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course, including developing the curriculum, delivering the lectures, and
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» Teaching Assistant - Introduction to Programming II (CG++) Michigan State
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» Teaching Assistant - Introduction to Programming I (Python) Michigan State
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World. Michigan State University, Fall, 2004. Responsibilities: Led weekly
class discussion sections and graded student essays.

= Guest lecture for Artificial Intelligence, Cornell University, 2010 & 2011.



MENTORING

Guest lecture for Evolutionary Computation, Michigan State University, 2006.
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Chris Heuser, undergraduate researching evolving gaits for legged robots

PRESS COVERAGE
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Creativity Online, Heise.de, ZeitNews.org, MyScience.cc, Ponoko.com,
TheHighLow.com, and 40+ other media outlets.

SERVICE

Led team that built EndlessForms.com, a website where non-technical users
can design 3-D, printable objects with evolutionary algorithms based on
concepts from developmental biology. The site also enables the public to learn
about evolution and see its ability to create complexity. To date, over 2 million
objects have been evaluated by nearly 40 thousand visitors from over 140
countries and all 50 US states. Video tours of the site have been viewed nearly
10,000 times.

One of three designers and developers of Avida-ED, a software package used in
university biology classes to teach evolution. Avida-ED enables students to
conduct research in experimental evolution by testing evolutionary hypotheses
and getting immediate feedback. Avida-ED was discussed in Science magazine
(2006: 311) and has been used in many universities worldwide. The NSF grant
overseer for Avida-ED described it as "one of the most successful science
education materials projects with which I am acquainted. The product is
excellent, dissemination is already successful, and the assessment plan is
outstanding."
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Computer Science and Engineering Graduate Student Association, Liaison to
Computer Science Department Faculty Meetings, MSU, 2009-2010

Computer Science and Engineering Advisory Committee, MSU, 2009-2010
College Hearing Board, MSU, 2009-2010
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Panelist & Speaker, Graduate Student Orientation and Recruitment

Founder, Meteorite, University of Michigan Undergraduate Journal of
Philosophy

Associate Editor, Michigan Journal of Political Science, 1996-1998

Strelioff C, Clune J, Ofria C, Lenski R, Epstein C (2009) Evolution of mutation
rates. Workshop for Young Researchers in Mathematical Biology. Columbus,
OH.

Clune J, Ofria G, and Pennock RT (2008) How generative encodings fare on
less regular problems. Poster at the Genetic and Evolutionary Computation
Conference. Atlanta, GA.

Smith JJ, Pennock RT, Clune J, Armstrong E, Braverman M, Brady C (2006)
Adapting avida as an evolution education tool: development of model lesson
plans. Sigma Xi, The Scientific Research Society Annual Meeting and Student
Research Conference. Detroit, MI.

Smith JJ, Pennock RT, Clune J, Armstrong E, Braverman M, Brady C (2006)
Adapting avida as an evolution education tool: development of model lesson
plans. Society for the Study of Evolution. Stony Brook, NY.

WORK EXPERIENCE

Co-founder and owner, RoomSimple, a house rental company in Lansing, MI.
2003-Present.

Analyst Relations Manager, SoftAd, an Internet Software Company. San
Francisco, California. 2000-2001.

Business Development Strategist, SoftAd, an Internet Software Company.
Dearborn, MI and San Francisco, CA. 1999-2000.

Marketing Intern, Ford Motor Company. Dearborn, MI. Summer, 1998 &
1999.

Co-founder and owner, Full Immersion, a website development company. Ann
Arbor, MI. 1997-1998.
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Sigma Xi

Phi Beta Kappa

Phi Kappa Phi

Golden Key National Honor Society
Association for Computing Machinery
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REFERENCES

Travel (over 50 countries on 6 continents)

Sports (surfing, kitesurfing, rock climbing, hockey, whitewater kayaking,
ultimate frisbee, hiking, mountain climbing, running)

Literature (Borges, Kundera, Calvino, Penn Warren, Dostoyevsky, DeLillo,
Marquez, Card, Tolkien, Tolstoy, Garroll, Pirsing, Stephenson)

Spanish language (fluent)
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Charles Ofria, Associate Professor, Department of Computer Science and
Engineering, Michigan State University. Ph.D. and postdoctoral advisor.
ofria@cse.msu.edu. (517) 355-8389.

