Examples

The Brain - Part 1
Human brain is able to form images of complex world surrounding us, so might seem
obvious that brain itself has to be a complex object.
However, not necessarily so.
Have seen that complex behavior can arise from models with simple architecture through
process of self-organization.
Perhaps brain is also fairly simple organ.
Starting from native state with little structure, information about surrounding environment is
coded into brain by a process in which brain self-organizes into critical state.
In analogy with sandpile, a "thought" may be viewed as a punctuation, i.e., a small or large
avalanche triggered by some minor input in form of an observation, or by another thought.
Brain contains trillions of neurons.
Each neuron may be connected to thousands(millions) of other neurons.
Wiring mechanisms of individual neurons are fairly well understood, but how do trillions of
neurons work together to form the emergent process we call thinking?
Comparing with way computers work, function of computer is not apparent from properties
of individual transistors making up computer.

Those who construct computers do not even have to know how transistors work.
Function of computer comes from way these interconnected transistors work together.
There is at least one major conceptual difference between computer and brain.
Computer was built by design.
An engineer put together all circuits and made it work.
No engineer - no such computer.
However, no engineer around to connect all synapses of brain.
Even more to point, no engineer available to make adjustments every time outer world poses
brain with new problem.
Might imagine that brain is ready and hard-wired from birth, with its connections formed
through biological evolution, with all possible scenarios coded into DNA.
Does not make any sense.
Evolution is ef cient, but not that ef cient.
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Indeed, amount of information contained in DNA is suf cient to determine general rules for
neural connections but vastly insuf cient to specify whole neural circuitry.

While there is some hard wiring - a lobster brain is different from a human brain - functionality
has to evolve during lifetime of an individual.
This means that structure has to be self-organized rather than designed.
Brain function is essentially created by problems brain has to solve.
Thus, to understand how brain functions important to understand process of self-organization.
Not enough to take brain apart at some given instant and map out all existing connections,
just as we don't understand sandpile by just making a map of all grains at some given
point in time.
Essentially all modeling of brain function from studying models of neural networks has
ignored self-organized aspects of process, but has concentrated on designing a working
brain model by engineering all connections of inputs and outputs.
This is good enough if system is going to be used for some single engineering purpose,
such as pattern recognition, but it is basically misguided when it comes to understanding
brain function.
Why Should the Brain Be Critical?
One may argue at least two different ways that the brain must be critical.

First, consider a brain that is exposed to some external signal, representing for instance a
visual image.
Input signal must be able to access everything that is stored in brain, so system cannot be
subcritical, in which case there would be access to only a small, limited part of information
that is stored.
Grains dropped on subcritical sandpile can only communicate locally by means of
avalanches.
Brain cannot be supercritical either, because then any input would cause an explosive
branching process within brain, and connect input with essentially everything that is stored in
brain.
This can be seen in a different way.
Consider a neuron somewhere in brain, and an output neuron at a distance from that neuron.
By changing properties of neuron, for instance by increasing or decreasing strength of its
connection with a neighbor neuron, it should be possible to affect output neurons in brain;
otherwise that neuron would not have any meaningful function.
If brain is in frozen subcritical state, there will be only a local effect of that change.
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If brain is in a chaotic disordered state with neurons ring everywhere, it is not possible to
communicate with output neuron, and affect its signal properly, through all the noise.

Hence, brain must operate at critical state (boundary between other two states)where
information is just barely able to propagate.
At critical state system has a very high sensitivity to small shocks.
A single grain of sand can lead to a very large avalanche.
We say that a critical system has a large susceptibility.
Of course, avalanches at critical state in sandpile do not perform any meaningful function, so
our problem is to teach avalanches to connect inputs with correct outputs.
How does brain organize itself to critical state?
In sand model, criticality was ensured by adding grains of sand at a very slow rate, one
grain at time.
Work has been done on neural network models of steering processes, such as tracking
a ying target.
Network was kept at a critical state by a feedback mechanism that would keep the output,
rather than the input low.
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We then construct a toy brain model using these ideas.

The Monkey Problem
One of problems in describing brain function is uncertainty in determining what exactly is
the problem that brain is actually solving.
What, precisely is the function of the brain?
It isn't enough to simply say that it is thinking.
A good deal of brain research traces location of activity of brain when a person is subjected
to various stimuli, but gives next to no insight on general principles.
Before constructing a model it important to de ne a speci c problem that brain has to solve.
A hungry monkey is confronted with following problem.
To get food, must press one of two levers.
At same time she is shown a signal that can either be red or green.
If red signal is on, has to press left lever; if green signal on, has to press right lever.
Signal switches back and forth between red one and green one.
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If correct lever is pressed, monkey will get a couple of peanuts.

Monkey learns correct reaction after a “learning” period of trial and error.
If outside world changes, i.e., “correct” buttons are switched, monkey should be able to modify
its behavior.
A block diagram of the situation is shown.
Outer world sends a signal to some of
neurons in brain, through eyes of monkey.
Resulting action of monkey is fed back to
outer world, which in turn provides feedback
to monkey and its brain by either giving or
denying food.
After a number of wrong tries monkey learns
to perform properly.
Fact that function of brain has to be
self-organized puts severe constraints on any
brain model.
In model, neurons were arranged on
two-dimensional grid.
Neurons in each row are connected with three
neurons at row below that neuron, as indicated
by arrows in block diagram.

One also needs to study a network where connections are completely random.
This network functions almost as well, but is more dif cult to illustrate graphically.
Firing signal from environment is represented by pulses that are fed into a number of random
neurons, red ones if signal is red, green ones if signal is green.
It is simple matter to de ne initial network.
Took only a couple of sentences to specify its geometry.
Not much more information is needed to specify a larger network.
Brain model at birth is a simple structure.
At each step, each of neurons are either in a ring state or a non- ring state, according
to whether their input voltage, or potential, exceeds a threshold.
The output is given by the neurons in the bottom row.
The input signals, each with a xed number of random input neurons, were chosen.
For each input, a pair of output neurons was de ned in the bottom row.
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The input signals were switched each 200 time steps (or when complete success, meaning
that the selected output neurons were active while all other neurons were not for 50 time
steps).

The feedback from the environment was sent to all the neuron connections in a totally
democratic way.
This could represent some hormone, or some other chemicals fed into the brain.
In this sense, our model is fundamentally different from most other neural network models in
which an amount of outside computation, not performed by the network itself, has to be carried
out to update in detail the strength of the connections.
If there is a positive feedback signal, that is, the proper output neurons red, all the
connections between simultaneously ring neurons are strengthened whether or
not they were responsible for the favorable result.
If there is a negative signal, all these- ring connections are weakened slightly.
All other non- ring connections are left alone.
This type of scheme has been tried before without much success, precisely because of
weak communication between inputs and outputs, which makes learning prohibitively slow.
Also, whenever red signal is on, pattern that is favorable for green light is forgotten, and vice
versa.
An extra ingredient is needed.
If there are too many output cells ring, all thresholds are raised.
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Function of this mechanism is to keep activity as low as possible, and it results in setting up
brain in a critical state.

To think clearly you have to keep cool!
If activity becomes too low, for instance if brain is asleep with no output, thresholds of all
neurons are lowered and more neurons re.
The monkey becomes hungry and activates brain.
Note that all of these processes are biologically reasonable; they can be performed by
chemicals being sent around in brain without a speci c address.
Figure shows performance, measured as relative number of output neurons that are ring
correctly.

After an initial period of very erratic response, which we call the learning period, toy brain
eventually learns to switch quickly back and forth between correct responses.
Transition is clearly very sharp.
The Brain and River Networks
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What happens inside network during the learning process?

Through complicated organizational process, system creates internal contacts or connections
between selected parts of input signal and correct output cells.
Process can be thought of as formation of a river network with dams (thresholds).
When output is incorrect riverbeds are raised ( ring connections are weakened) and dams
are lowered (thresholds are lowered), which causes water to ow elsewhere; this is process of
thinking.
During that period there is an increased activity in brain.
If at some point response happens to include correct cells, riverbeds are deepened but all
dams are raised, which prevents signal from going elsewhere.
System tries to lower activity as much as possible while still connecting with correct output.
At some point thresholds will become too high and output becomes too low (monkey
loses concentration), but system immediately responds by lowering threshold.
Small amount of random noise prevents network from locking into wrong patterns, with
too deep riverbeds, from which it cannot escape.
It allows network to explore new possibilities.
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Process is somewhat similar to mechanism for evolution model.

Ability of fast switching is related to system operating at critical point.
Signal is barely able to propagate through system.
Flow pattern is very similar to critical river networks, and does not look like a ooded
system with large lakes.
A traditional neural network model corresponds to system with roughly half
neurons ring at all times, resulting in poor communication.
At critical point, system can easily switch from state in which one system of rivers is
owing to state in which another system of rivers is owing to different output.
We exploit high susceptibility of critical state.
Network is robust to damage.
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After 150,000 steps, a block of thirty neurons was removed from network.
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During periods of low tness (improper connections with output) there is relatively great
activity where system tries many different connections until it nds state with correct
connections (high tness), in which most of neurons are passive, just as species in
evolution model have tnesses above threshold in periods of stasis, in which they have
learned to connect properly with environment.

After transient period network had relearned correct response by carving new rivers in
network.
Performance is shown in gure.
In other words, instead of using some
features of input signal, system learns
to use other features.
Think of this as replacing vision with smell.
Toy brain model, however, is not a realistic model of brain.
Its sole purpose is to demonstrate that aspects of brain function can be understood from a
system starting with a minimum amount of structure.
Ability of brain to function is intimately related to its dynamics, which organize knowledge
about outer world into critical pathways of ring networks in an otherwise quiet medium.
Criticality allows for fast switching between different complicated patterns without
interference.
Memory is encoded as a network of riverbeds waiting to be lled up under relevant external
stimulus.
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Feedback between reality and individual through perception of physical world determines
interconnected structure of brain.

More Discussion on Self-Organization and the Brain - Part 2
The human brain is the most complex system we know in the world.
It is composed of up to 100 billions neurons (and glia cells) which are strongly interconnected.
For instance, a single neuron can have more than 10,000 connections to other neurons.
The central question is: who or what steers the numerous neurons so that they can produce macroscopic
phenomena such as the coherent steering of muscles in locomotion, grasping, vision i.e. in particular
pattern recognition, decision making etc.
Movement
In movement and cognitive neuroscience, some 1980s experiments and theoretical modeling have
become a paradigm for self-organization in biological systems.
Experiments informed subjects to move their index ngers in parallel and then to increase the movement
speed.
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At a critical value of speed an entirely involuntary spontaneous transition to symmetric nger movement
took place ( Figure 1).

Using the concepts of control parameters and order parameters it was predicted that there must be
phenomena known from the theory of non-equilibrium phase transitions, namely hysteresis, critical
slowing down and critical uctuations ( Figure 2).
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you can study details in gure above……..

