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We	  may	  think	  of	  ecosystems	  as	  
enduring	  parts	  of	  nature	  

hHp://travel.na&onalgeographic.com	  



But	  ecosystems	  and	  the	  biosphere	  are	  
dynamic,	  with	  lots	  of	  species	  turnover,	  

especially	  on	  local	  scales	  

Sweeney	  .	  Ed..	  



However,	  though	  species	  come	  and	  go,	  there	  are	  
characteris&c	  regulari&es	  in	  the	  macroscopic	  paHerns	  	  

in	  all	  ecosystems	  

www.yale.edu/yibs	  

www.csiro.au	  

www.bio.unc.edu	  



These	  “crude”	  regulari&es	  characterize	  
biomes	  

www.marieHa.edu	  



Characteris&c	  macroscopic	  paHerns	  are	  emergent,	  
independent	  of	  much	  microscopic	  detail	  

Volkov, Banavar, Hubbell and Maritan 
Nature 424, 1035-1037 

Abundance	  distribu&ons,	  stoichiometry,	  nutrient	  cycling	  



This	  implies	  a	  need	  to	  relate	  
phenomena	  across	  scales,	  from	  

	  
•  cells	  to	  organisms	  to	  collec&ves	  to	  ecosystems	  and	  the	  
biosphere	  

and	  to	  ask	  	  
•  How	  robust	  are	  the	  proper&es	  of	  ecosystems?	  
•  How	  does	  robustness	  of	  macroscopic	  proper&es	  relate	  to	  
ecological	  and	  evolu&onary	  dynamics	  on	  finer	  scales?	  

•  Can	  we	  develop	  a	  sta&s&cal	  mechanics	  of	  ecological	  
communi&es,	  and	  of	  coupled	  human-‐ecological	  systems?	  



Sustainability	  and	  environmental	  management	  
must	  focus	  on	  macroscopic	  features,	  

recognizing	  that	  these	  emerge	  from	  microscopic	  
interac&ons,	  but	  do	  not	  depend	  on	  most	  fine	  

details	  

www.piH.edu/~jdnorton	  



A	  perspec&ve	  from	  complexity	  theory	  
can	  help	  

•  “Sta&s&cal	  mechanics”	  of	  ecological	  
communi&es	  

•  Cri&cal	  transi&ons	  
•  Collec&ve	  phenomena	  and	  collec&ve	  mo&on	  

– Emergence	  and	  paHern	  forma&on	  
– Sta&s&cal	  mechanics	  

•  Conflict	  and	  collec&ve	  ac&on	  
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PaHern	  emerges	  even	  in	  simplest	  
models	  of	  ecological	  compe&&on	  

DurreH	  and	  Levin	  1994	  

11	  



Forest	  growth	  models	  have	  been	  well-‐
developed,	  and	  exhibit	  similar	  path	  

dependence	  
(	  Pacala,	  Botkin,	  Shugart,	  others)	  

12	  Deutschman,	  DH,	  SA	  Levin,	  C	  Devine	  and	  LA	  BuHel.	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  1997.	  	  Science	  277:1688.	  



Larger-‐scale	  models	  have	  been	  successful	  in	  
explaining	  global	  paHerns,	  though	  not	  individual	  

species	  	  abundances	  

hHp://www.fs.fed.us/pnw/mdr/mapss/	  MAPSS	  



u	  and	  K	  from	  ECCO2	  GCM	   Phyto	  	  growth	   Remineraliza&on	  
&	  other	  sources	  

Growth	   Mortality	   Grazing	   Sinking	  

MJ	  Follows	  et	  al,	  Science	  315,	  1843	  (2007)	  

Ocean	  dynamics:	  The	  MIT-‐DARWIN	  Model	  

C	  Wunsch	  &	  P	  Heimbach,	  Physica	  D	  230,197	  (2007)	  

