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Natural intelligence

- or artificial intelligence meets brain science

Professor, University College London Karl Friston

I am delighted to be invited to write this prefatory
note. Especially after enjoying a superb symposium
organised by Kenji Doya and his colleagues on
artificial intelligence and brain science?. Many of
us had reservations about how this international
symposium would translate into an online (virtual)
conference. We need not have worried—the entire
experience was gracefully managed from Tokyo and
offered a substantive and engaging opportunity for
international exchange on all our favourite topics.
In brief, this symposium set the standard—at least
for me—for what an international conference in the
post-COVID era should look like.

There were a host of challenging and trending
themes discussed. The axis of discussion—between
artificial intelligence and neuroscience—worked
perfectly. This was due, in part, to the impressive
line-up of presenters and panellists, featuring nearly
all the ‘great and good’ in high-end machine learning
and theoretical neurobiology. There were too many
themes for me to cover here, so I will drill down
on three crosscutting themes, some of which were
explicit and others more implicit.

One theme—that dominated the earlier sessions—
could be usefully summarised as structure learning:
namely, getting the structure and form of models
right. I am taking models to refer to a singular
concept that emerged with many different names,
ranging from ‘physics engines through to ‘internal’
models, ‘predictive’ models through to ‘forward’
models. In my world, these are read as generative
models that generate (observable) consequences
from (latent or hidden) causes. The central role of
generative models should, perhaps, not have been
surprising, given our mission to look at artificial
intelligence from the perspective of neuroscience

and vice versa. At the end of the day, this is

necessarily going to involve

some kind of belief updating

and implicit inference, even

in the context of action and

learning. So how did structure

learning evince itself in the

discussions? This was evident

at a number of levels. For example, learning to
grow a mind’ calls on the notion of growing or
exploring a model space, with the right kind of
representations and relational aspects. This is
the sort of problem addressed in nonparametric
Bayes and, one might argue, any form of meta-
learning (e.g., meta reinforcement learning). In
terms of pure inference, structure learning is
a solved problem—solved via Bayesian model
comparison based upon model evidence or its
variational bounds. However, what is not solved is
which models should be compared, or indeed how
one should extend existing models.

One approach to this problem may lie in what
constitutes a good model. One might consider the
only tenable way of scoring a model is in terms of
its marginal likelihood or model evidence. This is
a potentially important move because evidence is
equal to accuracy minus complexity. This means that
good models are minimally complex, in the sense of
minimum description or message length approaches
in algorithmic complexity, through to Ockham's
razor. The imperative to simplify models came out in
many proposals that all rest upon removing certain
conditional dependencies among representations
of latent causes (e.g., neuronal codes through to
the architectures of variational autoencoders). One
obvious way of leveraging independence—in the
service of minimising complexity—is to introduce

hierarchical structures.



Hierarchical or deep architectures are defined
simply by the absence of conditional dependencies
and provide simple explanations for observed or
training data. However, more interesting ways of
minimising complexity also emerged. I was taken
with the notion of modular codes and factorisation.
Perhaps it should be of no surprise that factorized
representation was a recurrent theme. Indeed, all
of variational Bayes (that underwrites variational
autoencoders and their evidence lower bound) rests
upon a mean field approximation that is defined
in terms of a factorized posterior. In some, many
of the beautiful examples that were on offer, from
both machine learning and neuroscience, spoke to
modularity, factorisation or hierarchical structures
that embody the simplest explanation for the data at
hand.

A second major theme seemed to be the covert
distinction between generative models with
continuous versus discrete state spaces. This was
clearly an issue for people in machine learning who
have a commitment to gradient-based schemes (e.g.,
back propagation of errors). Much of the discussion
of structure learning—in terms of ‘program learning’
or ‘algorithmic learning’ seem to fall into one of two
camps. Either we were talking about continuous
state and time models (of the sort found in deep
learning) or discrete state space models (of the sort
required for symbolic processing).

To my mind, this was a particularly important
distinction; especially, if one could unpack many of
the more categorical or symbolic (and quintessentially
hierarchical) models of cognitive like processing in
terms of discrete state space models. The inversion
or learning of such models may, on one view, be
easy; for example, with the use of explicit fixed-
point solutions and softmax operators. On the
other view, they present challenges for gradient
descent schemes. One thing—which I suspect will
be discussed more and more in the future—is that
the problem of structure learning over the space of

discrete models or architectures. This brings me to

the final theme namely, information geometries.

In the first presentation by one of several very
notable discussants, Amari posed a challenging
question. Is there one principle that underwrites
the various flavours of artificial intelligence and
neurobiology we were considering. He never
mentioned information geometry; however, I wonder
whether this was out of modesty or whether he
was waiting for someone else to suggest information
geometry as the framework within which to find a
unifying principle.

I will close by suggesting that information
geometry may be the right way to think about
things. This feels tenable from several perspectives.
First, if we are talking about sentient artefacts,
then we are talking about people and machines that
infer, learn to infer, and learn to learn. But inference
is just movement on a statistical manifold. This
means that any form of belief updating, learning
and implicitly sentient behaviour has a natural
calculus supplied by an information geometry. I am
particularly committed to this—given that the free
energy principle is effectively a variational principle
of least action on a statistical manifold. From the
point of view of gradient schemes, this is nothing
more than finding paths of least action that minimise
some functional that supervenes on and appropriate
information geometry. I found myself musing on
whether one could equip model spaces—over
models—with an information geometry and thereby
finesse the structure learning problem. Perhaps
someone has already done this and, if they have, we
will find out about it when we next meet.

Information geometries of a certain kind may also
underwrite consciousness. I end with consciousness
because this is how the meeting started with Yann
LeCun’ s suggestion that consciousness was the
next step that artificial intelligence would need
to consider - a step that is clearly licensed via its

intimate relationship with the brain sciences.
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International Symposium
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Keynote lecture

Title : Building Machines That See, Think and Learn Like People

Speaker: Josh Tenenbaum

Massachusetts Institute of Technology

Reporter : Yohei Oseki (The University of Tokyo)

Josh Tenenbaum (Massachusetts Institute of
Technology) kicked off the international symposium
with the keynote lecture titled “Building machines
that see, think and learn like people”. This lecture
updates the influential paper “Building machines that
learn and think like people” published in Behavioral
and Brain Sciences (Lake et al., 2017) on one hand,
and the recent lecture “Reverse engineering common
sense’ given at Brains, Minds and Machines Summer
Course 2020 on the other, with particular emphasis
on brains. This report summarizes the main points of
the lecture and several discussions raised after the

lecture.