The experiments clearly showed the existence of these phenomena which ruled out especially the notion
of the brain acting as a computer.
Subsequent experiments measuring the magneto-encephalographic activity of the sensorimotor cortex
revealed a spontaneous transition between different brain activities close to the transition point.
Detailed analysis and theoretical modeling revealed the existence and action of order parameters. i.e., it
appears as if close to the transition point the system is governed by only a few order parameters.
The phenomenon of self-organization becomes also manifest in experiments in which a subject has to
learn to move on a pedalo ( Figure).

The detailed analysis shows that during the learning period, the number of degrees of freedom used is
more and more reduced and nally the system is governed by only one complex order parameter.
Again, uctuations can clearly be seen.
Visual perception
A further manifestation of self-organization can be found in vision.
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Typical phenomena are bistability of vision, where the same picture causes quite different perceptions
(Figure)

vision bistability

and hysteresis (Figure) where the perception seen depends on previous experience.

hysteresis effect

A large class of phenomena consists of the perception of ambiguous patterns i.e. vase/face (Figure),
Necker-cube, old woman/young woman etc. where the perceptions oscillate back and forth between two
or more different interpretations.
All these phenomena can be modeled as self-organization processes in terms of spatial complexity.

Typical examples of self-organization can also be observed when local electric elds of the brain are
measured in experiments mainly done on cats and monkeys.
When an anesthetized cat sits in front of a screen on which two bars are moving in the same direction
and at the same speed, then the ring of two groups of neurons at different locations in the visual cortex
becomes correlated.
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On the other hand, this correlation effect breaks down when the bars move in opposite directions.

The experiments and their theoretical modeling mentioned above are only a small section out of a huge
variety of other approaches which aim at demonstrating that the human brain or, more generally
speaking, any brain, acts by means of self-organization.
Here self-organization was studied in the context of cognitive function.
Self-Organization can also be observed in the growth of brains.
Relevance to the mind-body problem
All these studies are intimately and even unavoidably connected with the mind-body problem including
the question of free will.
One general remark should suf ce here, though the eld is extremely wide.
Within the framework of theoretical modeling by means of the concepts of spatial complexity, the
following picture evolves at least with respect to pattern recognition.
As we know, neurons act at time scales of milliseconds, whereas perceptions evolve in times of half a
second to few seconds.
Thus we have a typical timescale separation which plays a fundamental role in spatial complexity.
According to it, at the long-time scale, order parameters are acting while at short-time scales the
individual parts act and are enslaved by the order parameters.
This leads to the concept of circular causality which holds for many self-organizing systems.
Close to a transition point collective variables, i.e. order parameters come into existence by means of the
cooperation of the individual parts.
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On the other hand, the order parameters determine (and enslave) the individual parts.

This is the idea of circular causality: order parameters, individual parts, order parameters etc..
We may start this circle with the individual parts, go one way round and then observe that the individual
parts nd their coherent action by themselves.
Or we start from the order parameters, go the circle around and nd that the order parameters determine
their behavior.
In this case, an enormous information reduction takes place, because only little information is needed to
describe the order parameters.
Such a picture in which purely mathematical relations are used, allows different philosophical
interpretations.
A materialist will say that the primary agent is provided by the individual parts, i.e. the neurons.
In idealism one may say that the functioning is governed by an immaterial agent, namely the order
parameters.
Finally one may adopt also the idea that both are just two sides of the same coin as expressed by
Spinoza.
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Evidently, ontology comes in, when brain function is dealt with.

The Critical Brain - Part 3
Why do we need a brain at all?
In a sub-critical world everything would be simple and uniform - there would be nothing to learn.
In a supercritical world, everything would be changing all the time in a chaotic way - it would be
impossible to learn.
The brain is necessary for us in order to navigate in a complex, critical world.
A brain is able not only to remember, but also to forget and adapt to a new situation.
In a sub-critical brain memories would be frozen.
In a supercritical brain, the patterns would change all the time so no long term memory would be
possible.
This leaves us with one choice - the brain itself has to be in the in-between(boundary) critical state.
Using physics terminology, it is the high susceptibility of the critical state which makes it adaptable.
Actually, Alan Turing, some time ago, speculated that perhaps the working brain needs to operate at a
barely critical level, in order to stay away from the two extremes - namely the too correlated sub-critical
level, and the too explosive supercritical dynamics.
In traditional neural network models, the goal has typically been to have the desired patterns represented
by very stable states.
In the Hop eld model, for instance, the patterns correspond to deep energy minima in a spin glass model.
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This represents the traditional Hebbian picture where synapses connecting ring neurons are
strengthened.

Once the desired memory has been encoded, it is hard to adapt to a new situation when the environment
changes, because the deep minima have to be removed by a dynamical process.
Traditional models are sub-critical.
Moreover, the learning process takes place by having an external teacher, a computer algorithm that sets
the strengths of the neural network connections.
It is hard to see how this can be accomplished without the intervention of an external agent. The learning
process of the neural network is not self-organized.
Chialvo and Bak have suggested an alternative scheme, which at least in principle could act as a
paradigm for real brain processes.
Learning from Mistakes
Recall that in the evolution model, criticality, and hence complexity, was achieved by extremal dynamics
where the least t species were weeded out.
Chialvo and Bak used a similar mechanism for brain functioning, with the synapses playing the role of
the individual species.
Whenever a poor result is achieved, all the synapses which red in the process are democratically
punished.
However, good behavior is not rewarded at all; the reward system is all stick and no carrot. There is no
Hebbian strengthening of successful synapses.
While the model is grossly simpli ed, the features of the model are all biologically plausible.
The topology of the network is not very important.
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For simplicity, let us consider neurons arranged in the layered network in Figure, where k represents the
outputs, i the inputs and j the middle layer.

Each input is connected with each neuron in the middle layer which, in turn, is connected with each
output neuron, with weights W representing the synaptic strengths.
The network must learn to connect each input with the proper output (which is pre-determined) for any
arbitrary associative mapping.
The weights are initially randomized, 0 < W < 1.
The dynamical process in its entirety is as follows:
An input neuron is chosen.
The neuron jm in the middle layer with the largest w(j,i) is ring.
Next, the output neuron km with the maximum w(k,jm) is ring.
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If the output k happens to be the desired one, nothing is done, otherwise w(km, jm) and w(jm , i) are both
depressed by a xed amount.

The iterative application of this rule leads to a convergence to any arbitrary input-output mapping.
Since there are no further changes once the correct result has been achieved, the proper synapses are only
barely stronger than some of the incorrect synapses.
Supposed now that the environment changes, so that a different connection between input and output is
correct.
The neurons which red and led to the previously correct output are now punished, allowing new
connections.
Eventually that pattern will also quickly be learned.
The reason for quick re-learning (adaptation) is simple.
The rule of adaptation assures that synaptic changes only occur at neurons involved in wrong outputs.
The landscape of weights is only re-shaped to the point where the new winners barely support the new
correct output, with the old pattern only slightly suppressed.
Thus, only a slight suppression of a currently active pattern is needed in order to generate new patterns
when need be.
In particular, re-learning of “old” patterns which have been correct once in the past is fast.
This feature can be strengthened if the synapses which have never been ring when a good result was
achieved are punished more than synapses whose ring has previously led to a good result.
The landscape of synaptic strength in our model after many learning cycles consist of very many values
which are very close to those of the active ones, a manifestation of the critical nature of the state.
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Figure shows a snapshot of the synaptic strengths.

The synapse indicated by an arrow is a currently active one, associated with a correct response.
Other neurons near the active surface have strengths located slightly below the critical surface.
One can imagine that “thinking” is the process of sifting through, and suppressing, patterns which once
have been correct, until a combination leading to a good result is achieved.
Bits and pieces of patterns that have previously been successful are utilized.
Old memories are located at the same spot where they have always been - they have simply been slightly
suppressed by more recent patterns.

The biological plausibility of the schema depends on the realization at the neuronal level of two crucial
features:
a) Activity propagates through the strongest connections, i.e. extremal, or winner-take all, dynamics.
This can be ful lled by a local circuit organization, known to exist in all cortices, where the ring of
other neurons is shut off by lateral inhibitory connections.
b) Depression of synaptic ef cacy involves the entire path of ring neurons.
A process must exist such that punishment can be relayed long after the neuron has red, when the
response from the outer world to the action is known.
Chialvo and Bak conjectured a mechanism of “tagging” synapses for subsequent punishment, or long
term depression (LTD), analogous to (but mirroring) recently reported tagging of synapses for long term
potentiation (LTP).
The feed-back probably takes place through the limbic system of neurons, situated in the neck, which
spray the large areas of the brain.
One could imagine that this global feed-back signal affects all neurons which have recently red, causing
plastic changes of the synaptic connections.
The limbic system is disconnected when dreaming, which could explain why we generally do not
remember our dreams.
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Actually, long-distance, long-term synaptic depression has been directly demonstrated by Fitzsimons et
al in cultured hippocampal neurons from rat embryos.

In addition to giving insight into mechanisms for learning in the brain, the ideas presented here could be
useful for arti cial learning processes, for instance in adaptable robots.
These possibilities are currently being investigated and appear promising.
Historically, many processes that were considered to be examples of directed learning have been shown
to be caused by selection.
The Larmarquean theory of evolution as a learning process, where useful acquired features are
strengthened, was replaced by the Darwinian theory of evolution as a selection process, where the un t
species are weeded out.
A similar paradigm shift occurred in immunology through the theory of clonal selection.
Ironically, if the philosophy represented by the Chialvo-Bak model is correct, learning in the brain is not
a (directed) learning process either.
It is also an example of a co-evolutionary selection process where incorrect connections are weakened.
The paradigm of science in the second millenium, reductionism, is insuf cient to explain complexity in
nature.
There appears to be a need for an outside organizing agent who ne tunes the natural world and puts the
building blocks together.
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Many speculate that, instead of this agent, co-evolutionary selection leading to a critical state by
removing untenable parts may be the fundamental organizing principle leading to all the possible
complexity in the universe.

Finally, let us look at……..
The Future of Arti cial Intelligence is
Self-Organizing and Self-Assembling
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https://sebastianrisi.com/self_assembling_ai/

This report is from a group of researchers that combines ideas from deep learning with ideas
from self-organization and collective systems.
One of the most fascinating aspects of nature is that groups with millions or even trillions of
elements can self-assemble into complex forms based only on local interactions and display,
what is called, a collective type of intelligence.
For example, ants can join to create bridges or rafts to navigate di cult terrain, termites can
build nests several meters high without an externally imposed plan, and thousands of bees
work together as an integrated whole to make accurate decisions on when to search for food
or a new nest.
Surprisingly, achieving these incredible abilities is a result of following relatively simple
behavioral rules and through a process of self-organization de ned as:
As a process in which patterns at the global level of a
system emerge from numerous interactions among lower
level components of the system. Moreover, the rules
specifying interactions among the system’s components are
executed using only local information, without reference to
the global pattern. In short, the pattern is an emergent
property of the system rather than being imposed on the
system by an external ordering in uence.
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Self-organizing systems are made out of many components that are highly interconnected.
The absence of any centralized control allows them to quickly adjust to new stimuli and
changing environmental conditions. Additionally, because these collective intelligence systems
are made of many simpler individuals, they have in-built redundancy and robustness.
Individuals in this collective system can fail, without the overall system breaking down.

