The CSS Roadmap for the Science of Complex Systems

Edited by

Paul Bourgine
Ecole Polytechnique

David Chavalarias
Institut des Systemes Complexes de Paris lle-de-France

Edith Perrier
Institut de Recherche pour le Développement

March 2009



FRENCH ROADMAP FOR COMPLEX SYSTEMS — 2008 EDITION....... 3

PREAMBLE ......ooiiiiiiiiiiiiiiiiiiiiii et i ittt ittt eeteeeeeeeseeseeesesseeesesssesssesseesessssenes 6
1. QUEST IONS . ... oooiiiiiiiiiiiiii ittt ettt teteeeeeeeeeeeeeseeesseesessesssesssssssesssesesssssnes 9
1.1. FORMAL EPISTEMOLOGY, EXPERIMENTATION, MACHINE LEARNING. .......... 9
1.2. STOCHASTIC AND MULTISCALE DYNAMICS, INSTABILITIES AND
ROBUSTINESS 1.1ttttttutussssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 13
1.3. COLLECTIVE BEHAVIOR IN HOMOGENEOUS AND HETEROGENEOUS

SY STEMS it 17
1.4. FROM OPTIMAL CONTROL TO MULTISCALE GOVERNANCE ........ccvvvvvvunnennns 22
1.5. RECONSTRUCTION OF MULTISCALE DYNAMICS, EMERGENCE AND
IMMERGENCE PROCESSES ...vvttutiiiiiiiiiiiittitsiiisssessssssssssssssssssssssssssssssnsssssssssssssnn 26
1.6. DESIGNING ARTIFICIAL COMPLEX SYSTEMS ...vvvvvvvvrrrvrrrrrsrsrerssssssssssssssssennes 28
2. OBJIECT S s 30
P N 0T Y =T I = Y N = T 30
2.2. FROM MOLECULES TO ORGANISMS.....cccutttiiiiiieeeeieieeerisiinssssesesesssssssneeeees 36
2.3. PHYSIOLOGICAL FUNCTIONS .euuiiieiiiiieeeetiiie s e s e eeseeeeetasissssssssessessasssnnseseees 43
2.4, ECOSYSTEMIC COMPLEXITY 1iiitiiiiiiiiiiiiie ittt sttt 45
2.5. FROM INDIVIDUAL COGNITION TO SOCIAL COGNITION ..oooovviiiiiiiiiiieieieenn, 47
2.6. INNOVATION, LEARNING AND CO-EVOLUTION ...uuuiiiiiiiiiiiiiiiieisissssessesssseeans 50
2.7. TERRITORIAL INTELLIGENCE AND SUSTAINABLE DEVELOPMENT .............. 52
2.8. UBIQUITOUS COMPUTING ...tuttttiiteeeeretteststtiisssssesesssessssssssssesessesssreeeeess 54
2.9. GEOSCIENCES AND THE ENVIRONMENT ....coiiiiiiiieieee et 57



Roadmap for Complex Systems

This issue of the Complex Systems Roadmap is based on the “Entretiens de Cargese 2008”,
an interdisciplinary brainstorming session organized over one week in 2008, jointly by RNSC,
ISC-PIF and IXXI. It capitalizes on the first roadmap and gathers contributions of more than
70 scientists from major French institutions.

The aims of this roadmap is to foster the coordination of the complex systems community on
focused objects and questions, as well as to present contributions and challenges in complex
systems sciences and complexity science to the public, political and industrial spheres.
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Preamble