Robert T. Pennock, Professor, Lyman Briggs College and Department of
Computer Science and Engineering, Michigan State University. Ph.D. advisor.
pennockd@msu.edu. (517) 432-7701.

Richard E. Lenski, National Academy of Sciences member, Hannah
Distinguished Professor, Department of Microbiology and Molecular Genetics,
Michigan State University. Ph.D. committee member. lenski@msu.edu. (517)
355-6463 ext.1603.

Eric Wieschaus, Nobel Prize Winner and Professor, Department of Molecular
Biology, Princeton University. efw@princeton.edu. (609) 258-5383.

Erik Goodman, Director of BEACON: An NSF Center for the Study of
Evolution in Action, Professor of Electrical and Computer Engineering,
Mechanical Engineering, and Computer Science and Engineering, Michigan

State University. Ph.D. committee member. goodman@egr.msu.edu. (517)
355-6453.

Kenneth O. Stanley, Associate Professor, School of Electrical Engineering and
Computer Science, University of Central Florida. kstanley@cs.ucf.edu. (407)
473-0072.



Understanding the Evolution of Intelligence by Re-Evolving It

Research Statement for Jeff Clune

Summary

I experimentally investigate the evolution of complex biological traits and have shed light on
the evolutionary origins of intelligence'~®, phenotypic plasticity’, modularity'?, evolvability'!!2,
and altruism'*'®, T conduct experiments in computational simulations of evolution because they
enable unprecedented levels of control, speed, and data. For example, in a paper currently un-
der review in Science, my colleagues and I performed experiments with computational evolution
that would be impossible in a natural system!®. These experiments enabled us to identify a key
reason why biological networks, such as the neural networks that make up animal brains, evolve
the important property of modularity. I will focus my career on understanding the evolution of
intelligence by isolating the factors that promote its evolution. Such research not only answers
fundamental biological questions regarding the evolutionary origins of intelligence, but it also en-
ables engineers to create synthetic evolutionary processes to produce more sophisticated designs,
such as artificially intelligent robots. Porting biological insights to engineering also further sheds
light on cognition because we learn a surprising amount about something by trying to build it.

To study the evolution of intelligence I evolve digital brains called artificial neural networks'”.
Although neural networks evolved with current algorithms show impressive levels of sophistica-
tion, and often outperform human engineers® '8, they pale in comparison to the complexity of nat-
ural brains. I investigate the forces that give natural bodies and brains important properties such as
modularity, regularity, and hierarchy, and have shown that when artificial intelligence algorithms
are modified to generate these properties they produce significantly more complex designs and
more intelligent behaviors!=1%1° T have also shown that more sophisticated intelligence evolves
when evolution is combined with concepts from developmental biology. Adding a developmental
phase that captures key aspects of how nature grows complex organisms from genomic informa-
tion enables the evolution of complex, regular neural networks that increase the performance and
coordination of robotic behaviors'™ (Figure 1). This research also informs developmental biology,
by enabling us to experimentally investigate which features of development are important in the
evolution of complex traits.

I will continue to use computational evolution to investigate how natural evolution produced
complex, structurally organized brains. I will test the validity of the generated models in simulated
and physical robots, with the goal of eventually making robots as smart and capable as natural
animals. Specifically, I will 1) scale evolved neural networks up to the scale of animal brains
(millions of neurons), which is only now possible due to the breakthroughs described below, 2)
combine these advances with neural learning algorithms to investigate the interplay between in-
nate and learned behaviors, and to improve robotic artificial intelligence 3) identify additional
factors that promote structural organization in neural networks 4) deploy evolved neural networks
on simulated and physical robots to study the evolution of intelligence and behavior.
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Figure 1 | Robot neural networks evolved with concepts from developmental biology (left) versus a tradi-
tional, non-developmental encoding (right)!. The developmental neural network is more structurally orga-
nized, with regular, repeating motifs, symmetries, and graded variation. In contrast, the non-developmental
neural network is disordered and shows none of the structural organization seen in natural brains.