1. Keynote lecture

First, Tenenbaum pointed out the problem with
current artificial intelligence (AI) that there is no
“real” general-purpose AI which can flexibly solve
multiple tasks such as object recognition and game
playing. Specifically, current Als a la deep learning
have been restricted to pattern recognition and
cannot be generalized to domains vastly different
from training (e.g., Basketball scenes with various

image resolutions), which humans can understand via
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world models with essentially no re-training or fine-
tuning.

In order to solve this problem, Tenenbaum
proposed to reverse-engineer the so-called “Common
Sense Core” of human intelligence. Specifically, there
are two types of “Common Sense Core”, intuitive
physics and intuitive psychology, both of which are
the world models to simulate physical worlds of
objects and mental worlds of agents, respectively. His
team demonstrated this idea by “the game engine
in your head”, which simulates physical and mental
worlds just like game programmers. For the purpose
of building this architecture, intuitive physics and
intuitive psychology are computationally implemented
with probabilistic programming languages (e.g.,
Pyro, TensorFlor, Probability, PyProb, Turing, Gen,
etc.), that integrate symbolic structures and neural
networks in the framework of Bayesian inference.

Then, recent experimental and computational
results were summarized with special focus on
“the intuitive physics engine” (Battaglia et al., 2013;
Ullman et al, 2017) and “virtual tools” with Sample,
Simulate, Update (SSUP) model (Allen et al., 2020).

They explored how the intuitive physics engine was




realized in the brain and found their neural correlates

in the premotor and parietal cortices, which overlap
with action planning and tool-use regions of biological
neural networks (Fischer et al., 2016; Schwettmann
et al.,, 2019). In addition, intuitive physics was also
modeled with artificial neural networks (Mrowca et
al., 2018; Bear et al., 2020) which successfully invert
graphics programs in primate vision (Yildirim et al,
2020).

Finally, he demonstrated how probabilistic
programs are learned efficiently (Lake et al. 2015)
with two specific learning algorithms. The first
algorithm was “the child as hacker” (Rule et al., 2020),
where children are assumed to “hack” (write code)
through program induction and program synthesis.
The second algorithm was DreamCoder (Ellis et al,,
2020; Tian et al., 2020), where wake-sleep algorithms
simultaneously learn symbolic structures and neural
networks.

In summary, Tenenbaum concluded that humans
(and machines, by extension) must have built-in
starting states and learning procedures than we
might have thought, by addressing two fundamental
research questions in the cognitive science. For the
first question “what is the starting state (inductive
bias)?”, humans simulate physical and mental worlds
with intuitive physics/psychology and “the game
engine in your head”. For the second question “what
are the learning procedures?”, humans learn world
models via probabilistic programs and program

induction/synthesis.

2. Discussion

Question (Kenji Doya): What made wake-sleep
algorithms (i.e., the combination of symbolic structures
and neural networks) computationally efficient, given
that symbolic structures are claimed to be learned
slowly in the recent lecture “Reverse engineering
common sense’ ?
Answer: Traditional insights from programming
language for the machine learning purpose were
responsible for synthesizing symbolic structures and
neural networks with the joint objective function

under the hierarchical Bayesian framework.

Question (Wenliang Kevin Li): How abstract
symbols are coded in the brain?
Answer: How natural languages and complex multi-
object scene representation are coded in the brain
will provide insights into this question.

Question (Nergis Tomen): How intuitive physics is
learned?
Answer: Intuitive physics should be evolved
phylogenetically via distributed evolutionary code
writing, but may not be learned ontogenetically and,
instead, innately determined with proto-intuitive
physics, as experimentally demonstrated by Elizabeth
Spelke (Harvard University) and Rebecca Saxe
(Massachusetts Institute of Technology).

Question (Shriraj Sawant): How important is
continual learning?
Answer: Simpler and easier tasks are learned early
in development and “bootstrap” more complex and
difficult tasks later as in curriculum learning.

The discussion continued on the Slack channel

prepared for this session.

3. Conclusion

In conclusion, Tenenbaum provided the insightful
big picture towards correspondence and fusion
of artificial intelligence and brain science. In
fact, Tenenbaum' s keynote lecture continued to
be referred to by various talks and discussions
throughout the international symposium. Higher-
order cognitive functions such as intuitive psychology
and natural language remain to be investigated in
great detail and left as important frontiers for future

research.
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Discussion on Session 1 talks

Theme : Deep Learning and Reinforcement Learning

Speakers:

Yann LeCun

Facebook AI Research /
New York University

David Silver
DeepMind

Yutaka Matsuo
The University of Tokyo

Doina Precup
McGill University

Masashi Sugiyama
RIKEN AIP/

The University of Tokyo IRCN

Discussant : Shun-ichi Amari (RIKEN Center for Brain Science)

Chair : Jun Morimoto (ATR Brain Information Communication Research Laboratory Group)

Reporter : Tadashi Kozuno (Okinawa Institute of Science and Technology Graduate University)

Report
A discussion was on diverse but highly connected
topics, which are the following:
1. A unified theory for deep learning and the mind;
2. The role of attention;
3. Components necessary for one-shot learning;
4. How to realize the higher cognitive functions,
such as the reasoning and understanding of
COMMONSENSe;
5. The involvement of language processing in higher
cognitive functions.
In this report, I will explain each of them. Then, I
conclude the report with my thoughts about these

topics.

A Unified Theory of Deep Learning and the Mind
Prof. Amari raised a question on whether it
is possible to establish a unified theory for deep
learning. There are several theories of deep learning,
but they are isolated and can capture only a small
aspect of deep learning wherein they are specialized.
Dr. Silver argued that besides a unified theory for
deep learning, we need a unified theory for the mind:
what is an overall objective of the mind? For example,
we divide a task into small subgoals and solve them
one by one. When we look at a person trying to
complete a subgoal, we can identify what they want

to do. Nonetheless, we cannot understand what the
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person is trying to archive in the end by solving
subgoals. Therefore, to fully understand intelligence,
we need to understand the overall objective of the
mind, which he thinks is possible.