N/P/Z=	  nutrients/phytoplankton/
zooplankton	  



Diatoms	  

Prochlorococcus	  

Synechococcus	  

Large	  eukaryotes	  

Follows,	  Dutkiewicz,	  Chisholm,	  
	  …	  

Ecotypes,	  not	  species,	  are	  predictable	  

Courtesy	  Follows	  and	  Dutkiewicz	  



For	  forests	  and	  oceans	  alike,	  challenge	  
is	  to	  simplify	  these	  descrip&ons	  
through	  aggrega&on	  and	  related	  

coarse-‐graining	  methods	  

www.teletech.com	  



17	  

	  Ecosystems	  and	  the	  Biosphere	  
are	  Complex	  Adap&ve	  Systems	  

Heterogeneous collections of individual 
units (agents) that interact locally, and 
evolve based on the outcomes of those 
interactions. 
 

NOAA	  



So	  too	  are	  the	  socio-‐economic	  systems	  
with	  which	  they	  are	  interlinked	  

18	  www.suite101.com	  



Features	  of	  CAS	  

•  Mul&ple	  spa&al,	  temporal	  and	  organiza&onal	  
scales	  

•  Self-‐organiza&on,	  and	  consequent	  
unpredictability	  

•  Mul&ple	  stable	  states,	  path	  dependence	  (Arthur),	  
hysteresis	  

•  Contagious	  spread	  and	  systemic	  risk	  
•  Poten&al	  for	  destabiliza&on	  and	  regime	  shils	  
through	  slow-‐&me-‐scale	  evolu&on	  

	  
19	  
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2008	  



Lecture	  outline	  

•  Sta&s&cal	  mechanics	  of	  ecological	  
communi&es	  

•  Cri&cal	  transi&ons	  
	  



There	  has	  been	  a	  lot	  of	  recent	  
aHen&on	  to	  cri&cal	  transi&ons	  	  

23	  

Anticipating Critical Transitions
Marten Scheffer,1,2* Stephen R. Carpenter,3 Timothy M. Lenton,4 Jordi Bascompte,5
William Brock,6 Vasilis Dakos,1,5 Johan van de Koppel,7,8 Ingrid A. van de Leemput,1 Simon A. Levin,9
Egbert H. van Nes,1 Mercedes Pascual,10,11 John Vandermeer10

Tipping points in complex systems may imply risks of unwanted collapse, but also opportunities
for positive change. Our capacity to navigate such risks and opportunities can be boosted by
combining emerging insights from two unconnected fields of research. One line of work is
revealing fundamental architectural features that may cause ecological networks, financial
markets, and other complex systems to have tipping points. Another field of research is uncovering
generic empirical indicators of the proximity to such critical thresholds. Although sudden
shifts in complex systems will inevitably continue to surprise us, work at the crossroads of these
emerging fields offers new approaches for anticipating critical transitions.

About 12,000 years ago, the Earth sud-
denly shifted from a long, harsh glacial
episode into the benign and stable Hol-

ocene climate that allowed human civilization to
develop. On smaller and faster scales, ecosystems
occasionally flip to contrasting states. Unlike grad-
ual trends, such sharp shifts are largely unpre-
dictable (1–3). Nonetheless, science is now carving
into this realm of unpredictability in fundamental
ways. Although the complexity of systems such
as societies and ecological networks prohibits ac-
curate mechanistic modeling, certain features turn
out to be generic markers of the fragility that may
typically precede a large class of abrupt changes.
Two distinct approaches have led to these in-
sights. On the one hand, analyses across networks
and other systems with many components have
revealed that particular aspects of their structure
determine whether they are likely to have critical
thresholds where they may change abruptly; on
the other hand, recent findings suggest that cer-
tain generic indicators may be used to detect if a
system is close to such a “tipping point.”We high-
light key findings but also challenges in these

emerging research areas and discuss how excit-
ing opportunities arise from the combination of
these so far disconnected fields of work.