In general terms, a “complex system” is any system comprised of a great number of
heterogeneous entities, where local interactions among entities create multiple levels of
collective structure and organization. Examples include natural systems, ranging from bio-
molecules and living cells to human social systems and the ecosphere, as well as sophisticated
artificial systems such as the Internet, power grid or any large-scale distributed software
system. The specificity of complex systems, generally underinvestigated or simply not
addressed by traditional science, resides in the emergence of non-trivial superstructures that
often dominate the system’s behavior and cannot be easily traced back to the properties of the
constituent entities. Not only do higher emergent features of complex systems arise from
lower-level interactions, but the global patterns that they create affect in turn these lower
levels—a feedback loop sometimes called immergence. In many cases, complex systems
possess striking properties of robustness against various large-scale, multi-dimensional
perturbations. They have an inherent capacity to adapt and maintain their stability. Because
complexity requires analysis at many different spatial and temporal scales, scientists face
radically new challenges when trying to observe complex systems, learning how to describe
them effectively, and developping original theories of their behavior and control.

Complex systems demand an interdisciplinary approach. First, because the universal
questions that they raise can be expressed under almost the same formulation for widely
different objects across a broad spectrum of disciplines—from biology to computer networks
to human societies. Second, because the models and methods used to tackle these questions
also belong to different disciplines—mainly computer science, mathematics and physics. Last,
because standard methods in specialized domains rarely take into account the multiple-level
viewpoint so needed in the context of complex systems, and attained only through a more
integrated and interdisciplinary approach.

Two main types of interdisciplinary approaches can be envisioned. The first path involves
working on an object of research that is intrinsically multidisciplinary, for example
“cognition”. Here, one poses various questions about the same object from multiple and
somewhat disconnected disciplinary viewpoints (neuroscience, psychology, artificial
intelligence, etc.)—in contrast to integrated and interdisciplinary. The second path consists in
studying the same question, for example “synchronization”, in connection with different
objects of research in different disciplines (statistical physics, chemistry, biology, electrical
engineering, etc.). This second approach establishes the foundations of a true science of
complex systems. However, the success of these two approaches, which are complementary to
one another, is critically dependent on the design of new protocols, new models and new
formalisms for the reconstruction of emergent phenomena and dynamics at multiple scales. It
is in this joint goal of (a) massive data acquisition on the basis of a set of prior assumptions,
and (b) reconstruction and modeling of these data, that the future science of complex systems
can develop and thrive. There remains much to do in the theoretical domain in order to build
concepts and models able to provide an elegant and meaningful explanation to the so-called
“emergent” phenomena that characterize complex systems.

The goal of this roadmap is to identify a set of wide thematic domains for complex systems
research over the next five years. Each domain is organized around a specific question or a
specific object and proposes a relevant set “grand challenges”, i.e., clearly identifiable



problems whose solution would stimulate significant progress in both theoretical methods and
experimental strategies.

Theoretical questions are varied. An important aspect is to take into account different levels
of organization. In complex systems, individual behavior leads to the emergence of collective
organization and behavior at higher levels. These emergent structures in turn influence
individual behavior. This raises important questions: what are the various levels of
organization and what are their characteristic scales in space and time? How do reciprocal
influences operate between the individual and collective behavior? How can we
simultaneously study multiple levels of organization, as is often required in problems in
biology or social sciences? How can we efficiently characterize emergent structures? How
can we understand the changing structures of emergent forms, their robustness or sensitivity
to perturbations? Is it more important to study the attractors of a dynamics or families of
transient states? How can we understand slow and fast dynamics in an integrated way? What
special emergent properties characterize those complex systems that are especially capable of
adaptation in changing environments? During such adaptation, individual entities often appear
and disappear, creating and destroying links in the graph of their interactions. How can we
understand the dynamics of these changing interactions and their relationship to the system’s
functions?

Questions related to the reconstruction of dynamics from data also play a central role. They
include questions related to the epistemic loop (the problem of moving from data to models
and back to data, including model-driven data production), which is the source of very hard
inverse problems. Other fundamental questions arise around the constitution of databases, or
the selection and extraction of stylized facts from distributed and heterogeneous databases, or
the deep problem of reconstructing appropriate dynamical models from incomplete, incorrect
or redundant data.