He also pointed out the importance of keeping in
mind the overall objective instead of identifying and
understanding each subgoal of a brain part. Each part
of the brain is specialized in its task, but it exists to
archive the overall objective.

On the contrary, attributing the success of AlphaGo
to a combination of two distinct learning systems,
Prof. Sejnowski argued that a unified theory for
learning would be impossible since the brain is dozens
of learning systems running parallelly and interacting

with each other.

The Role of Attention

Prof. Wang asked why the brain can pay attention
to only one thing and has a limited working memory
capacity. Seemingly, such limitations are unnecessary.

A hypothesis by Prof. LeCun was the following: we
need multiple world models specialized in different
situations, but the size of the brain is limited; as a
result, the brain has only one configurable world
model. Since such a world model needs to be
configured for a task at hand, we can pay attention or

focus on only one thing at a time.



Components Necessary for One-shot Learning

Prof. Wang also asked what components
are necessary for one-shot learning, besides a
differentiable neural network.

Prof. LeCun answered as follows: in deep learning,
we have neural network architectures similar to the
hippocampus, such as memory networks, with which
one-shot learning is possible. The next step for Al is
to enable Al to reason by combining hippocampus-

like and cortex-like neural networks.

How to Realize the Higher Cognitive Functions

Everyone agreed that it is important to understand
the higher cognitive functions and implement them in
(and with) deep learning models.

In particular, Prof. LeCun and Prof. Tenenbaum
emphasized the importance of learning to reason with
neural networks and gradient descent. As witnessed
in the deep learning community, gradient descent
is a scalable and powerful tool. However, a question
is how to approximate the symbolic reasoning by
neural networks; the symbolic reasoning is inherently
discrete, whereas neural networks can output only

continuous values.

The Involvement of Language Processing in Higher
Cognitive Functions

Prof. Sejnowski referred to the following fact as
a paradox: previously, symbolic Al was a dominant
paradigm, but it was superseded by neural networks
or deep learning; nonetheless, neural networks, like
GPT-3, are very good at language processing.

Prof. Tenenbaum said that it is not a paradox,
citing a paper by Martin Schrimpf and colleagues.
The paper examined whether neural networks for
language processing, particularly GPT-2, can explain
activities of a brain region that selectively responds
to linguistic inputs. It tuned out that neural networks
do almost perfectly. This result is consistent
with the hypothesis in psycholinguistics that the
brain's language system is optimized for predictive
processing and has no deep understanding like
common sense. In other words, symbolic manipulation

and language processing seem to be different.

Both Prof. LeCun and Prof. Tenenbaum, therefore,
argued that there is a system bridging the perception,
language, and actions. It is the basis of the reasoning
and higher cognitive functions that not only humans

but also other animals possess.

My Thought

While I might be missing or misunderstanding some
critical parts of the discussion, I learned a lot and
found the discussion inspiring.

In particular, I like Dr. Silver's suggestion to seek
the objective of the mind and his reward-is-enough
hypothesis, although my hypothesis is slightly
different. In my opinion, the mind's objective is to
maximize the reproduction probability of an agent
and its descendants, from which (extrinsic and
intrinsic) rewards emerge.

Indeed, animal behaviors occasionally deviate from
the pure reward maximization principle. For example,
human parents sometimes commit a suicidal action to
save their children. One might say that it is caused
by the mind perceiving the loss of children as a
negative reward. Then, why does the mind perceive
it as a negative reward? I think it is because the
loss decreases the reproduction probability, and the
mind obtained the ability to understand it through
evolution.

That being said, my hypothesis and Dr. Silver's are
almost the same. Mine is that intelligent behaviors
arise from the reward maximization principle, but
the mind determines rewards for reproduction
probability maximization. Conversely, I would say
that every creature that tries to reproduce has a
mind, regardless of whether it has a central nervous
system; many parts of the brain are just tools for the
mind to archive its goal.

However, as the number of "tools" increases, it
becomes necessary for the mind to have a system
dedicated to bridging different brain parts and
sending appropriate commands to them, something
Prof. LeCun and Prof. Tenenbaum mentioned.

Because of its purpose, the number of such a
dedicated system must be no more than one, which

might explain why we can pay attention to only one
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task at a time. This view is different from that of

Prof. LeCun's as there can be multiple world models
in this view, but only one manager can listen to them

and determine what to do next.

Discussion on Session 2 talks

I agree with everyone that the future step of Al
and brain science is identifying the neural substrate

of the "tool" manager and how it operates.

Theme : World Model Learning and Inference

Speakers:
Ila Fiete

Massachusetts Institute of
Technology

Maneesh Sahani

Gatsby Computational
Neuroscience Unit

Discussant : Mitsuo Kawato (ATR)

Karl Friston
University College London

Yukie Nagai

The University of Tokyo
IRCN

Tadahiro Taniguchi

Ritsumeikan University

Chair : Hiroaki Gomi (NTT Communication Science Laboratories)

Reporter : Tatsuya Matsushima (The University of Tokyo)

Report
Mitsuo Kawato first provided four points of

discussions according to the speakers talk:

e How can achievements of the speakers contribute
to neuroscience & AI?

e How do humans achieve learning motor-control
from a small sample?

o Finding the essential low-dimensional space for
sensorimotor control

o How psychiatric and developmental disorders are
related to sensorimotor learning?
In the discussion, the panelists talked about them,

which I report in this article.

Learning Generative Models and Model-based
Reinforcement Learning

Tadahiro Taniguchi mentioned their achievements
on multi-modal concept formulation and language
acquisition with generative models described in the
talk have been focused on the perception of the
cognitive system. However, Taniguchi thinks these

models can be meaningful in motor learning as well.
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For example, humans seem to generate goals with
languages for motor control. In this line of research,
Taniguchi argues that the key idea is “control as
probabilistic inference”, which can be a way of
reinterpreting model-based reinforcement learning.

Kawato indicated that it would be extremely
difficult to acquire a good internal model from a
limited number of samples if there are huge degrees
of freedom in the body, although Kawato admits
the idea of model-based reinforcement learning
itself is notable. Kawato instead pointed out the
possibility that the cognitive functionalities help
reduce dimensionality drastically and are essential for
learning internal models.