Combining Evolution with Concepts from Developmental Biology

A powerful way to understand the evolution of intelligence is to attempt to reproduce it
in computational simulations of evolution. To evolve artificial intelligence that rivals the intelli-
gence of animals we need to design powerful genetic encodings—the way information is stored in a
genome and how that information is mapped to a phenotype. Traditional direct encodings—where
each element in the genotype specifies an independent component of the phenotype—are infeasi-
ble at natural scales, where brains can have trillions of connections. Evolution cannot effectively
search such high-dimensional spaces. The more natural generative encodings—where genomic in-
formation can influence multiple aspects of a phenotype—enable the evolution of large-scale neural
networks and facilitate the evolution of structural organization, including modularity, regularity,
and hierarchy!=319-21,

Simply using generative encodings is not enough, however, as many generative encodings
are instantiated at a level of abstraction that is either too low, with prohibitive computational costs,
or too high, producing overly simple regularities. In 2007, a new generative encoding called a
Compositional Pattern Producing Network (CPPN) was introduced that captures some of the power
of natural developmental processes without expensive computation??23. The key insight is that the
fate of organismal components, such as cells, depends on their location in coordinate frames built in
geometric space. Developing organisms produce increasingly complex coordinate frames, starting
with simple gradients (e.g. anterior-posterior) and then build up complexities, such as symmetries
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(e.g. bilateral) and repeating themes (e.g. segments). While embryos build these gradients and
coordinate frames with gene regulation and diffusing proteins, CPPNs achieve the same effect
with networks of computationally fast math functions.

Visually comparing the phenotypes produced by CPPNs and previous generative encodings
illustrates the advance CPPNs represent in terms of producing entities that look complex and natu-
ral, instead of simple and formulaic (Figure 2). I have shown that CPPNs generate complex three-
dimensional designs, and led a team that built the website EndlessForms.com to enable people who
lack technical skills to design compelling objects via CPPN-driven interactive evolution”?*. MIT’s
Technology Review quoted Neri Oxman of the MIT Media Lab as saying that the user-friendliness
of the EndlessForms approach “could help drive the broader adoption of 3-D printing technologies,
similar to how easy-to-use image editors fueled the growth of digital photography and graphic ma-
nipulation...this could ultimately have an impact on design similar to the impact that blogs and
social media have had on journalism, opening the field to the general public.”?® In its first few
months, over 2.5 million objects have been evaluated on the site by visitors from 145 countries and
all 50 states. The project was also covered by MSNBC.com, the New Scientist, Slashdot, Com-
munications of the ACM, and over 50 other media outlets. Additionally, EndlessForms.com helps
educate the public about how evolution can generate complex designs through a series of small
steps.

CPPNs s can create similarly complex geometric patterns in the neuronal connections of neural
networks, which has proved beneficial in problem domains such as checkers?, coordinating teams
of predators®’, and a pattern-recognition task where CPPNs produced a functional neural network
with over eight million neural connections®®. 1 have demonstrated that neural networks evolved
with CPPNs increasingly outperform directly encoded neural networks as the regularity of prob-
lems increase, including on the difficult problem of evolving a neural network capable of producing
running gaits for a simulated legged robot!~>. The neural networks evolved to control this robot
exhibited desirable features of organization, such as symmetries and repeated neural motifs (Figure
1). I also showed that engineers can use CPPNs to inject domain knowledge or preferences into
the design algorithm by altering the geometric representation of phenotypic components, such as
requesting gaits with certain symmetries (e.g. front-back)’. Neural networks evolved with CPPNs
produced similarly impressive results on a physical robot, where they produced gaits faster than
those designed by traditional machine learning algorithms and one hand-designed by the robot’s
designer®. This work highlights the role development plays in creating structural organization
in brains and was featured on the cover of the New Scientist twice, in the Daily Telegraph, on
KurzweilAl net, and on Slashdot.

I also found that CPPNs are overly biased toward regular phenotypes, and have problems
creating certain exceptions to the patterns they generate. To remedy this bias toward regularity,
I introduced a new algorithm called HybrID that combines the best attributes of generative and
direct encodings'+*. HybrID yielded performance improvements of up to 40% over CPPNs, and its
advantage was most pronounced on problems with intermediate regularity, which is representative
of real-world problems. HybrID’s success led me to hypothesize that a way toward evolving higher
levels of artificial intelligence is to follow biology in having generative encodings create innate
neural wiring patterns and then allow neural learning algorithms to adjust those patterns to the



Figure 2 | Phenotypes evolved with previous generative encodings (a)?!2° versus CPPNs (b-d). (b) Images
evolved on PicBreeder.org?’. (c) Objects I evolved to investigate the ability of CPPNs to design interesting
three-dimensional forms’. (d) Objects evolved on EndlessForms.com, a crowdsourced exploration of the
space of CPPN designs that non-technical visitors can use to create objects for 3D printing®*.

needs of specific environmental challenges'. A preliminary independent study recently supported
this hypothesis, revealing a fruitful research area that I will explore early in my career.