Finally, some questions are related to the governance and design of complex systems.
“Complex systems engineering” concerns a second class of inverse problems. On the basis of
an incomplete reconstruction of dynamics based from data, how can we steer the system’s
dynamics toward desirable consequences or at least keep the system away inside its viability
constraints? How can control be distributed on many distinct hierarchical levels in either a
centralized or decentralized way—a so-called “complex control”. Finally, how is it possible to
design complex artificial systems, integrating new ways of studying their multilevel control?

All these general questions are detailed in the roadmap. The first questions concern different
aspects of emergent phenomena in the context of multiscale systems. The question of
reconstructing multiscale dynamics addresses the problem of dealing with incomplete, badly
organized and underqualified data sets. Another important aspect to consider is the
importance played in complex systems by the reaction to perturbations: it can be weak in
certain components or scales of the system and strong in others. These effects, central to the
prediction and control of complex systems and models, must be specifically studied. In
addition, it is also important to develop both strategies for representing and extracting
pertinent parameters and formalisms for modeling morphodynamics. Learning to successfully
predict multiscale dynamics raises other important challenges, as the question of being able to
go from controlled systems to governed systems in which the control is less centralized and
more distributed among hierarchical levels. The last general question addressed in this
roadmap concerns the conception of artificial complex systems.



Grand challenges for complex systems research draw their inspiration from different kinds
of complex phenomena arising from different scientific fields. Their presentation follows the
hierarchy of organizational levels of complex systems, either natural, social or artificial.
Understanding this hierarchy is itself a primary goal of complex systems science.

In modern physics, the understanding of collective behavior and out-of-equilibrium
fluctuations is increasingly important. Biology (in the broad meaning of the word, going from
biological macromolecules to ecosystems) is one of the major fields of application where
complex behaviors must be tackled. Indeed, the question of gaining an integrated
understanding of the different scales of biological systems is probably one of the most
difficult and exciting tasks for researchers in the next decade. Before we can hope to integrate
a complete hierarchy of living systems, from the bio-macromolecules to ecosystems, each
integration between one level and the next has to be studied. The first level concerns the
cellular and subcellular spatiotemporal organization. At a higher level, the study of
multicellular systems (integrating intracellular dynamics, such as gene regulation networks,
with cell-cell signalling and biomechanical interactions) is of great importance, as is the
question of the impact of local perturbations in the stability and dynamics of multicellular
organizations. Continuing on the way to larger scales raises the question of physiological
functions emerging from sets of cells and tissues in their interaction with a given
environment. At the highest level, the understanding and control of ecosystems requires
integrating interacting living organisms in a given biotope. In the context of human and social
sciences, too, the complex systems approach is central (even if currently less developed than
biology). One crucial domain to be investigated is learning how the individual cognition of
interacting agents leads to social cognition. An important situation requiring particular
attention due to its potential societal consequences is related to innovation, its dynamical
appearance and diffusion, frequency and coevolution with cognition. Complex systems
approaches can also help us gain an integrated understanding of all components, hierarchical
levels and time scales in a way that would help moving society toward sustainable
development. In the context of globalization and the growing importance of long-distance
interactions through a variety of networks, complex systems analysis (including direct
observations and simulation experiments) can help us explore a variety of issues related to
economic development, social cohesion, or the environment at different geographical scales.

Finally, the fast growing influence of information and communication technologies in our
societies and the large number of decentralized networks relying on these new technologies
are also in great need of studies and solutions coming from complex systems research. In
particular, the trend going from processors to networks leads to the emergence of so-called
“ubiquitous intelligence”, which plays an increasing role in how the networks of the future
will be designed and managed.



1. Questions

1.1. Formal epistemology, experimentation, machine
learning

Reporter: Nicolas Brodu

Contributors: Paul Bourgine, Nicolas Brodu, Guillaume Deffuant, Zoi Kapoula, Jean-Pierre
Mdller, Nadine Peyreiras

Keywords: Methodology, tools, computer, experimentation, modeling, validation, machine
learning, epistemology, visualization, interaction, functional entity, formalization,
phenomenological reconstruction.