Maneesh Sahani mentioned that unsupervised
data contribute to learning from a small number of
trials and the same underlying schemes can work
both for unsupervised learning and reinforcement
learning built on the probabilistic inference. Kawato
agreed with the idea that reinforcement learning
and unsupervised learning take place simultaneously,

but added that acquiring a brand new skill requires



finding a new trajectory, which the agent has never

experienced, and therefore it is the most difficult part
of learning. Sahani suggested that causal structure
allows agents to generalize to new environments and
trajectories.

Yukie Nagai, who has been working on
developmental robotics, mentioned the importance
of the limitation of bodies and environments in child
learning. Nagai suggested that these limitations
can work as good constraints in motor and
sensor capabilities. Nagai also pointed out social

environments can also be a scaffold for child learning.

Learning Hierarchy

Ila Fiete suggested that learning a new motor
action is associated with compositionality and
decomposition of representations in the internal
cortex and hippocampus. The low dimensional metric
variables can be combined to represent a new kind
of relationship flexibly. Fiete raised questions about
how the brain breaks a problem into the appropriate
hierarchies, and how much data is needed to
recognize the hierarchical structure.

Karl Friston proposed a view of treating hierarchy
as a way of simplifying generative models by
minimizing complexity. Friston mentioned that it
has a seamless connection with program learning
mentioned in the keynote lecture from Josh
Tenenbaum, when we see finding a good simple
structure having factored representation as a
structure learning problem. Friston also added that
the framework can be applied to algorithm learning
or meta reinforcement learning from the perspective

of trying to find the right kinds of structures.

Finding a Good Representation and Neural Structure

Gomi then raised a question on the relationship
between finding the essential low dimensional space
for sensory-motor control and the neural mechanisms
like cerebrum, basal ganglia, and prefrontal
cortex. Sahani gave the opinion that distributed
representations like successor representations can be
well-suited for hierarchical structure because they

represent occupancy over the future and linked to

policies. Sahani pointed out that these representations
that fit with the inferential view of planning and
perception would give us a foundation to work with.
Sahani also mentioned recurrent circuits are
necessary to map learning algorithms to neural
substrates. The key observation here is that the
inferential process around a single variable can be
written in a very general form that depends basically
on the feedback term in a recurrent network.
From the perspective of learning, this scheme can
potentially contribute to learning different timescales

to find a sensible decomposition of the world.

Sensory-Motor Learning and Psychiatric or
Developmental Disorders

Lastly, the discussion goes to relationships between
psychiatric or developmental disorders and sensory-
motor learning. Nagai introduced their experiments
with representational drawing and suggested that
hypo- or hyperpriors and difficulties in making
hierarchical structures are one of the reasons why
persons with these disorders have difficulties in
controlling motors and generalizing acquired abilities.
Nagai added that modification of certain genes results
in an imbalance between excitatory and inhibitory
neurons, which is often observed in brains of autism.
Nagai supposes that the imbalance also causes hypo-
or hyperpriors, which produces too strong or too
weak reliance on the predictions.

Friston pointed out that Nagai s idea is consistent
with the formulation of the “free-energy principle”:
if we contrast false inference in these disorders and
the view of motor control as “planning as inference”,
the balance of the prior belief against the sensory
evidence can be the reason for wrong inference.
These formulations, Friston supposes, can provide
explanations on a wide range of disorders like
autism, schizophrenia, hallucinations and illusions,
and mechanisms for unintentional movement seen
in Parkinson's disease. He then stressed that, in
this way, insights from machine learning and
artificial intelligence can provide useful perspectives
on abnormal belief update and psychiatric and

developmental disorders.
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My Thought

In this session, various concepts, ideas, algorithms,
and phenomena were discussed around world-model
learning. The main theme of the discussion was “how
to learn” the world model, especially, how to learn low
dimensional and hierarchical representations essential
for sensory-motor control. The unified view for model-
learning ranging from bayesian formulation to neural
mechanisms and psychiatric disorders introduced by
each speaker inspired me a lot.

However, in my opinion, issues on “how to utilize”
the learned world model for motor control has also a
lot of points to be discussed. Recently, in my research
area, the intersection of robot control and machine
learning (i.e. robot learning), studies on modeling data
in an unsupervised manner using deep generative
models become very popular like VAE or GAN, but I
feel the utilization of learned models for robot control
is less explored. In concrete, one can think of multiple
options for using learned models for motor control, for
example regarding the model as a simulator that rolls
out future prediction of observations or leveraging
for trajectory optimization. Therefore, I suppose that
discussions and methodologies on model utilization
as well as world-model learning are needed for
realizing artificial intelligence in the real world. In the
discussion session, the topic on “control as inference”
introduced by Taniguchi and “active inference” from
Friston is potentially related to the model utilization,
but not covered so much. I hope I can participate in
the discussion about the model utilization at another
opportunity.

From the algorithmic perspective of world-model
learning, I expect that advances in structure learning
would be a key for the next several years. That is
because most recent advances on deep generative
models are based on engineered graphical models
using inductive biases of humans. In order to acquire
appropriate graphical models from the data itself, I
think we can leverage insights from causal inference
or meta-learning. At this point, I agree with the idea
of Sahani about mathematical formulation for learning
hierarchies and structures behind data streams, and

the idea of Friston that minimizing complexity can be

10 NEWSLETTER vol.09

a unified formulation.

Lastly, interpreting the cause of psychiatric or
developmental disorders as an imbalance in internal
computation for sensory-motor control seemed novel
and interested me. I suppose that these insights
on mechanisms of the disorders from mathematical
formulation may also be useful for discovering a new
way of treatment from theoretical aspects. However,
since regions of the brain are interconnected with
each other, I imagine that careful contrast between
clinical evidence and theoretical results of the
hypothesis would be required to prevent too much
simplification.

In conclusion, I believe this session showed the
possibility that the disciplines of different strategies,
artificial intelligence and neuroscience, can be
contrasted under a unified notion of “world model” .
I hope that the content of this session will enhance
communications among the panelists, participants,
and readers of this article, and lead to a better

understanding of intelligence.