Multicellular organisms learned to exploit self-organizatioal principles to self-assemble,
starting from a single egg cell and only through the process of local cell interaction during
embryonic development.
Similar to the robustness of swarms of organisms, the self-organization of cell populations is
remarkably robust to perturbations. In some animals, this goes as far as being able to
regenerate complete body parts, such as a salamander’s tail.
This type of self-repair is a common feature of self-organizing systems and interestingly does
not involve any additional processes:
The same self-organization process that built the
initial pattern can operate to repair the pattern.

Self-assembly vs. Engineering
While evolution was able to exploit self-organizational processes to create artifacts of
remarkable complexity, human-made designs are normally put together piece-by-piece,
requiring external interventions to function again when being damaged.
The process of self-assembly is very di erent from the typical notion of construction, i.e.,
engineering, requiring architects, blueprints, managers, construction workers, etc.
On the other hand, in biological construction, there is no clearly de ned blueprint that shows
the nal structure. Instead, our genes contain the information to make the structure by
controlling a sequence of events during morphogenesis.
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The self-assembling process of biological nervous systems is also distinctively di erent from
the way our current arti cial neural networks are designed and trained.

While biological networks are grown, arti cial neural networks are typically constructed by
humans and ne-tuned externally.
And while neural network-based approaches have shown amazing performance across many
di erent domains, current machine learning approaches often do not generalize well if
confronted with situations not seen during training. They are not robust!

The question arises: Could our arti cial neural networks and AI agents be made more robust
and adaptable by incorporating ideas from collective intelligence systems such as
self-organization?
One area of research that has already embraced ideas from collective intelligence - such as
self-assembly - is robotics.
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Here, researchers have developed swarm systems, in which robots have to work together to
solve tasks. One example is where a swarm of a thousand robots called kilobots
self-assemble into di erent target shapes solely based on local communication between
robots.

However, the robots still relied on speci c human-made rules to allow them to determine their
position in the global coordinate system and to assemble into a desired shape. There is a
long way to go!
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The question is: Can we instead of hand-designing rules for self-assembly, learn these rules
instead, allowing more complex forms to be created?

The question is: Can we instead of hand-designing rules for self-assembly, learn these rules
instead, allowing more complex forms to be created?
A model that naturally lends itself to studying self-organizing and developmental systems are
Cellular Automata. Originally proposed in the 1940s, Cellular Automata mimic developmental
processes in multi-cell organisms including morphogenesis.
A CA contains a grid of similarly constructed cells, which are updated periodically in discrete
time steps. At every time step, the status os each cell can be represented as a state, which is
then transitioned into the next state per the update rule. The speci c transition depends on
the current state of the cell and the neighboring cells.
Despite individual cells being
Video — glider gun
simplistic, the entire CA is
creating gliders in
capable of complex
Conway’s Game of
behaviors.
Life
Cellular Automata can aid in the
understanding of biological
pattern formations.
Instead of hard-coded CA rules, in Neural Cellular Automata (NCAs), a neural network learns
local rules based on communicated with its local neighbors, updating its internal state. In
other words, the same neural network is applied to each grid cell, for example, one group
trained NCAs through an evolutionary algorithm to grow particular 2D patterns.
In particular, the evolutionary algorithm trains both the NCAs neural architecture and its
weights. The input to the network are the states of the neighboring grid cells and the NCA’s
tness is determined by how closely the resulting pattern resembles the target pattern after a
certain number of growth(i.e., developmental) steps.
fi
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Learning to Self-assemble

Di erent target patterns
for the NCA to grow.
While evolution is able to nd NCAs that can successfully grow certain types of patterns,
training to grow slightly more complex target sturctures (such as the Nordic ag above) has
proven di cult.
The reason for this this is likely that the evolutionary optimization algorithm gets stuck in some
local maxima of the complex tness landscape.
Recent work has showed that, if a 2D target pattern is given, NCAs can be trained e ciently
by a process called “supervised gradient descent” to grow those patterns. Impressively, the
system could also be trained to be very resilient to damage; almost the whole image can be
removed and the system is able to regenerate. Thus, similar to the biological inspiration, the
same process that grows the initial pattern is able to repair it.
More recently, the approach has been extended. Speci cally, a 3D NCA was developed for
generating Minecraft structures and Minecraft machines.
The NCA was trained to grow structure with up to 3584 blocks and 50 unique block types. I
will not go into any Minecraft speci cs. The experiments show that, in most cases, NCAs
scale to #d e ectively, able to grow complex entities from a single cell.
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Images — Growing of 3D Minecraft artifacts and functional machines

The NCAs also hold the same regenerative properties as their 2D counterparts. For example,
the cut a grown caterpillar in half and the other half grew back into a fully functional caterpillar.
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These NCAs were tasked to grow a speci c target structure. Can they be trained to grow
structures with a speci c function instead of pre-specifying a particular design?
Recently, NCAs have been evolved capable of growing simulated soft robots able to
locomote. Here the cells have to learn to communicate in order to decide which of four
di erent materials they should become during the growth process. For example, red voxels
can be thought of as muscles that actively contract and expand while other materials such as
dark blue voxels are rigid and sti . The new NCAs can grow, locomote and regenerate via
local interactions.

Self-organized control
Exploiting ideas from self-organization has allowed approaches such as NCAs to create
images, robot morphologies, and even functional Minecraft machines that are robust to
damage and perturbations.
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Question arises: Can we adapt the ideas we have been talking about into deep neural
networks to endow them with similar bene ts?

Combining self-organizational principles with machine learning goes back to the 1980s. An
example is self-organizing maps (SOMs), an unsupervised learning approach that builds on
abstractions of biological networks and biological morphogenesis. Lately, explorations have
been in the direction of reinforcement learning.

Parameter Sharing in Self-Organizing Systems to Increase
Generalization

The amount of information it takes to specify the wiring of a sophisticated brain directly is far
greater than the information stored in the genome. Instead of storing a speci c con guration
os synapses, the genome encodes a much smaller number of rules that govern how to wire up
a brain through a self-organizing process and how synapses should change based on the
activation of neurons - amazing compression = “genomic bottleneck” and neuroscience sems
to suggest that this limited capacity has a regularizing e ect that results in wiring and
plasticity rules that generalize well.
Has been shown that by allowing multiple connections in a neural network to share the same
local learning rule, it is possible to reduce the number of trainable parameters, while
simultaneously obtaining a more robust agent.
Learning learning rules through self-organization.
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Instead of starting with a large number of rules and then merging them over time, it is also
possible to directly start with a network with shared parameters. Shown that multiple smaller
recurrent neural networks (RNNs) self-organize, resulting in the emergence of a global learning
algorithm. The RNNs all have the same weight parameters but the internal hidden states can
be different, allowing the network to learn its own learning algorithms.

The self-organizing properties and sharing the same weights allow these networks to learn
learning algorithms that generalize well. Currently only works for small-scale problems and can
get stuck in local optima. This fact points towards an open challenge with these types of selforganizing systems: they can be very hard to optimize.
Learning to be robust to unseen and permutated sensory inputs.
Incorporating ideas from self-organization has recently also allowed neural networks to become
more resilient to disruptions in their inputs. If the inputs are fed into separate but identical
neural networks, which can learn to integrate the locally received information (through a
mechanism called attention) and still work even when the order of inputs is permutated.

Controlling the Uncontrollable or How to train your Self-Organizing
Systems
We have seen that arti cial self-organizing systems are able to display some of the bene ts of
their biological counterparts. At the same time, it is also becoming clear that these types of
collective systems can be dif cult to train, which is due to two main reasons: (1) The rst is that
these systems are hard to control. Because there is no one entity in charge, controlling a selforganizing system is to try to nudge it into the right direction or:
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Guiding a swarm system can only be done as a
shepherd would drive a herd: by applying force at
crucial leverage points, and by subverting the natural
tendencies of the system to new ends

(2) These systems are unpredictable, which means there is no analytical mathematical model
that could tell us directly the outcome of the self-organizing process. We know that we can not
even predict the outcome of simple developmental systems directly, such as some 1D cellular
automata, but unfolding over time (i.e. actually running the program that grows the pattern) is
necessary to observe the outcome. What is the case for simple 1D CAs also holds true for
biological nervous systems, which need time and energy to unfold in an algorithmic process.
The self-assembling brain knows no shortcuts.
Living systems can construct and repair themselves, learn robustly from varying sensory data,
and still function in novel environments. The combination of deep learning with ideas from
collective intelligence is recently starting to capture the interest of the larger machine learning
community. The merger of these ideas points the way towards more robust and resilient
arti cial systems. We can now grow complex 3D artifacts, simulated soft robots that can
recover from damage, self-assembling modular robots that generalize to unseen morphologies,
or neural networks that can deal with permutated inputs. By capitalizing on the same ideas that
allowed biological systems to strive, we will be able to signi cantly expand the range of tasks
we can apply our AI approaches to.
That is enough in this area - I just wanted to give you a avor……
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Now to other examples…………………

On Economics and Traf c Jams
So far have proceeded from astrophysics to geophysics, and from geophysics to biology
and brain.
Now take yet another step in hierarchy of complete phenomena, into boundary between
natural world and social sciences.
Humans interact with one another.
Is it possible that dynamics of human societies are self-organized critical processes?
After all, human behavior is a branch of biology, so why should different laws and
mechanisms be introduced at this point?
Here two speci c human activities will be considered, namely economics and traf c.
Perhaps these phenomena are simpler than other human activities.
At least, activities can be quanti ed and measured, in terms of prices, volumes, and
velocities.
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That might be reason that economics exists as discipline independent of other social
sciences.

Equilibrium Economics Is Like Water
Traditional equilibrium interpretations of economics resemble description of water owing
between reservoirs.
Goods and services ow easily from agent to agent in amounts such that no further ow or
trade can be advantageous to any trading partner.
A small change in economy, such as a change in interest rate, causes small ows that adjust
imbalance.
Speci cally, consider two agents each having a number of apples and oranges.
One has many oranges and few apples, other has many apples and few oranges.
Since having too many apples or oranges may not be desirable, they trade some of their
apples and oranges.
Before trading, oranges are worth more for agent with too few oranges than for other agent.
They trade precise amount such that oranges are worth exactly same as apples for
two agents, which removes any incentive for further trading.
At that point it is not to anybody's advantage to trade further.
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Agents are assumed to be perfectly rational, so they both know how many apples to buy
and sell, and what exchange rate should be.