Introduction

Large cohorts of complex entities are more and more available, especially in medecine, in
the social sphere and in the environment. The huge size of the data base makes it very
difficult to reconstruct their multiscale dynamics through the multiple downward & upward
influences. For such a task, the help of a formal epistemology and of computers is
indispensable for complex systems scientists, generalizing the kind of open science performed
by the high-energy community.

The task of understanding a phenomenon amounts to finding a reasonably precise and
concise approximation for that phenomenon and its behavior such that it can be grasped by
the human brain. As it is, human intuition cannot handle the intrinsic properties of complex
systems unaided. Ideally, optimal formal techniques provide us with candidate concepts and
relations, which can then serve as a basis for the human experimental work. When the optimal
forms found by the theory do not match the optimal concepts for the human brain, the reason
for this discrepancy will itself be the subject of further investigation. Understanding complex
systems thus requires defining and implementing a specific formal and applied epistemology.
New methods and tools have to be developed to assist experimental design and interpretation
for:

e Identifying relevant entities at a given time and space scale.

e Characterizing interactions between entities.

e Assessing and formalizing the system behavior.

The strategy from experimental design to post hoc data analysis should reconcile the
hypothesis- and data-driven approaches by:

e Defining protocols to produce data adequate for the reconstruction of multiscale

dynamics.

e Boostrapping through the simultaneous building of a theoretical framework for further
prediction and experimental falsification.

e A functional approach at different levels, leading to the construction of adequate
formalisms at these levels. There is no theoretical guarantee that one formal level
could then be deducible in any way from another, but this does not matter:
Phenomenological reconstruction steps are preferable at each relevant level for the
comprehension of the system.

Collecting observations is a necessary part of the methodology. However, there arrives a

point at which it is not relevant to go on collecting observations without knowing whether



they are really required for understanding the system behavior. Phenomenological
reconstruction leads to data parameterisation and obtained measurements should allow further
detection and tracking of transient and recurrent patterns. These features themselves only
make sense if they are integrated into a model aiming to validate hypotheses. We expect here
to find a model consistent with the observations. The mere fact of building the model
necessitates the formalization of hypotheses on the system behavior and underlying processes.
Part of the understanding comes from there. More comes from the possibility of validating the
model's predictions through experimentation. This last point is depicted on the right-hand side
of the graph below.

Formal & Applied Epistemology

Theoretical reconstruction

Hypotheses,
theoretical methods Simulation
and tools
Fhenomenological A - Reconstructed
reconstruction ~ Experimental  Multiscale dynamics
Walidation
Data . N , .
treatrment Visualisation Visualisation

Raw dat A - Augmented - A Augmented
awdata = ~ phenomenoclogy T wirtuality

The integration of computer science is an essential component of this epistemology.
Computer science should provide:

e Exploratory tools for a data-based approach. Unsupervised learning provides the
human with candidate patterns and relations that the unaided human intuition would
not grasp. Active machine learning is concerned with determining which experiments
are best suited to test a model, which is at the heart of the above epistemology.

e Tools for comparison between the model (hypothesis-driven) and the observations.
Supervised learning corresponds to exploring the model parameter space for a good fit
to the data. Auto-supervised learning is used when a temporal aspect allows the
continuous correction of model predictions with the observed data corresponding to
these predictions.

Computer science methods and tools are required in the following steps:

e Human-machine interactions: visualization and interaction with data, ontologies and
simulations.

e Building ontology of relevant functional entities at different levels.

e Constructing hypotheses, formalizing relations between entities, designing models.

e Validating the models.