Discussion on Session 3 talks

Theme : Metacognition and Metalearning

Speakers:

Matthew Botvinick
DeepMind

Ryota Kanai Angela Langdon

ARAYA Inc. Princeton University

Hiroyuki Nakahara Xiao-Jing Wang

RIKEN Center for Brain New York University

Science

Discussant : Keiji Tanaka (RIKEN Center for Brain Science)

Chair : Masayuki Matsumoto (University of Tsukuba)

Reporter : Carlos Gutierrez (Okinawa Institute of Science and Technology Graduate University)

After the introduction of the discussion by Keiji
Tanaka, Matt Botvinick highlighted the importance of
embedding hierarchy for certain mechanisms. In one
of his papers, a simple implementation of hierarchy
on the architecture leaded to the emergence of
functional hierarchy. That factor can be important in
meta-learning.

Xiao-Jing Wang, mentioned 2 important points.
The 1st one, while conventional Al implements
conventional learning by changing connection
weights, an interesting idea is to realize adaptive
processes without connection weight updates, where
the system still behaving from trial to trial, by
connecting neuronal circuits in meaningful weights.
The 2nd point is, how to realize gating mechanisms,
which still unknown in neurosciences, however,
they are starting to have some insights from simple
problems by 2 ways: a) trajectories and looking
the dynamics, b) changing connection weights in
subspaces, then looking the vector field changes. The
last one is an interesting angle that would need to be
tested experimentally.

About ideas on the interaction of dopamine and the
pre-frontal cortex (PFC), Angela Langdon highlighted
the question: what constitutes a reward? Perhaps
ultimate goals and subgoals? however, looking at the
brain, what is considered a reward? This is easy to

define in artificial systems but at the brain? Meta-

learning involves generalization and transfer from
system to system, thus generalization is not what we
think as a “reward”. On the other hand, dopamine
is though as a reward for goal fulfillment. About
interactions between PFC and dopamine, PFC is
more related to setting the goal, whereas dopamine
is related to goal fulfillment, they have different
windows of time, this relation seems complex in
biological systems.

Ryota Kanai raised a question about what people

think of RL and it functions, considering that goal-
directness seems not related to intelligence. How
to distinguish between reflecting systems and goal
directed systems?
Angela mentioned devaluation in animas, goal
changing animal behaviors. The motivational stage in
an evolving rodent when they chase water, dictates if
they consider that as a goal.

Xiao-Jing mentioned the need of mapping to
discrete localized structures. Is it computed locally, or
a decision process is taking place within a hierarchy?
Ryota mentioned that, about confidence itself, it
seems easy to compute. About metacognition or meta-
representation, it would be interesting to know what
architecture capture meta-representation and how
computationally define it.

Matt said, in model base, the decision-making

system retrieves the representation, however it still
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not a representation of itself. Adding another level

of metacognition, such as social cognitions may be
important.

Hiroyuki Nakahara raised concerns about the
perspective of goal directedness, whether it can
be related to model, or simulation, or inference of
others behavior? - it is a broad question. David
Silver mentioned that reward may be good enough to
generate intelligent behavior. Nakahara continued by
considering 2 ways: the only thing to be concerned
about is the goal; or a simple reward is the basis for
very complex behavior.

Also, he mentioned that meta- “something” seems to
include something “without” -meta. The question is,
what are we trying to uncover?

Kenji Doya mentioned that, traditionally people
assumed modularity and hierarchical structure in the
brain, however from Matt and Xiao-Jing work, meta-
learning can be achieved without structure. Ryota
also presented distributed predictive models, where
instead of having metacognition, some coherent
space with an overlapping function may be a form of
metacognition.

More details were provided by Ryota about his
work, where 10 NN are specialized for some tasks, for
a given problem. However, he was wondering what
area of the brain represents meta-representation of
NN or the function of other regions?

Angela mentioned the control over the configuration.
In recurrent NN, the configuration is not implicit but
embedded in the weights. Metacognition is something
like thinking about thinking. Humans can track their
thinking, but not necessarily control the configuration
of the system.

Xiao-Jing mentioned that he would like to look
the learning-to-learn for different kind of problems,
involving different blocks of cognition. Having some
progress in that front, we can start to question about
how we can control.

Matt mentioned that, deep RL will arrive to model-
base RL (as shown in his 2018 paper) on explicit
knowledge, procedural knowledge so far. But, to
achieve reasoning about reasoning, agents may need

to include language, or models of themselves (he
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introduced the driving drunk example). That still an
open question.

Angela added, in biological agents, part of the
structure that declares knowledge is social. In human,
reward can be the approval from others, and it only
exists in the interaction between agents. The social
context is part of the meta learning or cognition.

Nakahara mentioned, once we uncover those things,

they could be embedded as a meta part or part of the
basic systems.
Matt thinks that actually, there is nothing special
about meta-learning, it involves any system with
large memory, training on many tasks, and with some
structure.

Wang mentioned that social cognition is quite
interesting. Nakahara said, given the requirement
about what we need to learn for survival, (I missed
the last part here, just last words before the end of
the discussion session).

Below is my personal comments on the topics at
this session.

Current AI outperformed the learning of specific
tasks using mainly connection weight update and
deep layered structures, however, still not able to
flexible solve multiple and novel tasks. Meta-learning
seems to be a key component on achieving artificial
general intelligence. The AI symposium was an
unique opportunity to better understand the different,
but related, meanings and approaches towards meta-
learning and meta-cognition.

One point of view assumes that meta-learning tries
to realize adaptive processes in the system (the brain,
an Al system) by connecting neuronal circuits in
meaningful ways. That adaptation might be realized
by gating mechanisms, weight update in subspaces,
functional modularity and hierarchies; thought all of
those remain poorly understood.

Some comments raised about the need of mapping
meta-learning to discrete and localized structures,
to understand whether it is computed locally, or a
decision process is taking place within a hierarchy.
Related to that, mapping what area of the brain
represents the function of other regions, also known

as meta-representation, could provide a cue on how



“meta” computations are taken place in the brain.

Another view focus on the neuromodulators and
their role in the regulation of learning. Particularly,
the dopamine is thought as reward for goal fulfillment,
however, it is not easy to define in neurosciences
what really constitutes a reward. The devaluation
of goals is a recent view on this. For example, the
motivational stage in evolving rodents when chasing
water, dictates if they consider that as a goal. A
redefinition of what constitutes goals/rewards and
their relationship with neuromodulators on different
windows of time seem new research directions.
Indeed, the perspective of goal directness still subject
of concerns, whether reward may be good enough or
not to generate intelligent behavior.