They are perfectly predictable.
In the water ow analogy, water in two connected glasses of water will ow from one glass to
the other until equilibrium point where levels in two glasses are same.
In equilibrium systems, everything adds up nicely and linearly.
Trivial to generalize to many agents; simply corresponds to connecting more glasses of
water.
Effect on water level from adding several drops of water is proportional to number of drops.
One does not have to think about individual drops.
In physics, refer to this kind of treatment where only a global macrovariable, such as water
level, is considered as a mean eld approximation.
Traditional economics theories are mean eld theories in that they deal with macrovariables,
such as gross national product (GNP), unemployment rate, and interest rate.
Economists develop mathematical equations that are supposed to connect these variables.
Differences in individual behavior average out in this kind of treatment.
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No historical accident can change equilibrium state, since behavior of rational agents
is unique and completely de ned.

Mean eld treatments work quite well in physics for systems that are either very ordered
or very disordered.
However, they completely fail for systems that are at or near a critical state.
Unfortunately there are many indications that economics systems are in fact critical.
Traditional economics does not describe much of what is actually going on in real world.
There are no stock market crashes, nor are there large uctuations from day to day.
Contingency plays no role in perfectly rational systems in which everything is predictable.
Equilibrium economics does not even work for simple example of - agents trading apples
and oranges.
Neither one knows how much oranges and apples are worth for other agent.
When offering apples for sale, they may sell too cheaply, or ask too high a price, so that
proper equilibrium will never be reached.
They may end up with more apples than they want.
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Agents in reality are not perfectly rational.

In discussions with traditional economists, one might argue that their economics theory has
to include me, and that I certainly am not perfectly rational, as they themselves argue so
convincingly.
Obsession with simple equilibrium picture probably stems from fact that economists long ago
believed that their eld had to be as scienti c as physics, meaning that everything had to
be predictable.
What irony!
In physics detailed predictability has long ago been devalued and abandoned as a largely
irrelevant concept.
Economists were imitating a science whose nature they did not understand!
Perfect rationality makes things nice and predictable.
Without this concept, how can you characterize degree of ignorance among agents, and
how can you then predict anything?
There exists a stubbornness to give up the ideas of perfect rationality.
Absurdity of perfect rationality concept in a world of real people is clear.
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But many still prefer the perfect rationality concept.

Real Economics is Like Sand
But economics is like sand, not like water.
Decisions are discrete, like grains of sand, not continuous, like level of water.
There is friction in real economics, just like in sand.
We don't bother to advertise and take our apples to market when expected payoff of
exchanging a few apples and oranges is too small.
We sell and buy stocks only when some threshold price is reached, and remain passive in
between, just as crust of the earth is stable until force on some interface exceeds a
threshold.
We don't continually adjust our holdings to uctuations in market.
In computer trading, this threshold dynamics has been explicitly programmed into our
decision pattern.
Our decisions are sticky.
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This friction prevents equilibrium from being reached, just like friction of sand prevents pile
from collapsing to a at state.

Economists close their eyes and throw up their hands when it comes to discussing market
uctuations, since there cannot be any large uctuations in any equilibrium theory.
"Explanations for why the stock market goes up or down belong on the funny pages",
says Claudia Goldin, an economist at Harvard.
If this is so, one might wonder, what do economists explain? - why is he paid?
Various economic agents follow their own, seemingly random, idiosyncratic behavior.
Despite this randomness, simple statistical patterns do exist in behavior of markets and
prices.
Already in 1960s, a few years before his observations of fractal patterns in nature,
Benoit Mandelbrot analyzed data for uctuations of prices of cotton and steel stocks and
other commodities. Mandelbrot plotted a histogram of monthly variation of cotton prices.
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He counted how many months variation
would be 0.1% (or -0.1%), how many
months it would be 1%, how many
months it would be 10%, etc as shown
right.
fl
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This totally changes nature and magnitude of uctuations in economics.

He found a Levy distribution for
price uctuations, as shown.
Important feature of Levy
distribution is that has power
law tail for large events, just like
Gutenberg-Richter law
for earthquakes.
His ndings have been largely
ignored by economists, probably
because they don't have faintest
clue as to what is going on.
Traditionally, economists would disregard large uctuations, treating them as atypical and
thus not belonging in a general theory of economics.
Each such event received its own historical account and was then removed from data set.
One crash would be assigned to introduction of program trading, another to excessive
borrowing of money to buy stocks.
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Also, they would detrend or cull data, removing some long-term increase or decrease in
market.

Eventually they would end up with a sample showing only small uctuations, but also totally
devoid of interest.
Large uctuations were surgically removed from sample, which amounts to throwing baby
out with bathwater.
However, fact that large events follow same behavior as small events indicates that one
common mechanism works for all scales just as for earthquakes and biology.
How should a generic model of an economy look?
Maybe very much like punctuated equilibrium model for biological evolution described
earlier.
A number of agents (consumers, producers, governments, thieves, and economists,
among others) interact with each other.
Each agent has a limited set of options available.
Exploits options in an attempt to increase happiness (or utility function as economists call
it to sound more scienti c), just as biological species improve tness by mutating.
This affects other agents in economy who now adjust behavior to new situation.
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Weakest agents in economy weeded out and replaced with other agents, or they modify
their strategy, for instance by copying more successful agents..

This general picture has not been developed yet.
However, there is simpli ed toy model that offers a glimpse of how a truly interactive,
holistic theory of economics might work
Simple Toy Model of a Critical Economy
Consider a sandpile-type model of economics.
Idea was to construct a simpli ed network of consumers and producers.
Model was a very productive, though rather painful, collaboration, re ecting very different
modes of operating in physics and economics.
Theoretical economists like to deal only with models that can be solved analytically with
pen and paper mathematics.
Physics is a much simpler science than economics, but nevertheless very rarely are we
able to solve problems in mathematical sense.
i.e., even world's most sophisticated mathematics is insuf cient to deal rigorously with many
problems in physics.
Sometimes use numerical simulations; sometimes use approximate theories.
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Surely, some of these approximations must look horrifying to pure mathematician.

However, although sometimes based on sheer intuition, they work well and provide good deal
of insight into relevant physics.
Physicist performs one dirty mathematical trick after another.
Invariably, however, there is mathematician running after him, who will eventually almost
catch up with him and yell, "It was all right what you did”. Dirac is an example!
It appears to me that economics, because of the complexity of systems involved, does
not call for nor should it expect exact mathematical solutions.
Indeed, model that was developed, despite its simplicity, could not be solved mathematically.
Numerical simulations were done on model.
Indeed, model was critical, with avalanches of
all sizes.
Continued work on problem eventually led to
model that could be solved mathematically
without sacri cing scienti c content, to
everybody's satisfaction.
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The model is illustrated in in the gure(right).

A network of producers, who each buy goods from two vendors, produce goods of their
own, and sell them to two customers.
Producers may start process by having random amounts of goods stored, or they may start
with nothing.
Makes no difference.
At beginning of each period, say each week, producers
receive orders of one or zero units from each customer.
If they have suf cient amount of goods in stock, they
transfer it to customers;
if not, they send orders to their two vendors, receive one
unit from each, and produce two units to ll order.
If they have one unit left after these transactions, they store it until next week.
Each producer thus plays dual role of selling to his customers, and buying from his vendors.
Process starts at upper row in network, which represent consumers, and ends at bottom row,
which represents producers of raw materials.
First, considered situation where each week there would be a single shock triggering
economy with only one consumer demanding goods.
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Initial demand leads to a trickle-down effect in network.

Figure below shows typical state of network, with each producer marked by number of goods
has in stock after completing previous week's trades.
An empty circle indicates zero units, a full circle one
unit.
First vendor has nothing in stock.
Receives two units from vendors, sells one unit to
consumer, and keeps one unit in stock for next week.
Vendors actually did not have demanded products in
stock, and had to send orders further down in network.
After number of events, avalanche stops.
Figure shows extent of avalanche, and amount
vendors have in stock at end of week.
Thus, small shocks can lead to large avalanches.
Contribution of event to GNP is area of avalanche,
that is total amount of goods produced during avalanche.
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Could solve model because could relate to another model
that had previously been solved by Deepak Dhar at Tata
Institute in Bombay, in context of sandpiles.
Model is directional, in sense that information is only
transmitted down in network, not up.
Dhar showed that distribution of avalanches is a power law

N (s) = As
with ⌧ = 4/3

⌧

.

To go from power law to Levy law observed by Mandelbrot,
one considers situation in which each week there are
several customers, and not just one, each demanding
nal goods.
Each demand leads to an avalanche, so each day there
are many avalanches of different sizes.
Can show rigorously that for very many customers result
of distribution of total activity is Levy function.
Able to demonstrate by means of simple mathematical calculation that would satisfy any
physicist's demand for rigor.

Nevertheless, methods did not satisfy very demanding economists, who didn't yield before
they found formula for how to add power law distributed random variables to arrive at Levy
distribution in some mathematics textbook.
Fluctuations and Catastrophes Are Unavoidable
Conclusion is that large uctuations observed in economics indicate an economy operating
at self-organized critical state, in which minor shocks can lead to avalanches of all sizes,
just like earthquakes.
Fluctuations are unavoidable.
No way can stabilize economy and get rid of uctuations through regulations of interest
rates or other measures.
Eventually something different and quite unexpected will upset any carefully architectured
balance, and there will be a major avalanche somewhere else in system.
In contrast to our critical economy, equilibrium economy driven by many independent minor
shocks would show much smaller uctuations.
Those uctuations given by a Gaussian curve, better known as bell curve which has
negligible tails.

fl

fl

fl

fl

fl

No possibility of having large uctuations or catastrophes in equilibrium economy.

Although economists do not understand large uctuations in economics, uctuations are
certainly there.
Karl Marx saw these uctuations in employment, prices, and production as a symbol of
defunct capitalistic society.
To him, capitalistic society goes from crisis to crisis.
A centralized economy would eliminate uctuations to bene t of everybody or at least
working class.
Marx argued that a large avalanche, namely revolutions, is only way of achieving qualitative
changes.
Alan Greenspan, former chairman of the Federal Reserve, manipulated interest rates in
order to avoid in ationary bursts even with prospect of slowing down the economy.
Common to Greenspan's and Marx's view is notion that uctuations are bad and should
be avoided in a healthy economy.
If economics is indeed organizing itself to a critical state, it is not even in principle possible
to suppress uctuations.
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Of course, if absolutely everything is decided centrally, uctuations could be suppressed.