We expect certain fundamental properties from computer science methods and tools:
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e Generic tools should be as independent as possible from a logical (interpretation)
framework. In particular, because of the varying cultural habits of different disciplines
and the specificities of each system, it is preferable to propose a collection of
independent and adaptable tools, rather than an integrated environment that would not
cover all cases anyway.

e Independence should also apply for the software aspect (for the usage and the
evolution and the adaptation of the tools to specific needs). This requires free/libre
software as a necessary but not sufficient condition.

e Tools need to be useful for a specialist as well as usable for a non-specialist. For
example, by providing domain-specific features that really have an added value for the
specialist as extensions (modules, etc.) of the generic tools.

e Readiness for use: The preconditions for the application of the tool should be minimal,
the tool should not require a large engineering effort before it can be used.

Main Challenges
1. Computer tools for exploration and formalization

Identifying the computer as an exploration and formalization tool and integrating it
into an epistemology of complex systems.

Some research domains currently correspond to this approach and need to be extended.
Computational mechanics and its causal state reconstruction is one of these candidate
techniques that could possibly automate the phenomenological reconstruction, but there are
challenges concerning its real applicability. For example, finding a practical algorithm for the
continuous case, or building significant statistical distributions with a limited number of
samples (relative to the search space). Statistical complexity can also be considered as a
useful exploratory filter to identify the promising zones and interacting entities in the system.
Another research domain that could be integrated into the epistemology is the quantification
of the generalization capabilities of learning systems (e.g. Vapnik et al.). Automated selection
of the most promising hypothesis and/or data instances is the topic of active learning. Its
application is particularly straightforward for the exploration of the behavior of dynamical
computer models, but more challenging for a multiscale complex system. The problem may
be, for instance, to determine response surfaces, leading to a major change of behavior
(collapse of an ecosystem, for instance). When the system is in high dimension, the search
space is huge and finding the most informative experiments becomes crucial. Some analysis
techniques are inherently multiscale (e.g. fractal/multifractal formalisms) and would need to
be integrated as well. Dynamical regimes are a essential part of complex systems, where
sustained non-stationary and/or transient phenomena maintain the state out of static
equilibrium. Some of the existing mathematical and algorithmic tools should be adapted to
this dynamic setup and new ones may have to be created specifically. Research is also needed
on how to integrate these dynamical aspects directly into the experimental and formal aspects
of the above epistemology.

2. Computer assisted human interactions

The computer has become a necessary component of the scientific espistemology, as
an extension to the human experimentalist who remains at the center of the loop. Three kinds
of interactions involving humans and machines might be considered:

- Machine to human: This corresponds (in particular) to visualization needs. The
human sensory system (sight, hearing, etc.) is exceedingly powerful for some tasks, such as
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detecting patterns in an image, but quite poor for tasks like visualizing relations in large-
dimensional spaces and graphs. Research is needed to provide the human with an adequate
representation of a complex system, in a form suitable for the human sensory system.

- Human to machine: The feedback and control that an unaided human can perform on
a complex system is similarly limited. For example, when the human is used as the
discriminant element for repeated decision-making (e.g. attributing/selecting fitness criteria of
model parameters) the bottleneck is the limitation of the human to handle a large amount of
such decisions in a time scale corresponding to the optimal execution of the algorithm. As a
parallel to the visualization problem, human interaction capabilities on a large-dimensional
simulation are relatively poor, especially with conventional devices such as a mouse and
keyboard. Finding controls (software or hardware) adapted to the human morphology and
limitations is another part of this human/complex system interaction challenge.

- Human to human: The computer should help human communication. For instance,
knowledge from domain experts is often lost when non-specialist computer scientists
formalize and create the experiments that the experts need. Ideally, the computer should be a
tool that enhances - not hampers - cross-disciplinary communication, as well as being directly
usable by the experts themselves for designing experiments and models and running
simulations. But the use of the computer as a facilitator of human-to-human relations is not
limited to interdisciplinary aspects. The computer should become an integrant part of the
collaborative process necessary to handle complex systems.
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1.2. Stochastic and multiscale dynamics, instabilities and
robustness

Reporter: Daniel Schertzer

Contributors: Pierre Baudot, Hughes Berry, Francois Daviaud, Bérengere Dubrulle, Patrick
Flandrin, Cedric Gaucherel, Michael Ghil, Gabriel Lang, Eric Simonet.