An emergent perspective is the addition of another
level of meta-cognition, such as social cognition, for
example, specie’ s survival as learning or inference of
other’s behavior.

Another arising topic considers meta-cognition as
something like thinking about thinking. Humans
can track their thinking, but not necessarily control
the configuration of the system, while in recurrent

artificial NN the configuration may be embedded in

the weights. Model base RL showed that some form
of representation is retrieved by the decision-making
system, however it still not a representation of itself.

In conclusion, traditionally meta-learning assumed
modularity and hierarchical structure in the brain,
however, the results presented in the symposium
showed that it may be achieved without structure.
In addition, preliminary results indicate that some
form of metacognition can be reached by distributed
predictive models in a coherent space with an
overlapping function.

The different views on this topic demonstrate its
potential and importance on the understanding of
distributed learning systems in the brain. The next
practical steps, perhaps, should look more to the
dynamics, the understanding of trajectories and

vector field changes.

VURIT LD L Dk H . https://vimeo.com/showcase/aibs2020 LDHEEV2721FFd,
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Discussion on Session 4 talks

Theme : Al for Neuroscience and Neuromorphic Technologies

Speakers:

James J. DiCarlo

Massachusetts Institute of
Technology

Terrence Sejnowski

Salk Institute /
Univesity of California San
Diego

Discussant : Kunihiko Fukushima (FLSI)
Chair : Takatoshi Hikida (Osaka University)

Yukiyasu Kamitani
Kyoto University

Rosalyn Moran
King's College London

Hidehiko Takahashi

Tokyo Medical and Dental
University

Reporter : Yuzhe Li (Okinawa Institute of Science and Technology Graduate University)

I. Interpolating vectors

First, Prof. Kunihiko Fukushima addressed that
artificial neural network (ANN) provides design
principles for brain-like AI, and is also a powerful
tool for analyzing the brain. But the current Al
needs big training data to learn, i.e., listen to billions,
understand millions, whereas our human being learn
quickly, i.e., listen to one, understand ten. Therefore,
there appears to be a problem: how to let an Al
learn with small data set? Prof. Fukushima proposed
a method using “interpolating vectors” with a deep
convolutional neural network (deep CNN). Each
interpolating vector is determined on a line between
two known feature vectors extracted from the
training dataset, or by the nearest plane that formed
by three reference vectors, or by the hyperplane that
made of four feature vectors. This method achieves
a data augmentation, not during the training phase,
but during the prediction phase. He also proposed a
computational trick to reduce the computational cost
for calculating the interpolating vectors. This method
achieved good learning using a small data set.

Prof. Fukushima’ s talk inspired Prof. Terrence
Sejnowski of the high dimensional problems that was
also discussed in previous sessions. He addressed
that the interpolating vector method might be
an exploring tool for solving high dimensional

mathematics problems.
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Dr. Rosalyn Moran pointed out that using the
interpolating vector as data augmentation reminds
her of other data augmentation methods, such as
variatiofnal auto encoder. These models are able
to generate new data, so that can achieve data
augmentation.

Prof. Kenji Doya asked if there is any biological
interpolation of these interpolation vectors in the
brain? And if there is biological evidence shows the
internal data augmentation in the brain?

Prof. Fukushima answered that he believes the data
augmentation should be represented somewhere in
the brain, but he didn’t know where it is.

Dr. Sejnowski mentioned there are some psychological
experiments showed humans can capture the center
of a structure only based on the observations of some
random parts, seems they are doing interpolating in
the brain too. If we take fMRI while the object doing
the experiment, it might give the answer where the
interpolating vector is processed in the brain.

Prof. DiCarlo referred to his research in vision
system. He found there are mappings between some
features in the models and neurons in the brain. For
example, the feature extraction is done in the high-
level vision system, then can be the basis for the
classifier. He thought the interpolating vectors that
Prof. Fukushima proposed should be placed in the

layer above the feature set, which might be in the



classification layer. There are successful statistical

models, but not all of them can be found in the

physical groundings in the brain.

II. Evolutionally designed V1 function

Prof. Kenji Doya raised a question to Prof. James
DiCarlo: he showed that by replacing the first layer
of deep neural network by a Vl1-like representation,
the network’ s performance becomes much more
robust. Then Prof. Doya' s question was: is V1
evolutionally designed, rather than trained by sensory
experience, for doing the early information coding?
Prof. DiCarlo commented whether the mapping comes
from evolution, development, or learning is a really
challenging question.

Prof. Sejnowski answered Kenji's question: actually
there exists evidence to support that V1's function
and structure are determined by evolution. There
are researches that showed even before the visual
system has any experience, there are neurons in V1
that become selective for orientation. Evolution is like
learning, but with time step of generation. The visual
cortex has more layers than in other cortex and it
looks like the function and structure of V1 as the first
layer seems already written in the genome. But there
are more room of connection plasticity left for higher
layers.

Prof. Yukiyasu Kamitani also agreed that the
interpolating vector of features should be placed in
a higher level. He also mentioned the price equation
in population genetics. It explained how phenotype
distributes across generations, which follows Bayesian
formula. In this way, genome can be treated as
memory, and evolution can be treated as some kind
of learning. Evolution is not a random process, it has

some direction.

III. Reconstruction images from brain activity

Prof. Fukushima asked Prof. Kamitani about his
work on reconstruction of images that human subjects
are looking at from their fMRI brain activities. Prof.
Fukushima wondered if they can also reconstruct
moving objects? Prof. Kamitani answered that they

are able to decode the direction of moving dots now.

And they are interested to reconstruct movies for
future research. Prof. Fukushima was also interested
in whether the reconstruction is possible based on
the frontal cortex activities. Prof. Kamitani said the
decoding from the frontal cortex activities while the
subjects are sleeping also reconstructed some images,
which might be the scenes the subjects were seeing
during their dreams.

Prof. Moren then pointed out an interesting
question: it seems that humans generate new data
during dreaming, can sleeping achieve a data
augmentation? Prof. Kamitani said it might be
possible. Maybe there are some generative models in
the brain, which might be able to achieve simulation
and augmentation of new experience.