The Architecture of Fragility
Sharp regime shifts that punctuate the usual fluc-
tuations around trends in ecosystems or societies
may often be simply the result of an unpredict-
able external shock. However, another possibility
is that such a shift represents a so-called critical
transition (3, 4). The likelihood of such tran-
sitions may gradually increase as a system ap-
proaches a “tipping point” [i.e., a catastrophic
bifurcation (5)], where a minor trigger can invoke
a self-propagating shift to a contrasting state. One
of the big questions in complex systems science
is what causes some systems to have such tipping

points. The basic ingredient for a tipping point
is a positive feedback that, once a critical point
is passed, propels change toward an alternative
state (6). Although this principle is well under-
stood for simple isolated systems, it is more chal-
lenging to fathom how heterogeneous structurally
complex systems such as networks of species,
habitats, or societal structures might respond to
changing conditions and perturbations. A broad
range of studies suggests that two major features
are crucial for the overall response of such sys-
tems (7): (i) the heterogeneity of the components
and (ii) their connectivity (Fig. 1). How these
properties affect the stability depends on the na-
ture of the interactions in the network.

Domino effects. One broad class of networks
includes those where units (or “nodes”) can flip
between alternative stable states and where the
probability of being in one state is promoted by
having neighbors in that state. Onemay think, for
instance, of networks of populations (extinct or
not), or ecosystems (with alternative stable states),
or banks (solvent or not). In such networks, het-
erogeneity in the response of individual nodes
and a low level of connectivity may cause the net-
work as a whole to change gradually—rather than
abruptly—in response to environmental change.
This is because the relatively isolated and differ-
ent nodes will each shift at another level of an en-
vironmental driver (8). By contrast, homogeneity
(nodes beingmore similar) and a highly connected
network may provide resistance to change until a
threshold for a systemic critical transition is reached
where all nodes shift in synchrony (8, 9).

This situation implies a trade-off between lo-
cal and systemic resilience. Strong connectivity
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Fig. 1. The connectivity and homogeneity of the units affect the way in which distributed systems with
local alternative states respond to changing conditions. Networks in which the components differ (are
heterogeneous) and where incomplete connectivity causes modularity tend to have adaptive capacity in
that they adjust gradually to change. By contrast, in highly connected networks, local losses tend to be
“repaired” by subsidiary inputs from linked units until at a critical stress level the system collapses. The
particular structure of connections also has important consequences for the robustness of networks,
depending on the kind of interactions between the nodes of the network.
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But	  interest	  in	  alterna&ve	  states,	  
thresholds	  and	  transi&ons	  is	  not	  a	  new	  

occupa&on	  in	  ecology…or	  
in	  other	  disciplines,	  especially	  physics	  

hHp://www.mgtaylor.com	  



So	  too	  are	  exaggerated	  claims	  
Rene	  Thom	  (1968)	  
Catastrophe	  Theory	  

hHp://en.wikipedia.org/wiki/Ren%C3%A9_Thom	  
hHp://en.wikipedia.org/wiki/Catastrophe_theory	  



Many	  such	  transi&ons	  have	  
characteris&c	  signals	  

•  Cri&cal	  slowing	  down	  
•  Increasing	  variance	  
•  Increasing	  autocorrela&on	  
•  Flickering	  

Bardy,	  B.;	  Oullier,	  O.;	  Bootsma,	  R.	  J.;	  
Stoffregen,	  T.	  A.;J.	  Exp.	  Psych.	  Vol	  28(3):
499-‐514.	  



lassp.cornell.edu	  

hHp://www.sst.ph.ic.ac.uk/kim/research/rice.html	  

Self-‐organized	  cri0cality	  predicts	  power	  law	  
distribu0ons	  of	  avalanches…and	  ex0nc0ons	  

But	  such	  signals	  	  
are	  not	  ubiquitous	  

Bak:	  How	  Nature	  Works	  
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US Stocks Lower, Winning Streak in
Jeopardy; DJIA Lower By 64 
Wall Street Journal - 1 hour ago
By Jonathan Cheng US stocks were set to
break a four-day winning streak, moving lower
Wednesday after the Federal Reserve issued a
cautious economic outlook just days ahead of
its exit from its asset-buying program. The Dow
Jones Industrial Average fell 64 points, or
0.5%, to 12125, while the ...