In sandpile model, can carefully(central government) build sandpile to point where all
heights are at their maximum value, Z = 3.
However, amount of computations and decisions that have to be done would be
astronomical and impossible to implement.
And, more important, if one indeed succeeded in building this maximally steep pile, then
any tiny impact anywhere would cause an enormous collapse.
Soviet empire eventually collapsed in a mega-avalanche (not predicted by Marx).
But maybe, as we shall argue next in a different context, most ef cient state of economy is
one with uctuations of all sizes.
The Two Faces of Emergence in Economics
In Economics, not one de nition of Emergence that universally agreed upon, progress in eld
does not need one.
For purposes here, will use stripped down de nition while not common to all emergent
processes, does summarize what is core of most examples.
These core characteristics include:
(1) At least two levels of organization,
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(2) A multitude of individual agents at lower level of organization who operate by following
simple rules, and

(3) An aggregate outcome at higher level that results from interaction of these individual
agents, but not easily derivable from rules that individual agents follow.
Many times, therefore, this aggregate outcome comes as surprise to observer because nothing
in rules at lower level seem to predetermine aggregate outcome.
If take these three characteristics -> canonical representation of Emergence, then Economics
was 1st discipline to have emergent processes at core.
In 1776, Adam Smith wrote The Wealth of Nations:
It is not from the benevolence of the butcher, the brewer, or the
baker that we expect our dinner, but from their regard to their
own interest. We address ourselves, not to their humanity but to
their self-love, and never talk to them of our own necessities but
of their advantages (Book I, Chapter 2) ... every
individual...neither intends to promote the public interest, nor
knows how much he is promoting it...he intends only his own
security; and by directing that industry in such a manner as its
produce may be of the greatest value, he intends only his own
gain, and he is in this, as in many other cases, led by an invisible
hand1 to promote an end which was no part of his intention. Nor
is it always the worse for the society that it was no part of it. By
pursuing his own interest he frequently promotes that of the
society more effectually than when he really intends to promote
it. (Book IV, Chapter 2)

Above quotations from The Wealth of Nations are most famous in all of economics, and
remain central dogma of discipline to this day.
What distinguishes economist from other social scientists (and other people in general) is faith
that self interest at lower level, when channeled through competitive markets, will result in
bene cial outcome at aggregate level.
Modern economics has discovered many exceptions to this rule, but they remain exceptions
and Adam Smith’s insight remains primary rule.
With exception of evolutionary biology, there is no modern academic discipline that has a
concept of emergence so rmly at its core.
This gives some food for thought when applied to economics in general.
Maybe Greenspan and Marx are wrong.
Most robust state for an economy could be decentralized self-organized critical state of
capitalistic economics, with uctuations of all sizes and durations.
Fluctuations of prices and economic activity may be a nuisance (in particular if it hits you),
but that is the best we can do!
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The self-organized critical state with all its uctuations is not the best possible state,
but it is the best state that is dynamically achievable.

Discussion organized as follows:
(1) Providing technical knowledge of economics necessary to follow arguments.
(2) Introduce two explicit emergent models that reach conclusions which are at variance with
sunny vision of Adam Smith.
(3) Finally, discuss Macroeconomics where emergent modeling has not proceeded very far but
where very much needed.
Economic Theory and Practice
Gold Standard in economics is economic ef ciency (or Pareto ef ciency).
An allocation of resources is ef cient if is impossible to make any one person better off without
making someone else worse off.
At ef cient allocation, all waste has been squeezed out of system in sense that only way to
improve well being of one person is by taking resources away/harming someone else.
At ef cient allocation, all possibilities for mutually improving well being of individuals have been
exhausted.
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Economics is, in essence, study of how to know when these conditions are met, when they are
violated, and what to do when they are violated.

Adam Smith never used phrase “economic ef ciency” and did not know formal conditions
under which could be achieved.
However, when economics formalized in 19th century, became clear that under suitable
assumptions, competitive markets, of kind Adam Smith championed, would achieve economic
ef ciency.
Insight so central to modern economics -> First Fundamental Theorem of Welfare Economics.
Also became clear (not formalized until 20th century) that many of institutions that Adam Smith
condemned, such as monopolies, resulted in economic inef ciency.
Corpus of knowledge developed after Adam Smith, which in so many ways con rmed his
intuitions -> Neoclassical or Walrasian economics.

Curious thing about Neoclassical economics is that economy is not modeled as emergent
process, in fact quite opposite.
Neoclassical tradition so far removed from Emergence that many of its central propositions can
be derived from, and illustrated by, economy with just 1 individual.
1 individual called “the representative agent” or with more literary air, Robinson Crusoe.
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Economists use Robinson Crusoe economy as pedagogic tool to derive conditions for
economic ef ciency.

If only have 1 person, economic ef ciency is synonymous with Robinson behaving sensibly
and not wasting any of his resources.
Robinson Crusoe economy enables economists to turn what is hard problem of market
analysis into what is, in essence, an engineering problem as Robinson seeks to maximize his
lifetime utility.
Modern economists have become so accustomed to using Robinson Crusoe as explanatory
tool, that may not realize how much of Adam Smith’s original insight is lost.
For Smith, what was surprising was that individuals motivated by self-interest could
nevertheless promote interest of society.
In Robinson Crusoe economy, there is no society, and is completely unsurprising that
Robinson Crusoe promotes own self-interest.
While not all propositions in Neoclassical economics can be understood by studying an
economy with 1 individual, surprising how many can.
Still, surprise diametrically opposed to Adam Smith’s surprise.
What made Smith’s insight so remarkable was that there was disconnect between two levels of
analysis: rule at level of individual was self-interest, but what emerged at societal level was
economic ef ciency.
In Robinson Crusoe correspondence, rule at level of individual is optimization and outcome at
societal level is Pareto ef cient/optimal allocation.
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Nothing surprising about optimality owing from behavior of an individual to an entire economy
when economy contains only1 individual.

Welfare Theorem is rigorously proved proposition that does not conceive of economy as one
large individual.
Problem comes when economists start making positive statements about real economy on
basis of a representative agent.
Conditions under which behavior of entire economy can be predicted from behavior of one
individual are very severe.
Basically amount to assuming that everyone in economy is identical in terms of tastes and
income.
Never true.
Simplest possible example, if is case that when sh are running, Robinson spends more time
shing because price of sh in terms of foregone leisure has declined.
Cannot conclude that for entire economy, demand for sh will go up as price falls.
First Fundamental Theorem of Welfare Economics does not guarantee correspondence.
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What Theorem guarantees is that if economy is competitive and certain other assumptions
hold, then when price of sh falls, whatever outcome emerges will be ef cient.
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Should be emphasized that First Fundamental Theorem of Welfare Economics is not form of
misplaced anthropomorphism.

The Dark Side of Emergence
So, rst face of Emergence in economics, which comes down from Adam Smith, is very
positive one:
road to heaven may be paved with bad intentions.
Agents acting sel shly can, nevertheless, create aggregate outcome such that is impossible to
make someone better off without making someone else worse off.
Amazingly strong statement.
As Nobel Laureate Kenneth Arrow wrote in General Competitive Analysis, textbook that
codi ed Neoclassical economics for generation of economists:
the notion that a social system moved by independent actions in pursuit of different
values is consistent with a nal coherent state of balance, and one in which the
outcomes may be quite different from those intended by the agents, is surely the most
important intellectual contribution that economic thought has made to the general
understanding of social processes

The Schelling Segregation Model:
First economist to create emergent model whose outcomes were not socially desirable was
Thomas Schelling in Micromotives and Macrobehavior (1978).
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Schelling analyzed how neighborhoods would emerge given that people had some preference
to live near people like themselves.

Figure below(left) illustrates “society” where people (red and black dots) are distributed
randomly throughout space.
Each individual has 8 neighbors, and assume will move unless 3/8th (37.5%) of neighbors are
same color as themselves.
Not strong preference for segregation, and as result, in gure, 72.1% of people are happy meaning -> have at least 3 neighbors of same color.
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Nevertheless, when move people around until no one unhappy, gure below(right) emerges
which has substantial degree of segregation.

In rst gure, approximately 50% of ones neighbors shared same color, but second gure
number over 80%.
Surprise is that relatively mild preference for living with people of same color results in
substantial degree of segregation.
So rule at lower level, “move if less than 3/8ths of your neighbors are of the same color” results
in aggregate outcome where more than 80% are of same color.
Antz:
Schelling Model does not relate directly to economics.
While outcome is bad given a social preference for integration, one cannot say that
outcome is inef cient.
In fact, since in nal equilibrium everyone is
satis ed with their neighborhood, one could
say outcome is ef cient.
Of more relevance to economics is model
in next gure . encounters an ant of other
color.
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Ostensibly, model of ants who have nest in
middle of graph and forage for food from two
equidistant food sources (red and blue) at
edges of graph.

Are 3 kinds of ants: ants that have no source af liation, blue ants who forage at blue source,
and red ants who forage at red source.
Initially all ants have no af liation, but when they discover one of sources they become that
kind of ant and bring food back to nest and then go out again to that source.
If blue ant encounters unaf liated ant (one that has not yet discovered a source), then that ant
is recruited to become blue ant (similarly for red ants).
Final effect that makes model interesting is that an af liated ant that is not carrying food can
be converted to other color, with some probability, if
Possible economic applications for such a model are choosing to adopt one of two alternative
technologies, choosing to do business with one of two alternative rms, etc.
Model then neatly illustrates two opposing views of how this competition will evolve:
(1) Since food sources are equidistant from nest, equally plentiful, and ants initially move
randomly, one might think that 50% of ants will be red and 50% will be blue.
In context of model, this would be “competitive” outcome, and is what would be predicted
by what economists call Hotelling model - an equilibrium model of spacial competition.
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(2) Since ants can recruit and convert other ants that they meet, one might think that if one
source develops lead in ant af liation, it will build on that lead and ultimately all ants will be
of that color. Sometimes called“ rst stake in the ground” theory .

Which of these two outcomes emerges is not only of academic interest.
One of major driving forces behind stock market bubble of late 1990’s was belief that if rm
developed lead in internet customers, it would lock in that customer base and have very high
pro ts in future even if it was currently suffering severe loses.
What model shows is that, as expected, if there is no recruitment or conversion of ants,
Hotelling result emerges: approximately 50% of ants are red and 50% are blue.
Surprisingly, this result is essentially unchanged if there is recruitment but no conversion.
With recruitment and no conversion, ability of ants af liated with given source to recruit other
ants does not tip scales irreversibly to rst source found.
Fact that ants are randomly searching for source at beginning insures nearly equal split
between sources. In either case without possibility of conversion, model is in equilibrium when
all ants are af liated with some source, recruitment simply speeds this process up.
Next gure illustrates case of recruitment with
conversion rate of 75% and plots proportion of
red ants.
As can be seen, even after 15,000 periods model
does not settle into equilibrium, percentage of red
ants uctuates widely.
Why is this?
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Reason is complex interplay between positive
and negative feedback at work in model.

Positive feedback results from fact that when there are more ants of particular color, more likely
that an unaf liated ant will meet ant of that color and be recruited plus fact that there are more
“missionary” ants of that color to convert ants of opposing color.
If these were only mechanisms in operation, eventually
all ants would be of one color.
Negative feedback results from fact that when are more
ants of particular color, are necessarily more ants who
are not carrying food of that color.
For ants of other color, therefore, there are many
potential converts.
For ants of minority color, graph is target rich
environment.
If conversion rate set high enough, these two forces
continually at war with one another and neither of two
intuitions discussed above is correct.
Last gure illustrates danger in telling top-level stories or nding patterns in top-level
phenomena when underlying process is emergent.
Looking at time series in last gure, macroeconomists might analyze tops and bottoms of
percent red ants as peaks and troughs of business cycles and seek macroeconomic
explanations for their occurrence.
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Technical stock market analysts might look at pattern of percent red ants and claim to be able
to predict future movements.