Keywords: Random dynamical systems, non stationarity, long range/ short range
dependence, local/nonlocal interactions,  discrete/continuous  scaling,  cascades,
wavelet/multifractal analysis, multiscale modeling and aggregation/disaggregation, pattern
recognition, graph dynamics, extremes distribution and large deviations

Introduction

Hierarchical structures over a wide range of space-time scales are ubiquitous in the
geosciences, the environment, physics, biology and socio-economic networks. They are a
fundamental building block of our 4D world’s complexity. Scale invariance, or scaling for
short, is a powerful tool to investigate these structures and to infer properties across scales,
instead of dealing with scale-dependent properties. Whereas scaling in time or in space have
been investigated in many domains, 4D scaling analysis and modeling are still relatively
inchoate, yet indispensable to describe, estimate, understand, simulate and predict the
underlying dynamics. Rather complementary to this approach, random dynamical system
theory is also a powerful approach for grasping multiscale dynamics. This theory is likely to
provide interesting generalizations of what we have learned from deterministic dynamical
systems, particularly in the case of bifurcations. Other important domains of investigation are
phase transitions, emerging patterns and behaviors which result when we move up in scale in
the complex 4D fields.

Main challenges
1. The cascade paradigm

The idea of structures nested within larger structures, themselves nested within larger
structures and so on over a given range of space-time scales has been in physics for some
time, and could be traced back to Richardson’s book (Weather Prediction by Numerical
Processes, 1922) with his humoristic presentation of the paradigm of cascades. This paradigm
became widely used well beyond its original framework of atmospheric turbulence, in such
fields as ecology, financial physics or high-energy physics. In a very generic manner, a
cascade process can be understood as a space-time hierarchy of structures, where interactions
with a mother structure are similar in a given manner to those with its daughter structures.
This rather corresponds to a cornerstone of multiscale stochastic physics, as well as of
complex systems: a system made of its own replicas at different scales.

Cascade models have gradually become well-defined, especially in a scaling
framework, i.e. when daughter interactions are a rescaled version of mother ones. A series of
exact or rigorous results have been obtained in this framework. This provides a powerful
multifractal toolbox to understand, analyse and simulate extremely variable fields over a wide
range of scales, instead of simply at a given scale. Multifractal refers to the fact that these
fields can be understood as an embedded infinite hierarchy of fractals, e.g. those supporting
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field values exceeding a given threshold. These techniques have been applied in many
disciplines with apparent success.

However, a number of questions are still open on cascade processes. They include:
universality classes, generalized notions of scale, extreme values, predictability and more
generally their connection with dynamical systems either deterministic-like (e.g. Navier-
Stokes equations) or random (those discussed in the next section). It is certainly important to
look closely for their connections with phase transitions, emerging patterns and behaviors that
are discussed in the corresponding section. Particular emphasis should be placed on space-
time analysis and/or simulations, as discussed in the last section on the general question of
space-time scaling.

2. Random dynamical systems and stochastic bifurcations

Along with mathematicians' interest in the effects of noise on dynamical systems,
physicists have also paid increasing attention to noise effects in the laboratory and in models.
The influence of noise on the long-term dynamics often has puzzling nonlocal effects, and no
general theory exists at the present time. In this context, L. Arnold and his "Bremen group"
have introduced a highly novel and promising approach. Starting in the late 1980s, this group
developed new concepts and tools that deal with very general dynamical systems coupled
with stochastic processes. The rapidly growing field of random dynamical systems (RDS)
provides key geometrical concepts that are clearly appropriate and useful in the context of
stochastic modeling.