Prof. Hidehiko Takahashi added some comments to
the the discussion about the high-dimensional space.
From a clinical application point of view, he agreed
that the clinal data are usually high-dimensional, so
the methods for high-dimensional data analysis is an

urgently need for their clinical use.

IV. Universality

Prof. Sejnowski raised a discussion on “Universality'.
He reviewed some research that showed when the
recurrent neural networks with different settings
were trained in different tasks, even though the
trained networks were overall different, the dynamics
at some fixed points were similar. He said the
universality is the bridge between the ANN and
real neuron circuits. If the mathematical model can
capture the universal concept, it would be a big
breakthrough.

Kenji asked Prof. Sejnowski a question regarding
converting ANNs to spiking neural networks. Even
though an ANN and the real brain may use different
learning algorithms, can the solution they come up
be mostly the same? Prof. Sejnowski answered that
is their hope. In their explorations they found the
more constraints added to the deep neural network,
the more architecture and the features of the
brain can be captured. He also pointed out that the
mathematical models can inspire people design new,

more complex experiments.
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Prof. DiCarlo added that this is actually what his

lab is doing. They are using models to design novel
experiments. Sometimes the models are shown wrong,
but the experiments may be still partially correct,
which leads to designing a new, more accurate model.
This circle is the bridge to connect experimental

direction and the theoretical direction in neuroscience.

V. Oscillatory dynamics

Prof. Doya asked Prof. Moran about her research
using free energy framework to model the dynamics
of learning and inference in the brain. Prof. Doya was
curious if her model predicts any oscillatory operation
in the brain.

Prof Moran said the answer is yes. In the structure
of some free energy inference models, it already
includes the consideration of gamma wave for
forward gain control, and beta or alpha wave for
backward control, which may lead to traveling waves.
And there are already such applications in analysing
the fMRI data and ECoG data.

Prof. Sejnowsk pointed out that there are lots of
research explored representations of sensory inputs
or motor outputs, but there is a lack of research
on how the communications is achieved between
different parts in the brain.

Maybe the oscillations is a part of the communications
system, which may control the flow of information.
We should be thinking about other questions.

Prof. Doya agreed with him, and said many studies
assume that, when a subject performs a certain
task, the required modules in the brain are activated
and connected. But how such global activation and
connection can be done biophysically? And what is
the computational mechanism behind it? These are

still big open problems.

VI. Fixed structure but with flexibility

Prof. Sejnowski added that the brain is not a fixed
network. Each brain area is not dedicated only for
one particular task. How the brain reconfigures
itself for each task in a flexible way is a fascinating
question.

But Prof. DiCarlo pointed out that there are a
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lot fixed networks in the brain. For example, the
retina. Humans may overestimate the flexibility
of their brains. The question should be how much
flexibility we have in the brain. We can train ANN
to do anything we want, even tasks humans cannot
do. Most human abilities rely on the evolutionary
hardware.

Prof. Sejnowski agreed with the fact that the
evolution leaves us a lot of fixed structures. But
he also said there is some recent research showing
that, even though the retina is well constructed, it
is also adaptable, e.g., to illumination aptitudes. So
there is a question raised: how could we train a fixed
framework (ANN) still have the flexibility?

Prof. Churchland added that the innovations in
measuring techniques and analysis changed our
view of understanding the brain. Innovation in
the measuring techniques revealed that neural
actives reflect some changes in the environmental
parameters, like Prof. Sejnowski just pointed out. On
the other hand, the innovation in analysis methods for
population neural actives by using cognitive models
gives us a really rich picture of what the brain is
doing, which is so different from what we used to

focus on.



Discussion on Session 5 talks

Theme : Social Impact and Neuro-Al Ethics

Speakers :
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University of California,
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Okinawa Institute of
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Okinawa Institute of
Science and Technology

Arisa Ema

The University of Tokyo
Institute for Future Initiatives

Stuart Russell

University of California,
Science and Technology Berkeley
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Masamichi Sakagami started the discussion by
introducing some studies on pro-social behaviors:
the extent of prosocial-ness and proself-ness reduced
when thinking time increased; also proself people
have higher prefrontal cortex activity while prosocial
people have higher amygdala activity. Sakagami
suggested that there might be a link between model-
free/model-based mechanism with proself/prosocial-
ness, but the detailed neurological mechanism is still
unclear.

Sakagami asked Anne Churchland how we can
utilize our uninstructed movement activities for
brain inspired AI system. Churchland answered
that the difficulty is that a majority of electronic
signal measured from brain is just low level or
movement related activities that we do not care.
From an evolutionary perspective, brain is likely
developed for movement, and other higher activities
just hijacked the machineries and evolved from the
movement-oriented brain. Social behavior is also one
of basic functions of our brain, since large part of
brain activities are devoted to it. Learning how those
circuits are repurposed to do other activities will be
relevant in developing artificial networks.

Kenji Doya commented that recent advancement
of measurement technology might help the dynamic
investigation of meaning of different brain activities.

Terry Sejnowski supplemented Churchland’ s

answer that language is one of the examples of

subsequently evolved brain functions, due to the
substantial reference of body and space relationships.
Sejnowski also mentioned that we are just evolved
in the ability to learn to do many things, and
practices are needed. Stuart Russell argued, using
the example of computer, that despite the first
computer was used to decode German, but it turned
out the implementation was just logic gates which is
vastly general. Therefore, activities other than those
biologically oriented do not necessarily have to be
based on those evolutionarily designed.

Churchland raised that there are obviously
fundamentally different types of motor system like
that of ocular system compared to motor and pre-
motor cortex. Which suggested there are multiple
different motor systems. She also suggested a
hypothesis that cognition is at least linked to
movement to certain extent, given the difficult of
eliminating movements.

Doya asked Kitano whether embodied experience
is necessary for one to understand knowledges.
Kitano' s opinion is that to develop cognition and
thought process embodiment might be involved but
not essential.

Arisa Ema suggested that it is also important
to consider social, institutional and legal kind of
influences when we create the brain inspired models.

Russell then stated that the difference between

human and machines is whether it has purposes. The
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current design of Al systems is based on the notion

that intelligence means to have a purpose and to plan
how to achieve goals, and so that machines should
also have purpose to be intelligent. But this is a
mistake because we do not have a way of transferring
our entire preference structure to the machine and
we end up transferring fragments of it. It might end
up we have a machine that is a psychopath, pursuing
a distorted version of what we think our objective
might be and doing it in a completely single minded
way, completely oblivious of anything that is not
specified in the objective. What is preferable is some
system that is directed entirely towards human’ s
benefit and its extension, like the environment.