Dow Jones 0.00 -12,190.01 (-100.00%)
S&P 500 1,287.14 -8.38 (-0.65%)
Nasdaq 2,669.19 -18.07 (-0.67%)

World markets

Currencies
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Advertisement

Shanghai 2,648.98 +2.49 (0.09%)
Nikkei 225 9,629.43 0.00 (0.00%)
Hang Seng Index 21,859.97 +9.38 (0.04%)
TSEC 8,621.04 +23.42 (0.27%)
FTSE 100 0.000 -5,775.310 (-100.00%)
EURO STOXX 50 0.000 -2,801.990 (-100.00%)
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S&P TSX 0.000-13,063.320 (-100.00%)
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AUD/USD 1.0591 -0.0020 (-0.19%)

3 Month 0.00% -0.01 (-100.00%)
6 Month 0.07% -0.01 (-12.50%)
2 Year 0.37% +0.01 (2.78%)
5 Year 1.54% +0.05 (3.36%)
10 Year 2.98% +0.03 (1.02%)
30 Year 4.22% +0.02 (0.48%)

Fed inflation-targeting "not imminent": Bernanke
Reuters - 23 minutes ago
CHICAGO (Reuters) - Federal Reserve officials have discussed adopting an explicit inflation
target to help keep expectations in check, Fed Chairman Ben Bernanke said on Wednesday,
confirming reports in recent weeks.
Sohn, Sullivan Say Fed Officials Are Keeping Options Open
Bloomberg - 39 minutes ago
By Vivien Lou Chen - Wed Jun 22 20:27:45 GMT 2011 Sung Won Sohn, an economics
professor at California State University-Channel Islands, and Jim O'Sullivan, chief economist at
MF Global Inc., said Federal Reserve officials are keeping their options open ...
Tennessee bank in SEC settlement
Financial Times - 22 minutes ago
By Kara Scannell in New York Morgan Keegan, a Tennessee investment bank, agreed to pay
$210m to resolve civil US regulatory charges that it defrauded investors in five bond funds by
inflating the value of mortgage securities during the financial crisis ...
Transocean blames BP for Gulf spill
Financial Times - 8 hours ago
By Sylvia Pfeifer in London and Sheila McNulty in Houston Transocean, the owner of the
Deepwater Horizon rig at the centre of last year's Gulf of Mexico oil spill, has blamed BP, as
operator of the well, for decisions that it said ultimately led to the ...
U.S. Postal Service Will Suspend Contributions Into Employee Pension Fund
Bloomberg - 9 hours ago
By Angela Greiling Keane and John Hughes - Wed Jun 22 14:35:36 GMT 2011 The
suspension will save the Postal Service $800 million through the end of its fiscal year, it said.
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Surprises	  can	  s&ll	  occur	  



Nonetheless,	  alterna&ve	  stable	  states	  
are	  well-‐documented	  in	  ecology	  

©          Nature Publishing Group1977

www.greateryellowstonescience.org	  



Savanna-forest systems exhibit bistability in 
vegetation distribution 

Staver et al. 2011 (Ecology and Science) 

Changes	  in	  precipita&on	  can	  drive	  system	  flips	  



Carla	  Staver	  

KRUGER	  NATIONAL	  PARK,	  	  SAVANNA	  
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Archibald	  et	  al.	  2009	  

The	  form	  of	  the	  transi&on	  func&ons	  can	  
be	  derived	  from	  fire	  percola&on	  models	  
(Archibald	  	  PNAS	  2011;	  Schertzer,	  Staver,	  Levin	  in	  prep.)	  



dG
dt

= µS +νT −βGT

dS
dt

= βGT −ω(G)S −µS

dT
dt

=ω(G)S −νT

G + S +T =1

Rela&vely	  simple	  models	  can	  capture	  this	  behavior	  

Staver et al. 2011 (Ecology) and Staver & Levin 
(Amer.Natur.) 

Grass	  

Saplings	  

Trees	  

Grass	  

ω(G
) (all	  tree)	   (all	  grass)	  



Staver et al. 2011 (Ecology) and Staver & Levin 2012 
(Amer.Natur.) 