This geometrically-oriented approach uses ergodic and measure theory in an ingenious
manner. Instead of dealing with a phase space S, it extends this notion to a probability bundle,
S x probability space, where each fiber represents a realization of the noise. This external
noise is parametrized by time through the so-called measure-preserving driving system. This
driving system simply "glues™ the fibers together so that a genuine notion of flow (cocycle)
can be defined. One of the difficulties, even in the case of (deterministic) nonautonomous
forcing, is that it is no longer possible to define unambiguously a time-independent forward
attractor. This difficulty is overcome using the notion of pullback attractors. Pullback
attraction corresponds to the idea that measurements are performed at present time t in an
experiment that was started at some time s<t in the remote past, and so we can look at the
"attracting invariant state" at time t. These well-defined geometrical objects can be
generalized to randomness added to a system and are then called random attractors. Such a
random invariant object represents the frozen statistics at time t when "enough" of the
previous history is taken into account, and it evolves with time. In particular, it encodes
dynamical phenomena related to synchronization and intermittency of random trajectories.

This recent theory presents several great mathematical challenges, and a more
complete theory of stochastic bifurcations and normal forms is still under development. As a
matter of fact, one can define two different notions of bifurcation. Firstly, there is the notion
of P-bifurcation (P for phenomenological) where, roughly speaking, it corresponds to
topological changes in the probability density function (PDF). Secondly, there is the notion of
D-bifurcation (D for dynamical) where one considers a bifurcation in the Lyapunov spectrum
associated with an invariant Markov measure. In other words, we look at a bifurcation of an
invariant measure in a very similar way as we look at the stability of a fixed point in a
deterministic autonomous dynamical system. D-bifurcations are indeed used to define the
concept of stochastic robustness through the notion of stochastic equivalence. The two types
of bifurcation may sometimes, but not always be related, and the link between the two is
unclear at the present time. The theory of stochastic normal form is also considerably enriched
compared to the deterministic one but is still incomplete and more difficult to establish.
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Needless to say, bifurcation theory might be applied to partial differential equations (PDES)
but even proving the existence of a random attractor may appear very difficult.

3. Phase transitions, emerging patterns and behavior

Phase transition is usually associated with the emergence of patterns and collective
behavior, for instance due to the divergence of correlation length. Beyond the classical
example of glassy systems, these features have been recently observed in shear flows, where
the transition from laminar to turbulence occurs discontinuously through gradual increasing of
the Reynolds Number. In such a case, the order parameter is the volume fraction occupied by
the turbulence that slowly organizes into a band pattern, with a wavelength that is large with
respect to any characteristic size of the system.

Similar transition seems to occur in cortical dynamics, when the experimenters
increase the forcing of the sensory flow, using spectral or informational measures as an order
parameter. When subjected to simple visual input, neuronal processing is almost linear and
population activity exhibits localized blob patterns. When subjected to more informational
and realistic stimuli, the neuronal processing appears to be highly nonlinear, integrating input
over large spatial scales (center-surround interaction) and population patterns become more
complex and spatially distributed.

The present challenge is to build a simple stochastic model that accounts for the
emerging structures generated by the dynamic and their dependence on the forcing. A more
fundamental long-term aim is to catch both glassy and turbulent flow dynamics under such
formalism.

A novel approach consists in considering a population of agents that have their own
time dynamics and characterizing their collective behavior at different observation scales
through gradual aggregation.

The simplest way to aggregate agents is to sum an increasing number of them. When
they are identically distributed and independent random variables, the law of large numbers
and the central limit theorem apply and the resulting collective evolution is analogous to the
individual one. The result does not change when the dependence is short range — this would
be the equivalent of the laminar phase. As the spatial dependence becomes long range, the
nature of the collective behavior changes (lower rate of convergence, different limit process).
The same differences are observed when estimating the density of the law of the variables. By
playing with the interaction range, one is therefore able to induce a phase transition.

Another kind of transition is observable if one allows for nonlinear effects in the
aggregation process. In such a case, the resulting process may be short-range or long-range
dependent, even if the dynamics of the individual are simple (autoregressive short-range
dependence in space and time).