There is lot of confusion in Emergence literature as to whether emergent phenomena are
necessarily random and/or unpredictable.
The Ant model is completely deterministic and in this sense completely predictable.
Where technical analysts go wrong is in assuming that one can predict movements in graph
based on past movements in graph.
In order to predict movements of red ants, one needs to know where every ant is and how it is
interacting with every other ant.
Non-linear deterministic processes in Chaos Theory are also predictable in above sense
because they contain no random elements, but computing power necessary to make these
predictions may be so large that distinction between “unpredictable in principle” and
“unpredictable in practice” may be mute.
But we know from how this model was constructed that telling aggregate stories of movements
during particular time periods is nonsense because all of observed phenomena were caused
by interactions at local level.
A New Kind of Economics
Just as there are multiple de nitions of Emergence, there are multiple descriptions of how an
economics based on emergent principles differs from traditional neoclassical/Walrasian
economics.
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As with my de nition of canonical emergence, I will state minimum set of characteristics that
distinguish what has come to be known as “agent based computational economics” from
traditional economics.

A fortiori, agent based computational economics is populated by heterogeneous agents.
I say a fortiori because it is in very nature of Emergence that agents interacting at local level
cannot be identical.
So, for example, in segregation model, agents differ by their initial position in grid and
therefore by who their immediate neighbors are.
Even if agents were initially programmed to be identical, their local interaction with one
another would be different and they would soon cease to be identical.
This necessary lack of a representative agent means that one cannot in emergence adopt
Robinson Crusoe methodology where economic ef ciency ows to whole economy from
maximizing behavior of one individual.
Still, heterogeneity in no way negates First Theorem of Welfare Economics.
A strength of First Theorem and of Walrasian economics is that both are perfectly capable of
dealing with any degree of heterogeneity.
So, while some economists see heterogeneity as a hallmark of agent based computational
economics, its real role is to eliminate possibility of using intellectually suspect Robinson
Crusoe methodology.
What fundamentally differentiates agent based computational economics from traditional
Walrasian economics is that economic activity occurs outside of equilibrium.
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Equilibrium is state of rest for any system: it is “state of balance” referred to in quotation from
Kenneth Arrow.

In segregation model, for example, equilibrium occurs when everyone is content with color
distribution of their neighbors.
This equilibrium not unique, if by unique mean an identical nal pattern of dots; it depends
critically on initial placement of dots and also on order in which people get to move.
Generally the case that once out of equilibrium trades or economic activity are allowed,
ultimate equilibrium, if there is one, will not be unique.
While existence of equilibrium important for analysis, uniqueness of equilibrium is not central
concern.
Essential question is whether equilibrium will be ef cient.
Under standard assumptions, what assures ef ciency in traditional Walrasian economics is
ctitious character called Walrasian auctioneer who aggregates all supply and demand
information and allows trading only market clearing prices.
In other words, equilibrium prices are rst established by auctioneer and then trading takes
place.
Never the case that someone wants to supply or demand something at current prices and
cannot nd willing buyer or seller.
Walrasian auctioneer is economics version of top-down coordinator, and is hallmark of
emergent processes that there is no such coordinator.
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Without auctioneer, one must generate nal equilibrium from local interaction of individual
agents. Under what circumstances such an equilibrium will be ef cient is open question.
fi
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Agent based models can certainly have equilibrium.

Instead of using traditional neoclassical/Walrasian analysis perhaps should be thinking in
terms of emergent processes.
Has both positive and normative implications.
In terms of positive analysis, can see that ants model exhibits internally generated apparent
cyclical behavior.
I say apparent because there unquestionably is not a mechanism generating xed periodicity
to these cycles.
Cyclical behavior emerges from local interaction of ants.
This is in stark contrast with standard macroeconomic explanation for apparent cyclical
behavior that is found in both Keynesian and New Classical macroeconomics.
According to standard view, apparent cyclical behavior is generated when economy is hit by
an aggregate exogenous disturbance.
Internal mechanisms of economy then augment and ultimately dampen down this disturbance,
and only reason that there appears to be business cycles is that economy is hit later on by
another disturbance.
There is a large literature dealing with endogenous business cycles, but this is not majority
view among macroeconomists.
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A key premise behind standard view is that macroeconomic events must have
macroeconomic causes: changes in macroeconomic aggregates must be result of
macroeconomic disturbances.

This is precisely what emergent perspective calls into question (remember extinction of
dinosaurs).
What standard view calls macroeconomic disturbance can be, as in ants model, bubbling up to
macroeconomic surface of small events at local level.
Some events at local level are nulli ed at local level: so, for example, an ant not carrying food
converts to opposing color, but then meets an ant of its original color and converts back.
Never see these events at top-level and are completely unaware of their existence.
But sometimes, local interaction, or random occurrence of many local interactions of same
type, is propagated by positive feedback into a bigger and bigger event until it emerges at toplevel as a macroeconomic event.
In give and take between micro and macroeconomists, standard line by microeconomists is,
“there is no such thing as macroeconomics”, by which mean that all that really exists is
individual behavior and its aggregation into markets.
Emergent processes have precisely this quality.
Case can be made that what is observed at top-level is epiphenomenal and only reality is local
interactions.
Would argue, however, does not imply that one has to give up aggregate relationships or
possibility of nding higher level laws.
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Paradigm -> Boyle’s Law where aggregate equation describes top-level behavior of gas with no
reference to interactions of individual gas molecules.

Aggregate relationship must be consistent with what is happening at micro level; but in
emergent system, there is no presumption that aggregate outcome will have simple
correspondence to micro rules.
With respect to normative analysis, while both Keynesian and New Classical economics share
common view that macroeconomic outcomes have macroeconomic causes, come to
diametrically opposite normative conclusions.
New Classical economics follows Walrasian tradition and relies very heavily, almost exclusively,
on representative agent modeling.
Not surprising, therefore, that comes to conclusion that economy is operating ef ciently.
Hope that Emergence holds out for Keynesian economics is that by banishing representative
agent, it also eliminates all too easy correspondence between optimality at individual level and
ef ciency at top level.
This opens up rich possibility that individuals behaving optimally will interact with one another
in such a way that top-level outcome will not be ef cient.
Important not to claim too much for emergent modeling and too little for traditional Walrasian
approach.
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Traditional economics has analyzed full set of conditions under which markets do not result in
ef ciency.

Most empirically important are:
(1) externalities which result in excessive pollution and
(2) information asymmetries which result in malfunctions of insurance and nancial markets.
Likewise, it is not case that all emergent models will result in inef ciency, sometimes emergent
outcome may mirror Walrasian outcome.
Point is that central tendency of these modelling strategies is different.
But, whether such an approach will bear fruit, remains to be seen.
Macroeconomics
Macroeconomics is study of economic activity of economy taken as a whole.
To carry out this study, macroeconomists create economy-wide aggregates of individual real
world variables.
Some of these aggregates are sums of individual variables, such as gross domestic product,
which is sum total of economy’s production of goods and services for given time period; other
aggregates are averages of individual variables, such as price level or in ation rate, which
average individual prices and their percentage changes.
Goal of macroeconomics is to understand movements of and relationships between these
various aggregates.
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If conceive of economy as an emergent system, then from this description, should be obvious
that macroeconomics is inherently studying its top-level behavior.

Modern macroeconomics began with publication in 1936 of The General Theory of
Employment, Interest, and Money by John Maynard Keynes.
Virtually since its inception, there has been research agenda to provide micro-foundations for
relationships between macroeconomic aggregates.
For most part, research program has used traditional neoclassical/Walrasian economics to
provide micro-foundations.
Such an approach contained within itself an internal contradiction which only became fully
obvious in 1970’s with advent of what is known as New Classical economics.
Have seen that traditional Walrasian economics shares with Adam Smith an optimistic view of
workings of economy.
Central message of The General Theory, however, was that performance of economy would
many times be sub-optimal.
Because central tendencies of Walrasian and Keynesian economics are diametrically opposed,
effort to provide micro-foundations for Keynesian macroeconomics has yet to produce model
that is convincing to most economists.
What I wish to argue here is that reason for this failure may be that are using wrong
microeconomic paradigm.
Traf c Jams

fi

Taking broader view, economics deals with way humans interact, by exchanging goods
and services.

Traf c Jams - Part 1
Taking broader view, economics deals with way humans interact, by exchanging goods
and services.
In real world, each agent has limited choices, and limited capability of processing information
available; has bounded rationality. In some sense, situation of individual agent is like car driver
in traf c on congested highway.
Maximum speed is limited by cars in front(and perhaps by police).
Distance to car in front is limited by ability to brake.
Is exposed to random shocks from mechanical properties of his car and from bumps in road.
Simple cellular automaton model was constructed for one-lane highway traf c. Cars can move
with velocity 0, 1, 2, 3, 4, or 5. Velocity de nes how many car lengths each car will move at
next time step.
If car moving too fast, must slow down to avoid a crash. Car that has been slowed down by a
car in front will accelerate again when given an opportunity.
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Ability to accelerate is less than ability to break, that is, takes more time steps to go from 0
to 5, than to brake from 5 to 0. Depending on total number of cars on road, there are two
possible situations.

If there are few cars there is free ow of cars with only small traf c jams. If density is high there
is massive congestion.

Considered traf c emerging from one large
traf c jam.
Think of Long Island Expressway which runs
along Long Island, starting at Queens
Midtown Tunnel leading into Manhattan.
Came up with a theory that could describe
traf c coming out of tunnel in rush hour,
where largest possible number of cars would
be pumped into expressway.
Everybody living on Long Island is familiar
with resulting huge traf c jams that can occur
on the expressway which has been called
“the world's largest parking lot”.
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Figure -> computer-simulated traf c jams.

Figure -> computer-simulated traf c jams.

Horizontal axis is highway, vertical axis is time.
Time is increasing in downward direction.
Cars are shown as black dots.
Cars originate from a huge jam to left, which is
not seen, and all move to right.
Diagram allows us to follow pattern in time and
space of traf c.
At each time step, position of each car is
shifted to right by an amount equal to velocity
of that car.
Traf c jams are shown as dense dark areas,
where distance between cars is small.
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Also, positions of cars between two successive
horizontal lines are only shifted slightly since
their velocities are low.

Traf c jams may emerge for no reason whatsoever!
There are phantom traf c jams.
A small random velocity reduction from 5 to 4 of a single car is enough to initiate huge jams.
Have met same situation before: for earthquakes, for biological evolution, for river
formation, and for stock market crashes.
A cataclysmic triggering event (like traf c accident) is not needed.
Our natural intuition that large events come from large shocks has been violated.
It does not make any sense to look for speci c reasons for jams.
Jams are fractal, with small subjams inside big jams ad in nitum.
This represents irritating stop-and-go driving pattern that we are all familiar with in congested
traf c.
On diagram, possible to trace individual cars and observe stop-and-go behavior.
Traf c jams move backward, not forward, as can be seen in gure.
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For comparison, a similar diagram for traf c on a real highway in Germany is also showed
in gure below.