A study of mine uncovered that CPPNs tend to evolve less modular neural networks than
other classes of generative encodings®!'®. That led me to investigate and discover a force that
causes modularity in natural networks, such as metabolic, gene regulatory, and neural networks!?.
In future research I will harness this force to study the effects of modular organization on the level
of intelligence that evolution can produce. I have also begun work discovering how to evolve
other network properties, such as being scale-free'®, and will continue such research in the future,
especially focusing on evolving hierarchically organized networks.

Future Work
I will use simulated evolution and physical robots to pursue the following research goals:

1. Scaling neural networks to natural scales (millions of neurons) - Traditional algorithms evolve
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small networks with hundreds of neurons. In contrast, CPPNs have produced neural networks with
millions of neurons®®, but their connectivity is relatively simple. By identifying how to evolve
networks with structural organization, my research will enable the evolution of complex, functional
neural networks at natural scales, which can reach billions of neurons. Such work will open new
fields of research using controlled experiments to isolate the factors that promote the evolution of
different levels and types of intelligence.

2. Studying geometrically patterned neural learning - Different parts of natural brains learn in
different ways. Generative encodings enable the evolution of organized patterns in neural plasticity
(learning rules) and can provide innate connectivity regularities that provide good starting points
for neural network learning algorithms. I will begin by combining deep learning algorithms?! with
CPPN-evolved neural networks.

3. Identifying additional drivers of structural organization in biological networks - I have shed light
on what causes the evolution of networks that are regular, modular, and scale-free. I will continue
to investigate how best to design neural networks with these and other important attributes, such
as hierarchy and having small-world connectivity.

4. Evolving robot morphologies - I will co-evolve robotic morphologies along with their neural
networks to allow the objects in Figure 2c-d to come to life and run, fly, and swim. Evolution will
control developmental processes that will deposit different materials (e.g. muscle, tendons, bone),
increasing the freedom to design soft-bodied robots that are more similar to animals. This work
will enable studies into the evolution of different morphologies and the co-evolution of brains and
bodies. It is often argued that having a body is a key to evolving intelligence, and this system will
provide a powerful way to test this hypothesis. The resultant designs will also be a convincing
demonstration of the power of evolution and could be combined with 3D printing technology to
allow evolved creatures to leave the virtual world and enter our own.

Conclusions

The human brain has billions of neurons and trillions of connections, yet it is encoded with
less than 25,000 genes. Moreover, it exhibits modularity, regularity, and hierarchy. To better
understand the evolutionary origins of intelligence, we need to be able to produce organized neural
network models at this scale and with equivalent levels of structural organization. Being able to
evolve large-scale, functional, structurally organized neural network models would enable new
types of science to better understand those networks and the conditions under which they are
produced. My research has demonstrated that it is possible to make progress toward these goals by
identifying how natural evolution produced key organizational properties in animal brains and by
implementing abstractions of them in evolutionary models. I will continue to use this strategy to
improve our understanding of the evolution of intelligence.
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Jeff Clune — Teaching Philosophy 1

Teaching for me involves transforming students from passive receivers of information to
active learners that take charge of their own learning processes. I focus on two key components
of this transformation: I teach students general approaches to problem solving, especially how to
obtain missing information, and I train them to critically evaluate new information before
integrating it into their existing knowledge framework. I also have students constantly practice
communication skills, both verbal and written, and provide real-world examples of computer
science in action to help students see the relevance of what they are learning. While most
students are hesitant at first to take charge of their own education, they quickly flourish in their
new role and change their perceptions of learning: instead of a boring process that must be
endured, they soon see learning as an exciting opportunity to explore the world, expand their
skill set, and create novel solutions to challenging problems.