A first task is to develop such aggregation methods for simple individual models and
to investigate the joint effect of dependence and aggregation process. Examples of
applications include geophysical problems, hydrology and hydrography, integrative biology
and cognition.

4. Space-time scaling in physics and biology
1) Empirical background

Systems displaying a hierarchy of structures on a wide range of time and space scales
are ubiquitous in physics and biology.
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In the geosciences, ‘Stommel diagrams’ displaying life time vs. size of structures
(usually in log-log plots) span several orders of magnitude, but a satisfactory explanation of
this state of affairs is missing.

In biology, metagenomics have recently been developed to explore microbial
biodiversity and evolution by mining urban waste to improve our knowledge of the “tree of
life”, but the time structure is far from being reliably estimated.

In computer and social networks, the web is the best-known example, but scale-
invariant and small-world networks are encountered everywhere; in this case the temporal
aspects have started to be explored, but the connection between the spatial structure and the
latter aspects requires further attention.

2) State of the art

a) Taylor’s hypothesis of frozen turbulence (1935), also used in hydrology, is
presumably the simplest transformation of time scaling into space scaling. This is obtained by
considering that the system is advected with a characteristic velocity.

b) In other cases, the connection between space and time scaling is less evident. As
already pointed out, this is the case for computer networks: (space) network topology and
(time) computer traffic have been separately studied up to now. Morphogenesis is a research
domain that requires the development of space-time scaling analysis.

c) More recently, the comparison of scaling in time vs. scaling in space has been used
to determine a scaling time-space anisotropy exponent, also often called a dynamical
exponent.

3) What is at stake

a) Why do we need to achieve space-time analysis/modeling?
Basically there is no way to understand dynamics without space and time. For instance,
whereas earlier studies of chromosomes were performed only along 1D DNA positions, 4D
scaling analysis is required to understand the connection between the chromosome structure
and the transcription process.

b) Data analysis
We need to further develop methodologies:

- to perform joint time-space multiscale analysis either for exploratory analysis or for
parameter and uncertainty estimations,

- to extract information from heterogeneous and scarce data,

- to carry out 4-D data assimilation taking better account of the multiscale variability
of the observed fields,

- for dynamical models in data mining.

c) Modeling and simulations
We also need to further develop methodologies:

- to select the appropriate representation space (e.g. wavelets),

- to define parsimonious and efficient generators,

- to implement stochastic subgrid-scale parametrizations.
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Introduction

From genetic and social networks to the ecosphere, we face systems composed of
many distinct units that display collective behavior on space and time scales clearly separated
from those of individual units. Among many others, we can mention cellular movements in
tissue formation, flock dynamics, social and economic behavior in human societies, speciation
in evolution.

The complexity of such phenomena manifests itself in the non-trivial properties of the
collective dynamics - emerging at the global, population level - with respect to the
microscopic level dynamics.

Many answers and insights into such phenomena can and have been obtained by
analyzing them through the lens of non-linear dynamics and out-of-equilibrium statistical
physics. In this framework, the microscopic level is often assumed to consist of identical
units.

Heterogeneity is, however, present to varying extents in both real and synthetic
populations. Therefore, the existing descriptions also need to encompass variability both at
the level of the individual units and at the level of the environment they are embedded in, and
to describe the structures that emerge at the population level.

Similarly, homogeneous environment (medium) is a useful approximation for studying
collective dynamics. Yet hardly any real, either natural or artificial, environment is
homogeneous, thus deeply influencing the structures, dynamics and fates of a population. The
variability of the environment applies both on spatial and temporal scales. Examples include
filaments and vortices in fluid media, patches and corridors in landscapes, fluctuating
resources.

From a methodological point of view, such influences require, at least: the
quantification of environmental heterogeneities at different scales; the improvement of the
formalization of heterogeneity; the identification of the heterogeneity features that are
relevant to the population level and the study of population responses to changes in these
heterogeneities.

The question of the generation of heterogen