Also, it knows that it does not know the objective.

Another philosophical question raised by Russell
is how a machine should make decisions on behalf of
mankind. How to trade off the preferences of lots of
people? One scenario is if someone derive pleasure
from the suffering of others, the preference of those
persons should be weighted zero since those people
have put themselves outside the social contract. Then
machine could be designed in a way that it observes
humans and figure out their preferences.

Furthermore, Russell asked how many reward is
enough? Where does the reward come from? Is it
purely biological basis of dopamine which relates to
pain, hunger and reproduction? Russell suggested
that human may act in a way by observing the
others to learn about other's preference and possibly
eventually to adopt other s preference. So that the
reward system is not just driven by biology but also
by culture.

Angela Langdon asked Russell how about the case
of addiction, in which there is mismatch of preference
between long and short term - in long term the
addicts want to integrate to society but short term
their preference does not align with their ultimate
goal. In this case what should be taken as preference?

Russell respond that there is imperfection in
human, so that the mapping of actual behavior to the
true underlying preference are very complicated. We
need to be able to reverse engineer it for designing

Al systems. Also, preferences are not stable and are

18 NEWSLETTER vol.09

modifiable since people are not born with those set of
complex preferences. Al systems will take advantage
of that, and an example is social media. Whether
the notion of preference change is good or bad is
nevertheless an open question, since it depends on
what the change is.

Ema asked, from a philosophical perspective, what
should be the starting question an AI researcher
should ask? Sejnowski responded that early
philosophy was actually oriented towards physics and
science and we are heading in the same direction, but
now with the brain. And he mentioned the emergence
of a field called neuro-philosophy. Churchland
suggested that to discuss this issue it needs to bring
together a diverse group of people who is expert in
dealing with people whose brains are fundamentally
altered, like those with addictions.

Doya commented that there are mechanisms of
human society, like democracy and peer reviewing
to harness runaway of intelligences. Kitano added
that any solutions could not be optimal for all time
horizons, like the importance of scientific discovery
depends on value systems. An example is that
discovery of cure for C. elegans cannot get Nobel
Prize. Maybe AI should develop a dynamical way for
aligning to different value systems.

Russell emphasized that we are not uploading
any value system to AI so that the AI should be
constantly uncertain about what people want and

how to trade off those preferences.
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JNNS2020 Conference Highlights

by Carlos Enrique Gutierrez, post-doctoral scholar, Neural Computation Unit, OIST

From December 2" to 5% 2020, the Japanese Neural
Network Society conducted its 30" annual conference,
the JNNS2020, originally planned to take place in
Sendai city, in an online format (http://www.nanospin.
riec.tohoku.ac.jp/JNNS2020/). Posters and oral talks
were accessible on-demand, by videos and chat
panels, including live oral sessions as well.

Keynotes focused mainly on motor and sensory
systems of the brain, disclosing interesting results.
Evidence of the hierarchical organization in
the medial and lateral prefrontal cortex and its
implication on action-control captured interest
(Hajime Mushiake); as well as the introduction of
brain’s hyper-adaptability, interpreted as its adaptive
capability under impairment of sensory, motor and
cognitive functions, with emphasis on the population
aging issue (Jun Ota).

Furthermore, intriguing experimental results, from
humans and monkeys, of the default mode network
role were featured, together with the identification
of the precuneus as the key area representing the
“here” (the visual world in front) and the “now” (the
present time, determined experimentally by verbal
stimulation). Discussions on that topic examined
links with consciousness (Shigeru Kitazawa). Finally,
a particular keynote talk discussed the evolution of
science and technology and its impact on society, by a
chronological timeline starting from the 17th century
to present day. Special highlights on the strengths

of Japanese technology as well as present and future
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challenges were debated (Osamu Sakura).

Engaging brain-hardware related talks displayed
not only the usual advantages on reduction of
power consumption and improvement of computing
performance, but advances on hardware architecture.
For instance, hardware inspired by the hippocampus
with strong implications on memory functions, such
as memory storing and recalling (Takashi Morie,
Katsumi Tateno, Hiroki Nakagawa and Kensuke
Takada). Besides that, noise, spike generation and cell
function mimicked by nanomaterial-based molecular
devices captured special attention, since its potential
as ‘new land” for the development of neuromorphic
devices (Megumi Akai-Kasaya and Tetsuya Asai).

Further sessions presented a wide variety of
topics, from which I would like to highlight findings
on spatial features related to motor control. Such
is the case of arm motor skills dependency on the
coordination between eyes and arms, with links to
motor regions during planning and the representation
of motor memories (Naotoshi Abekawa, Sho Ito and
Hiroaki Gomi); as well as conclusions on the standing
posture contribution on leg control during walking,
performed by comparison of muscle activations for
both modalities (Chika Yamane, Tomoko Hioki, Shoko
Kaichida and Jun Nishii). Decision making models
were introduced likewise, for example, a reward and
curiosity decision-making model for a 2-choices task
based on the popular free-energy principle, analyzed
conservative-explorative behaviors based on curiosity
level (Yuki Konaka and Naoki Honda).

Our group had the opportunity to present a brain
simulation of the resting-state neural activity in a
loop circuit of the cerebral cortex, basal ganglia,
cerebellum, and thalamus, using the state-of-
the-art “NEST" neural simulator. This work is a
collaboration across several labs specialized on
brain modeling, and targets the investigation and
understanding of the dynamic nature of the whole-

brain network. The model s code and simulation were



opened to the scientific community (https://github.

com/oist/whole-brain-jp), since its aims to serve as a
platform for further investigation of brain functions.
Moreover, large-scale simulations on the former

K-computer were introduced, together with full-brain

simulation challenges on Fugaku supercomputer.

On the last day of the conference, a satellite
symposium, the 9th RIEC International Symposium on
Brain Functions and Brain Computer, was held with

presentations in English.

Top: Graphical outline of the integrated whole-brain model. Its network structure makes up

more than 90% of neurons in the mammalian brain. Bottom: Screen capture during a large-

scale simulation displaying the neural activity of several types of spiking neurons.
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