G (all trees)    (all grass) 

Savanna/Forest	  Distribu&ons	  

ω(G) = µν
βG −ν

f1(G) =ω(G)

f2 (G) =
µν

βG −ν

f1"(G)> f2"(G)

At equilibrium: 

For stability: 



•  Responses	  to	  changes	  in	  
rainfall	  status	  will	  be	  rapid,	  
threshold	  transi&ons	  

•  Changes	  will	  not	  be	  linear	  or	  
easy	  to	  reverse	  

•  Similar	  phenomena	  in	  other	  
systems,	  such	  as	  lakes	  and	  
pathogen	  systems	  

•  More	  detailed	  models	  exhibit	  
heteroclinic	  cycles	  

Modified very slightly from Scheffer et al. 2003, Nature 

Precipita&on	  

Precipita&on	  



Lecture	  outline	  

•  Sta&s&cal	  mechanics	  of	  ecological	  
communi&es	  

•  Cri&cal	  transi&ons	  
•  Collec&ve	  phenomena	  and	  collec&ve	  mo&on	  

– Emergence	  and	  paHern	  forma&on	  
– Sta&s&cal	  mechanics	  

	  



EMERGENCE	  



Vol 449|13 September 2007|doi:10.1038/nature06060!

Power	  laws	  can	  
arise	  in	  many	  ways	  

Null	  Model	  of	  	  
Complete	  	  
SpaFal	  	  
Randomness	  

Satellite	  
ObservaFons	  

Model	  with	  	  
local	  	  
facilitaFon	  

Courtesy	  Kelly	  Caylor	  



Vegeta&on	  paHerns	  in	  semi-‐arid	  
landscapes	  are	  self-‐organized	  

Meron	  et	  al.	  	  2004.	  Chaos,	  Solitons	  &	  Fractals	  
Volume	  19,	  Issue	  2,	  January	  2004,	  Pages	  367–376	  



Such patterns have been modeled as 
Turing instabilities:	  

uniform states can become unstable if 
Dv/Duis above some threshold.    

    

∂u
∂t = F u,v( )+ Du∇

2u
∂v
∂t =G u,v( )+ Dv∇

2v



But Turing models fail to explain much 
pattern, such as patchiness in the plankton 

disc.sci.gsfc.nasa.gov 



Zooplankton don’t move randomly, 
but aggregate 

www2.le.ac.uk 
Hence, collective motion is important to these patterns 



Similar	  problems	  of	  paHern	  forma&on	  
through	  collec&ve	  mo&on	  exist	  for	  a	  

wide	  range	  of	  organisms	  
•  Bacteria	  
•  Slime	  molds	  	  
•  Insects	  
•  Krill	  
•  Birds	  
•  Fish	  
•  Ungulates	  

Aerial	  photograph	  of	  a	  large	  wildebeest	  
herd,	  courtesy	  A.R.E.	  Sinclair	  (plate	  3	  
from	  A.R.E.	  Sinclair,	  The	  African	  Buffalo).	  



Most generally, the problem is 



How do we relate the 
macroscopic patterns to the 

microscopic rules? 
 

dzignsetc.bizland.com	  



Feynman:	  Trail-‐following	  

mishilo.image.pbase.com	  
Onlipix.com,	  original	  source	  unknown	  



The	  null	  hypothesis:	  a	  	  
random	  walk	  

mathworld.wolfram.com	  

€ 

∂n /∂t = D(∂ 2n /∂x 2 + ∂ 2n /∂y 2) + f (n)



But	  inter-‐individual	  interac&ons	  are	  
essen&al,	  and	  complicate	  things	  	  

cook.info	  



  

€ 

n x,v, t +δt( )=

d # x d # v PδX∫ (x − # x − # v δt ; # x , # v , t)

                        *PδV (v− # v − aδt ; # x , # v , t) n ( # x , # v , t)

Lagrangian-Eulerian duality 

P   = probability particle at x´, velocity v´, time t 
has random jump δx = x-x´-v´δt, etc. 