Picture based on photos of highway taken at
regular intervals.
Note that general features are same as for
computer simulations, including backward
motion of jams.
Eventually the jams dissolve.
From extensive computer simulations,
number of traf c jams of each size was
calculated.

Of course (you guessed it) they found a power-law distribution.
Exponent for power law appeared to be close to 3/2.
This suggested an elegant but simple theory of phenomenon, a random walk theory.
Each jam starts at a random nucleation point, at top of gure.
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At each time step, size of jam can either increase, with a certain probability or decrease,
with same probability.

Because of this 50-50 situation, process is critical.
This process can be solved mathematically and gives a power law distribution,with an
exponent that is exactly 3/2 as suggested by simulations.
We have met random walk picture of self-organized critical systems before, in context of
random neighbor model of evolution.
Highway traf c is classic example of 1/f noise.
Over 30 years ago, traf c was measured on Kanai Expressway in Japan as function of time,
by standing on bridge over highway and measuring times that cars passed under bridge.
Observed curve similar to that of light from a quasar.
When measuring power spectrum, found components
of all frequencies, with famous 1/f distribution.
Same measurement was done on
computer-simulated traf c data.
Standing on bridge and monitoring traf c
corresponds to measuring patterns of black
dots along vertical line.

fi

fi

fi

fi

fi

Signal is a Devil's stair-case, just as for evolution
model.

Also found 1/f ↵
noise in computer
simulations as shown in gure (above).

Moreover, were able to prove mathematically that ↵ = 1 from a cascade mechanism, where
subjams at each time step can grow or die or branch into more jams.
For once, we have an accurate and complete understanding of the elusive 1/f noise in a
model system that actually describes reality.
As for other phenomena that we have studied, 1/f noise is due to scale-free avalanches in
self-organized critical system.
In case of traf c, 1/f noise is mathematical description of irritating, unpredictable stop-and-go
behavior in traf c jams.
Then studied situation in which there were only very rare random uctuations initiating traf c
jams.
Interestingly they point out that technological advancements such as cruise control or
radar-based driving support would tend to reduce uctuations around maximum speed,
and thus increase range of validity of results.
One unintended consequence of these ow control technologies is that, if they work, they
would in fact push traf c system closer to its underlying critical point, thereby making
prediction, planning, and control more dif cult, in sharp contrast to original intentions.
Note analogy with attempts to regulate economy (or sandpiles).
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Self-organized criticality is a law of nature for which there is no dispensation.

Made one nal observation.
Traf c jams are a nuisance, ampli ed by our lack of ability to predict them.
Sometimes we are slowed down by a large jam, sometimes we are not.
One might suspect that there would be a more ef cient way of dealing with traf c.
In fact there might not be.
The critical state, with jams of all sizes, is most ef cient state.
System has self-organized to critical state with highest throughput of cars.
If density were slightly less, highway would be underutilized, if density were slightly higher,
there would be one big permanent, huge jam, absorbing large fraction of the cars.
In both cases, throughput would be less.
More precisely, critical state is most ef cient state that can actually be reached dynamically.
A carefully engineered state where all cars were moving at velocity 5 would have higher
throughput, but would be catastrophically unstable.
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This very ef cient state would collapse long before all cars became organized.

If We All Stopped Tailgating, We Could Dramatically Cut Traf c Jams
New research from MIT proposes a simple x that could halve our journey times on the road.
Researchers at MIT’s Computer Science & Arti cial Intelligence Lab (CSAIL) say that if we
stopped tailgating, and instead, drove at a xed distance from the car in front, as well as the
car behind, we could cut our journey times almost in half.
Reducing time spent in traf c has wider bene ts than simply de-stressing drivers.
Stop-start driving, characteristic of heavy traf c, burns considerably more fuel than driving at a
constant speed on the open road.
That, in turn, releases even more CO2 into the atmosphere.
According to a report published in 2012, the cost of congestion in the US is estimated to be
around $121 billion per annum (that’s $820 per commuter), with 11 billion liters of fuel wasted,
and 25.4 billion kg of extra CO2 emitted.
So, anything we can do to avoid traf c jams is certainly worth exploring.
The CSAIL paper reports on an approach called “bilateral control”, whereby each vehicle
adjusts its motion based on the distance to (and the relative speed of) the vehicle ahead and
the vehicle following behind.
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“We humans tend to view the world in terms of what’s ahead of us, so it might seem
counter-intuitive to look backwards”, says Prof Berthold Horn, who co-authored the research
with Dr Liang Wang.

Keeping a bigger distance between us and the car in front is something that we could all
already do, but most of us seem to be pretty bad at it.
So, Horn and Wang have proposed a tech solution that makes use of adaptive cruise control
already found on many modern cars.
Most existing systems use sensors on the car’s front bumper, and rely on a “car-following”
model to maintain a minimum space and time gap between it and the car in front.
If the leading car changes its speed, the following (cruise-controlled) car will also change
speed.
Now, while this works well in terms of improving road safety, it does very little to improve traf c
ow.
In fact, this model can actually cause traf c jams.
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Don’t believe me?
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But their results suggest that driving like this could dramatically improve traf c ow, without
needing to invest in new road infrastructure.

The movie shows what happens if you use the car-following model in heavy traf c.
If we keep an eye on a red box, then as the box in front of it accelerates, the red box does the
same, in order to maintain the gap.
But it leaves carnage in its wake.
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As each following box accelerates to catch up to the red box , a compressed wave of traf c
(which Horn refers to as a “perturbation”) forms and actually gets worse as other cars enter the
roadway.

In contrast, if the car is bilaterally controlled, i.e., is programmed to maintain an equal time/
space gap to both the car in front and the car following behind, the perturbation is much
smaller, and dissipates very quickly.
In other words, no traf c jam forms.
The authors also showed that even if bilateral control is applied at the last minute, just before
traf c grinds to a halt, it rapidly smooths it out again, allowing traf c to keep owing.
This approach also seems to be unaffected by lane-changing or merging - bilaterallycontrolled cars automatically adjust to make space for a car entering one lane, while closing
the gap left in the other lane.
And, importantly, the acceleration needed to maintain these gaps is suf ciently small not to
cause discomfort for passengers.
In a way, bilateral control is similar to how ocks of birds move in unison - in order to avoid
crashing into each other, each bird must be aware of the behavior of all of its immediate
neighbors, not just the bird in front.
Actually, there’s a bit more to ocking behavior than this.
Zoologists believe that birds also look out for distant, sudden movement, anticipate what
affect it will have, and respond accordingly.
So how do we implement this seemingly-magical control? By encouraging car manufacturers
to add sensors to the back bumper too, and upgrade their existing cruise control software.
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The data also suggests that traf c ow would improve even if only a small percentage of cars
adapted bilateral control.

This approach is different from - and very much cheaper than - co-operative vehicle
“platooning”, which has been proposed for fully-autonomous vehicles.
Platooning relies on a complex network of connected, continuously- communicating sensors,
embedded into the road, and installed in every vehicle.
In contrast, everything we need to enable bilateral control is already widely available.
Horn and Wang’s work has caught the attention of at least one car manufacturer so far.
“Our team has actually started collaborating closely with Toyota on this”, said Horn.
“They have been very receptive, since adding rear sensors is a relatively trivial change to make
to the design of their cars”.
As well as reducing traf c jams, bilateral control is also expected to bring safety bene ts for
road users.
In the meantime, we can all learn a very simple lesson from this.
Tailgating = bad; giving each other space = good.
Drive safely, my urban-science-loving friends!
Traf c Jams and the Most Ef cient State - Part 2 More details
Our everyday experience with traf c jams is that they are annoying and worth avoiding.
Intuitively, many people believe that if we could somehow get rid of jams then traf c would be more
ef cient with higher throughput.
However, this is not necessarily true.
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By studying a simple model of highway traf c, it is found that the state with the highest throughput is a
critical state with traf c jams of all sizes.

If the density of cars were lower, the highway would be underutilized; on the other hand, if it were
higher there would inevitably be a huge jam lowering throughput.
This leaves us with the critical state as the most ef cient state that can be achieved.
Finding a real traf c network operating at or near peak ef ciency may seem highly unlikely.
To the contrary, as found in the model, an open network self-organizes to the critical state .
The Nagel-Schreckenberg model is de ned on a one dimensional lattice with cars moving to the right.
Cars can move with integer velocities in the interval [0,vmax].
The maximum velocity vmax is typically set equal to 5.
This velocity de nes how many “car lengths” each car will move at the next time step.
If a car is moving too fast, it must slow down to avoid a crash.
A slow moving car will accelerate, in a sluggish way, when given an opportunity.
The ability to accelerate is slower than the ability to break.
Also, cars moving at maximum velocity may slow down for no reason, with probability pfree.
A “cruise-control” limit of the model exists where pfree → 0.
This means that all cars which have reached maximum velocity, and have enough headway in front of
them to avoid crashes, will continue to move at maximum velocity.
Thus it is possible for the motion in the system to be completely deterministic.
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If the cars are moving on a ring starting from random initial conditions, at low densities the initial jams
will “heal” and the system will reach a deterministic state where the current is equal to the density of
cars multiplied by the maximum velocity.

This will hold up to some maximum density above which jams never disappear and the current is a
decreasing function of density.
Remarkably, maximum throughput, jmax, is selected automatically when the left boundary condition is an
in nitely large jam and the right boundary is open.
Traf c which emerges from the megajam operates precisely at highest ef ciency.
This situation is shown in Figure.

The horizontal axis is space and the vertical axis (down) is increasing time.
The cars are shown as black dots which move to the right.
The diagram allows us to follow the pattern in space and time of the traf c.
Traf c jams show up as dense regions which drift to the left, against the ow of traf c.
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The structure on the left hand side is the front of the megajam (cars inside the megajam are not plotted).

Cars emerge from the big jam in a jerky way, before they reach a smooth outgoing pattern operating at
jmax.
Far away from the front of the megajam all cars eventually reach maximum velocity.
If the out ow is perturbed slightly, traf c jams of all sizes occur.
No cataclysmic triggering event, like a traf c accident, is needed to initiate large jams.
They arise from the same dynamical mechanism as small jams and are a manifestation of the criticality
of the out ow regime.
Our natural intuition that large events come from large disturbances is violated.
It does not make any sense to look for reasons for the large jams. The large jams are fractal, with small
sub-jams inside big jams ad in nitum.
Between the subjams are “holes” of all sizes where cars move at maximum velocity.
This represents the irritating slow and go driving pattern that we are all familiar with in congested traf c.
On the diagram, it is possible to trace the individual cars and observe this intermittent pattern.
This behavior gives rise to 1/f noise, as seen in real traf c ow.
This 1/f behavior can be calculated exactly for this model by formulating the jams as a cascade process.
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However, the critical state, with traf c jams of all sizes, is the most ef cient state that can actually be
achieved.
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The picture of avalanche dynamics as a fractal in space and time has application to many complex
dynamical systems in addition to traf c.
The conventional view is that one should try to get rid of traf c jams in order to increase ef ciency and
productivity.

