understand the intelligence of
other species.

Most importantly, introducing Al
in Landscape Architecture requires
a recalibration of human-centric
views and an acknowledgment of
multiple forms of intelligence. Human
intelligence is only one of many
forms of intelligences that co-produce
landscapes, and a designer’s agency is
exerted through the choreography of
processes across these intelligences,

including AIl. New materialism



philosopher Jane Bennet argues that
“there was never a time when human
agency was anything other than an
interfolding network of humanity and
non-humanity”*?. New opportunities
for Landscape Architecture lie in the
interaction of these intelligences.

Conceptually, a third intelligence
allows for speculation on the
application of Al in Landscape
Architecture in more meaningful
ways. On the one hand, with
this concept, we situate Al in the
interfolding network of a designer’s
distributive agency, avoiding a
technological determinism that
assumes Al possesses inherent
power to initiate societal change.
On the other hand, the concept
moves away from a human-centric
definition of intelligence that focuses
on the resemblance of a machine
to an intelligent person, thus
acknowledging differences between
machine intelligence and other types
of intelligence in landscapes. The
concept probes the possibilities of
Al not to replace human intelligence,
but to co-evolve with other types of
intelligence.

This co-evolution manifests in
new forms of analysis, generative
design, and cyber-physical systems.
With unsupervised learning
algorithms, Al can find patterns
in data that are outside of human
comprehension. Instead of treating
these patterns as noise, the concept
of a third intelligence encourages
designers to reflect on these machine
strategies of analysis and gain new
insights into the data and areas
that may have been overlooked by
humans. Data analysis in this sense
would rely on human intuition in
dialogue with machine intelligence.

It is a new way of generative design
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that Al is co-evolving with other
biological intelligences in ecosystems.
Machine Learning algorithms may
be embedded in different levels of
cyber-physical systems. Cantrell and
Holzman have strategized ways to
incorporate responsive technologies,
such as sensing technologies and
robotics, envisioning a future in
which responsive landscapes have
a heuristic ability enabled by AI%,
The interaction between landscape
media such as water, soil, and plants
and extensive sensing networks
provides a living medium for Al to
productively learn from. Studying
the responsive landscape framework,
Zihao Zhang has emphasized the
importance of human agents and
their intelligence in the cyber-physical

24 Different from

landscape systems
the goal of Al researchers — to
develop powerful machines, our
goal as landscape architects should
be working to form a seamless web
of nature, human, and technology,

in which different forms of i
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and machine intelligence. It is

important that landscape architects

approach these tools through 1

a clear framework that favors L
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flora, fauna, and geomorphology. g

For landscape architects this

provides an approach that most

importantly denies the static
framework of analysis and solution,

instead proposing a symbiosis L OER(A)

between multiple actors. LAF
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