€ 

δX

Flierl,	  Grunbaum,	  Levin,	  Olson	  1999	  



    

∂
∂tn(x,v,t)=− ∂

∂xi
[vin(x,v,t)

−
∂
∂vi

[ain(x,v,t)]

+1
2

∂2

∂vi ∂vj
[γ ij n(x,v,t)]

 Closure and continuum equation	




•  If closures are good, these approximations 
work well 

•  Otherwise,	  equa&on-‐free	  methods	  can	  
subs&tute	  (Kevrekidis)	  

•  Intermediate	  levels	  of	  turbulence	  maximize	  
speed	  of	  aggrega&on	  (Compare	  Sloot	  and	  
stochas&c	  resonance)	  

	  

Flierl	  et	  al.,	  
JTB	  1999	  



But real aggregations are 
heterogeneous assemblages of 

individuals 



Claudo	  Carere	  
StarFLAG	  EU	  FP6	  project	  



Couzin, Krause, Franks, Levin 

•  Utilize simulations to explore these issues 
Iain	  Couzin/BBC	  
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So the direction chosen by informed individuals must 
reconcile these tendencies.    

si(t) 

di(t+Δt) =  
si(t) + ω gi(t)	

si(t) + ω gi(t)	
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5 informed individuals in group of 100. 
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10 informed individuals in group of 100. 
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Animal groups may be led by a 
small number of individuals 

From	  Couzin	  et	  al.,	  2005	  
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Courtey Iain Couzin 

Competition and consensus 
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Unequal numbers of leaders 



Kuramoto	  model	  
Leonard,	  Couzin,	  Levin,	  etc.	  

Gradient	  system,	  so	  all	  solu&ons	  go	  to	  equilibrium	  	  



Nabet,	  Leonard,	  et	  al.	  
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Everyone in cluster 
has same heading 

Courtesy,	  Ben	  Nabet	  
	  



Preliminary conclusions 

•  Naïve individuals are crucial to consensus 
•  Non-spatial models miss key detail 
•  Multi-scale analyses also essential 
•  Changing signals and boundaries are 

important (Holland) 



More	  complicated	  dynamic	  topologies	  







Slow	  &me	  scale	  

dajl
dt

! K2
!
1! ajl"t#

"
ajl"t#

#
!jl"t#! r

$
: [5]

Equilibrium solutions correspond to ajl(t) = 0 and ajl(t) = 1.
The state space for the model of Eqs. 1–3 and 5 is compact
because each "j is an angle and each ajl is a real number in the
interval [0, 1].

Results
The model exhibits fast and slow timescale behavior even for
moderate values of gains K1 and K2. Let N k be the subset of
indexes corresponding to individuals j in subgroup k for k = 1, 2,
3. For an initially aggregated group, the fast dynamics corre-
spond to the individuals in subgroup k (for each k = 1, 2, 3),
quickly becoming tightly coupled with one another: The coupling
weights ajl(t) for j " N k and l " N k converge to 1, and the di-
rection of motion "j(t) for each j " N k converges to a common
angle !k(t). Also, for each pair of subgroups m and n where m #
n the coupling weights ajl(t) for j " Nm and l " N n quickly ap-
proach a common value of either 0 or 1. Thus, after the fast
transient, individuals in each subgroup move together in the
same direction and the coupling between subgroups becomes
constant; the slow dynamics describe the evolution of the average
direction of each of the three possibly interacting subgroups.
We can formally derive the fast and slow timescale dynamics

in the case that # ! max"1=K1; 1=K2#<< 1, using singular per-
turbation theory (23). We define for k = 1, 2, 3

!k ! arg

 
1

vcNk

X

l"N k

vl

!

; !k !