A carefully prepared state where all cars move at maximum velocity would have higher throughput, but
it would be dreadfully unstable.
The very ef cient state would catastrophically collapse from any small uctuation.
A similar situation occurs in the familiar sand pile models of SOC.
One can prepare a sand pile with a supercritical slope, but that state is unstable to small perturbations.
Disturbing a supercritical pile will cause a collapse of the entire system in one gigantic avalanche.
But there is perhaps even a deeper relationship between traf c and economics.
In an economy, humans interact by exchanging goods and services.
In the real world, each agent has limited choices, and a limited capability to monitor his changing
environment. This is referred to as bounded rationality.
The situation of a car driver in traf c can be viewed as a simple example of an agent trying to better his
condition in an economy.
Each driver’s maximum speed is limited by the other cars on the road and posted speed limits.
His distance to the car in front of him is limited by his ability to stop and his need for safety in view of
the unpredictability of other drivers.
He is also exposed to random shocks from the road or from his car.
He may be absent minded.
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If traf c is a paradigm for economics in general, then perhaps we have found a new economic principle:
the most ef cient state that can be achieved for an economy is a critical state with uctuations of all
sizes.

Our last example now follows.

Self-organization in biological systems
Let us extend our discussions with a “biological magical mystery tour”.
What are the mechanisms for integrating biological subunits into a coherently functioning
entity?
283

Remember, self-organization is a process in which pattern at the global level of a system
emerges solely from numerous interactions among the lower-level components of the system.
Moreover, the rules specifying interactions among the system’s components are executed
using only local information, without reference to the global pattern.
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In other words, the pattern is an emergent property of the system, rather than a property
imposed on the system by an external in uence.

Self-Organized Patterns in Nature - Non-living Systems

Self-Organized Patterns in Nature - Living Systems

Self-Organized Patterns in Nature

Architectural Features Shared by Social Insect Nests

Among the termites, we reach a pinnacle of nest complexity

Common architectural themes:
Porous structures
Mottled, spongy patterns of spaces among building material
Surface structures - Ripples, cracks, pillars, evaginations
“Positive” and “negative” space (substance and voids)
“Competition” for building material or space
How do insects build these structures?
Proposition: Social insects have evolved simple behavioral rules for generating these complex
architectures.
One such set of simple rules is based upon an activation-inhibition mechanism.

What happens?
The activator autocatalyzes its own production, and also activates the inhibitor.
The inhibitor disrupts the autocatalytic process.
Meanwhile, the two substances diffuse through the system at different rates, with the inhibitor
migrating faster.
The result: local activation and long-range inhibition.
What is the relationship between activation-inhibition mechanisms and self- organization?
They share a common mechanism:
Starting point: a homogeneous substrate (lacking pattern)
Positive feedback (local activation or attraction)
Negative feedback (long-range inhibition, depletion, decay)
What can self-organization achieve? In the case of the termite mound, I suggest the following
type of scenario:
Starting with a homogeneous, at landscape, the random movements of the termites, and their
dropping and picking up behavior leads to tiny surface irregularities which become the site of
rising pillars.
Once a pillar has emerged, this structure acts as a source of heterogeneity that modi es the
actions of individual builders.
The activity, in turn, create new stimuli that trigger new building actions.
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Complexity unfolds progressively; increasingly diverse stimuli result from previous building
activities, and facilitate the construction of ever more complex structures.

This PLUS a lot of handwaving
might give you a termite mound!

Summary: Distinguishing Features of Complex, Self- Organizing Systems
Large numbers of units (agents)
Large numbers of interactions
Simple rules of interaction
Decentralized organization
Emergent properties

As we have seen many times the computer modeling is relatively easy, but unraveling the
actual biological mechanisms is extremely dif cult. Some simulations are shown:

Adaptive advantages of self-organized systems
Robustness
Error tolerance Self-repair
Ease of implementation Simple agents
Why is all of this important?
Many biological systems have evolved decentralized solutions to their vital challenges.
Through self-organization, evolution has stumbled upon a wide range of extremely ef cient,
relatively simple solutions for solving very complex problems
Why has evolution “chosen” these types of solutions?
Biological Constraints - One of the mysteries of biology is how the enormous amount of
morphogenic, physiological and behavioral complexity of living organisms can be achieved with
the limited amount of genetic information available within the genome.
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Self-organization is one solution to this problem!

Short Recap—Looking back at earlier discussions: Is Life a Self-organized Critical Phenomenon?
Evolution has taken place in a highly intermittent way.
Periods with little activity have been pierced by major extinction events where many species
disappeared, and other species emerged.
About 50 million years ago the dinosaurs vanished during such an event, but this is far from the biggest.
200 million years ago we had the Permian mass extinction, and 500 million years ago the Cambrian
explosion took place.
Traditional scienti c thinking is linear. Nothing happens without a reason.
The bigger the impact, the stronger the response.
Thus, without further ado, paleontologists and other scientists working on early life took it for granted
that those extinctions were caused by some external cataclysmic events.
Several have been suggested, including climatic changes and volcanic eruptions.
The prevailing view on the Cretaceous event is that it was caused by a meteorite hitting earth.
The linear point of view is correct for a simple system near equilibrium, such as a pendulum nearly at
rest.

fi

But we do know that large events can happen without external impact in geophysical and astrophysical
processes.

No meteorite is needed in order to have large earthquakes, for instance.
Actually, there is some striking statistical regularities indicating that the mass extinctions are part of a
self-organized critical process.

Species do not evolve in isolation, so biology is a cooperative phenomenon!
The environment of each individual is made up of other individuals.
The atmosphere that we breathe is of biological origin, with an oxygen content very different from that
at the time of the primordial soup.
Species interact in food webs.
The interaction can be through competition for resources, as parasites, or by symbiosis.
This allows for the possibility that the extinction events can be viewed as co-evolutionary avalanches,
where the death of one species causes the death (and birth) of other species, just as the toppling of one
grain of rice in the rice pile leads to toppling of other grains.
Let us take a look at the fossil record as discussed earlier.
Fortunately, Jack Sepkoski has devoted a monumental effort to mapping out the rate of extinction during
the last 500 million years.
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It is extremely important to have as much data as possible, since we cannot make accurate theories for
speci c events, and therefore must confront theories with observations at the statistical level.

The insert in Figure below shows the temporal variations of the number of Ammonoida families.
If part of the curve shown is enlarged, the pattern seen on the ner scale looks the same as that seen on
the coarser scale.
Thus, there is no typical scale for the variations.
This scale-independent or self-similar behavior is a strong indication of criticality—it cannot occur in
simple systems with few components, including those exhibiting low-dimensional chaotic behavior.

Self-similarity, or scaling, can be expressed more quantitatively in terms of the power spectrum p(f) of
the time series.
fi

The power spectrum is the Fourier Transform of the autocorrelation function.

When plotted with log-log axis, earlier Figure, it shows an approximately straight line over a couple of
decades. This indicates that the spectrum is a power law, p(f) = f−α. The slope α is approximately unity.
This type of dynamics is called one-over-f (1/f) noise.
It is completely impossible to explain the smooth 1/f behavior with a set of arguments tailored each to
events on a separate scale.
Even in the absence of any theory, the smooth 1/f behavior is an empirical indication that the underlying
mechanisms are the same on all scales.
How else to explain that the curve has the same slope on all scales, and that segments corresponding to
different scales join smoothly to form a straight line spanning all scales?
Figure below shows the distribution of life times T of genera, also from Sepkoski’s data.
This is another power-law, N(T) ∼ T−2, giving further evidence that life is a critical process.

Because of the complexity of the phenomenon that we are dealing with—the global biological evolution
on all time scales—mathematical modelling is an extremely delicate affair.
It is dif cult to go from micro-evolution where the mechanisms (genetics) are relatively well understood,
to macro-evolution at the largest scale.
Geneticists may understand what goes on within a few generations of a few hundreds or a few thousands
of rats, but they have little to say about the behavior of an evolving global ecology of millions of species,
each with hundreds of millions of individuals.
Kauffman and Johnsen were the rst to suggest that the Darwinian dynamics of an ecological network
with all species connected through their interactions, positive or negative, could lead to a critical state.
The rst model for evolution to show SOC was the Bak-Sneppen (BS) model.
The Bak-Sneppen model represents an entire species by a single tness number.
Selection acts on the level of the individual, of course, but to achieve simpli cation we consider the
evolution at the “coarse-grained” species level.
Consider a number, N, of species placed on a circle.
Each species interacts with its two neighbors.
Each species is assigned a random tness 0 < f < 1 which represents its ability to survive in a given
environment.
Time is discrete, and at each time step the species with the lowest tness goes extinct, and is replaced by
another species with a random tness f, 0 < f < 1.
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Alternatively, one could view the process as a pseudo extinction where a species is replaced by a
mutated variant.

Whatever the view, this change in one species affects the tnesses of its two neighbors: their tnesses,
which might originally have been high, are also replaced by new random tnesses, re ecting the fact that
their existence has become a new ball game.
This process of changing the tnesses of the least t species and the two it interacts with is continued ad
in nitum.
Most of the species have tnesses above a threshold that has established itself with value approximately
0.67, forming a rather stable network (Figure below).
However, there is a localized region with species of lower tnesses.
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These are the species, or niches, that are currently undergoing changes or extinctions as part of a
co-evolutionary avalanche.

If the changes experienced by any given species is measured vs. time, one nds punctuated equilibrium
behavior, with periods of stasis interrupted by intermittent bursts.
This can be characterized by the power-spectrum of the local activity, which is a 1/f spectrum with
exponent α ∼ 0.59.
Note that in the BS model evolution progresses by elimination of the least t species, and not by
propagation of strong species.
This distinction is not merely semantics.
One cannot have a process of evolution, where the individual species out-competes their environment,
the popular view of Darwinian evolution.
The complexity of Life is intimately related to the existence of large interactive networks.
Actually, extremal dynamics associated with removing the weakest link is essential for the emergence of
complex or critical phenomena.
The criticality of the SOC earthquake models can also be traced to the breakdown of the weakest site,
and not an arbitrary site.
Thus, the mechanism of evolution is “extinction of the least t” rather than “survival of the
ttest”!
The best a species can hope for is to be a participant of the global ecological network.

fi

fi

fi

fi

fi

In the nal analysis, being t simply means being a self-consistent part of a complex structure.
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During an avalanche, nature “experiments” with the species involved, changing many of them several
times, until they all have achieved tnesses above the threshold.

These examples nally bring us to the end
of our discussions in this class.

fi

There is still a long road ahead to fully understand SOC
and Emergence in a wider variety of systems.