Early in a semester I have students reflect on why they receive the grades they do. Many
students feel that their poor grades are due to capricious and unfair teachers. That attitude
evaporates once they are put in the position of grading their peers. My students grade the work of
an anonymous classmate and write a short justification of that grade. I do not use the grades the
students give each other, but I do grade their justifications. After this process, the students’
quality of work rises substantially. Many students report that this exercise causes them to think
about how they would grade their own work. They suddenly find new flaws and fix them, as they
want to turn in something that will be thought well of, now that they realize that their work
represents who they are.

I teach my students to take the initiative to get answers to their questions. To facilitate
this behavior, I create a class environment where students constantly ask and answer questions. I
have the students meet a new classmate each week for the first month, so they feel comfortable
asking each other questions, and I encourage them to ask questions when I am speaking. If I
encounter silence when asking for a class response, I use simple but effective techniques to
switch the class back into a state wherein questions and comments flow freely. For example,
when [ hit a wall of silence, I have every student in the room raise their hand for a few seconds.
Once all the hands go down, I repeat my question and invariably a number of hands go up. I
have found that creating an environment where students are active participants produces an
effective learning environment, whether the class size is less than 10 or over 100.

It is rewarding to see students transition from expecting to be fed answers to answering
their own questions. I facilitate this transformation by not answering a student’s question, but
showing them how to answer it for themselves. For example, when students get stuck while
writing code, I show them techniques for debugging, looking up documentation, or searching
relevant Internet forums. Soon, when students ask me a question, they start by explaining the
different ways they tried to solve the problem. They do not want just the solution, but look
forward to learning a new process for knowledge discovery. I also let advanced students take
pride in their skills by pairing them with students that are struggling. This practice helps the
struggling students, who learn from their peers, and the advanced students, who learn by
teaching.

An important step toward becoming an active learner is identifying how one best takes in
knowledge. To catalyze this process, I assess student attitudes towards different class activities
and ask how they would improve them. These assessments help me rebalance the class to meet
student needs and get the students reflecting on how they and others learn. I then share the results
with the class, and many students are surprised to see that others benefit from parts of the class
they dislike, which encourages them to better use those portions of the class.



Jeff Clune — Teaching Philosophy 2

A critical step in intellectual maturity is realizing that knowledge alone is insufficient if
you cannot communicate your ideas to others. To teach this point, I divide classes into groups
and have them propose solutions to a problem. Students first have to communicate their
individual ideas to team members and then work together to orally present their group’s
proposal. The class then votes on which proposed solution to adopt. After the vote, students often
comment that the best proposal lost only because it had not been explained well enough. This
realization emphasizes the lesson that communication can be as important as innovation.

Students need to know the relevance of what they learn, especially in computer science,
where the nuts and bolts of the discipline are often abstracted in a way that obscures their
connection to the real world. At the start of each class I present a real-world problem related to
the class material and ask the students how they would solve it. We then go through how that
problem has been solved, and debate the merits of different approaches. This phase of the class
period is a great way to introduce students to cutting-edge computer science research and
motivates them to think about computer science more broadly. Instead of seeing computer
science as simply software programming, they learn that it is a broad field involved in solving
complicated and interesting problems. Many of these undergraduates volunteer to perform
research and express an interest in graduate school. Assessments I have conducted reveal that
the vast majority of my students find this section of my classes interesting and worthwhile.

My teaching reviews are consistently high because students realize that I care deeply
about them maturing into capable active learners. Here are anonymous reviews that are typical of
the comments I receive from students.

[Jeff] is without a doubt one the best teachers I have had during my four years at MSU.
He gives fascinating, thought-provoking reading material and challenges the way you
think through class discussion and short (but intellectually challenging) reaction paper
topics. Highly, highly recommended!

Jeff always made the lab interesting and was great at making our problem solving skills
better.

Jeff Clune was probably one of the best teachers I have ever had at Michigan State. You
WILL Work ALOT in his class. ... I have learned so much about me and the subject. If
Jeff is teaching a class, I would highly recommend him to any of you. Overall, Great
Teacher!

What I am most proud of in these reviews is that the students enjoyed a challenging class
because they became excited about learning. My favorite moment in teaching is at the end of a
semester when I stand back and watch groups of students solving problems on their own and
clearly explaining their solutions. That is the reward for the hard work of not answering
questions, but showing students how they can find those answers themselves. It is the reward for
setting high expectations and demanding clear explanations. Above all, it is the reward for not
only teaching the material in a single course, but helping students become independent learners
who actively develop the skill sets they need to accomplish the goals they set for themselves.
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