%%%%%
1

vcNk

X

l"N k

vl

%%%%%:

Then !k is the average direction of motion of subgroup k and !k
is the magnitude of the normalized average speed of subgroup k.
The variable !k provides a measure of synchrony of all of the
heading directions in subgroup k; if !k = 1, then all individuals in
subgroup k are heading in the same direction.
For every j = 1, . . . , N we associate the value of k such that j "

N k, and we define a variable $j as a function of Nk"j !
P

l"N k
"l so

that it quantifies how close the heading of individual j is to the
average direction !k of its subgroup k. Rewriting Eqs. 1–4 in
terms of coordinates !k, $j, and ajl reveals that the variables !k
evolve at a slow (order 1) rate whereas $j and ajl evolve at a fast
(order 1/#) rate (SI Text).
The fast dynamics have a number of isolated solutions. We

consider isolated solutions that correspond to !k = 1 and ajl = 1,
for both j and l in subgroup k for k = 1, 2, 3. These solutions
correspond to those that emerge from groups that are initially
aggregated and correspond to every individual j in subgroup k
heading in the same direction !k. It follows that for these sol-
utions, every coupling weight ajl between an individual j in sub-
group 1 and an individual l in subgroup 2 takes the same value
A12. Likewise, ajl = A13 for j in subgroup 1 and l in subgroup 3
and ajl = A23 for j in subgroup 2 and l in subgroup 3. Each of A12,
A13, and A23 can take the value 0 or 1; so there are a total of
eight such solutions.
Each of these eight solutions defines an invariant manifold:

Each invariant manifold is defined such that if the dynamics start
with synchronized subgroups and interconnections between
subgroups defined by constants A12;A13;A23 each having value of
0 or 1, then they remain so for all time.
We identify the eight manifolds as follows. Manifold M101 is

defined by (A12, A13, A23) = (1, 0, 1) and manifold M110 by (A12,
A13, A23) = (1, 1, 0). M101 describes the case in which the two
informed subgroups 1 and 2 are coupled but the uninformed
subgroup 3 is coupled only with informed subgroup 2; M110
describes the symmetric case in which subgroups 1 and 2 are
coupled and subgroup 3 is coupled only with subgroup 1. Man-
ifold M000, defined by (A12, A13, A23) = (0, 0, 0), corresponds to
decoupled subgroups. Manifold M010 is defined by (A12, A13,
A23) = (0, 1, 0) where the coupling is between informed

subgroup 1 and the uninformed subgroup 3 as shown in Fig. 1,
Left. Manifold M001, defined by (A12, A13, A23) = (0, 0, 1),
describes the case symmetric to M010, where the coupling is
between informed subgroup 2 and the uninformed subgroup 3 as
shown in Fig. 1, Right. Manifold M100, defined by (A12, A13, A23)
= (1, 0, 0), corresponds to coupling only between the two in-
formed subgroups 1 and 2. Manifold M011, defined by (A12, A13,
A23) = (0, 1, 1), describes the case in which the uninformed
subgroup 3 is coupled with each informed subgroup 1 and 2, but
the two informed subgroups are not coupled with each other.
Manifold M111, defined by (A12, A13, A23) = (1, 1, 1), corre-
sponds to coupling among all three subgroups.
The derived (slow) dynamics on each of the eight manifolds

are defined by the rate-of-change of the average direction of
motion for each of the three subgroups:

d!1

dt
! sin"!"1 !!1"t##$

K1

N
"A12N2sin"!2"t#!!1"t##

$ A13N3sin"!3"t#!!1"t###

d!2

dt
! sin

#
!"2 !!2

!
t
"$

$ K1

N
"A12N1sin"!1"t#!!2"t##

$ A23N3sin"!3"t#!!2"t###

d!3

dt
! K1

N
"A13N1sin"!1"t#!!3"t##

$A23N2sin"!2"t#!!3"t###:
[6]

Each of the eight invariant manifolds is defined to be stable if
solutions corresponding to initial conditions near the manifold
approach the manifold with time; in this case the full dynamical
solution is well approximated by the stable solution of the slow
dynamics of Eq. 6. We can determine conditions under which
each of the eight manifolds is stable by computing the stability of
the boundary layer dynamics (fast dynamics) evaluated at the
stable solution(s) of the slow dynamics (23) (SI Text). Without
loss of generality we set !"1 ! 0 and 0$ !"2 $ % ; thus, the differ-
ence in preferred directions !"2 ! !"1 = !"2. We focus on the case in
which the two informed subgroups have equal population size;
i.e., we take N1 = N2.
Our analysis shows that manifolds M101 and M110 (where the

uninformed subgroup couples with only one of the coupled informed
subgroups) are always unstable, but there are conditions such that
the remaining six manifolds are stable. The manifolds M010 and
M001 (where the uninformed subgroup couples with only one of the
uncoupled informed subgroups) are both stable if and only if

cos!"2 < 2r2 ! 1;

i.e., if and only if the difference in preferred direction !"2 > !"c,
where the critical difference in preference direction !"c is given by

!"c ! cos! 1!2r2 ! 1
"
: [7]

On the other hand, manifold M111 (where all subgroups are
coupled) is stable if !"2 < !"c, i.e., if

Fig. 1. Coupling in manifolds M010 (Left) and M001 (Right) among sub-
groups 1, 2, and 3 as indicated by arrows.
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Eight	  invariant	  manifolds	  

dajl
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$
: [5]

Equilibrium solutions correspond to ajl(t) = 0 and ajl(t) = 1.
The state space for the model of Eqs. 1–3 and 5 is compact
because each "j is an angle and each ajl is a real number in the
interval [0, 1].

Results
The model exhibits fast and slow timescale behavior even for
moderate values of gains K1 and K2. Let N k be the subset of
indexes corresponding to individuals j in subgroup k for k = 1, 2,
3. For an initially aggregated group, the fast dynamics corre-
spond to the individuals in subgroup k (for each k = 1, 2, 3),
quickly becoming tightly coupled with one another: The coupling
weights ajl(t) for j " N k and l " N k converge to 1, and the di-
rection of motion "j(t) for each j " N k converges to a common
angle !k(t). Also, for each pair of subgroups m and n where m #
n the coupling weights ajl(t) for j " Nm and l " N n quickly ap-
proach a common value of either 0 or 1. Thus, after the fast
transient, individuals in each subgroup move together in the
same direction and the coupling between subgroups becomes
constant; the slow dynamics describe the evolution of the average
direction of each of the three possibly interacting subgroups.
We can formally derive the fast and slow timescale dynamics

in the case that # ! max"1=K1; 1=K2#<< 1, using singular per-
turbation theory (23). We define for k = 1, 2, 3
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Then !k is the average direction of motion of subgroup k and !k
is the magnitude of the normalized average speed of subgroup k.
The variable !k provides a measure of synchrony of all of the
heading directions in subgroup k; if !k = 1, then all individuals in
subgroup k are heading in the same direction.
For every j = 1, . . . , N we associate the value of k such that j "

N k, and we define a variable $j as a function of Nk"j !
P

l"N k
"l so

that it quantifies how close the heading of individual j is to the
average direction !k of its subgroup k. Rewriting Eqs. 1–4 in
terms of coordinates !k, $j, and ajl reveals that the variables !k
evolve at a slow (order 1) rate whereas $j and ajl evolve at a fast
(order 1/#) rate (SI Text).
The fast dynamics have a number of isolated solutions. We

consider isolated solutions that correspond to !k = 1 and ajl = 1,
for both j and l in subgroup k for k = 1, 2, 3. These solutions
correspond to those that emerge from groups that are initially
aggregated and correspond to every individual j in subgroup k
heading in the same direction !k. It follows that for these sol-
utions, every coupling weight ajl between an individual j in sub-
group 1 and an individual l in subgroup 2 takes the same value
A12. Likewise, ajl = A13 for j in subgroup 1 and l in subgroup 3
and ajl = A23 for j in subgroup 2 and l in subgroup 3. Each of A12,
A13, and A23 can take the value 0 or 1; so there are a total of
eight such solutions.
Each of these eight solutions defines an invariant manifold:

Each invariant manifold is defined such that if the dynamics start
with synchronized subgroups and interconnections between
subgroups defined by constants A12;A13;A23 each having value of
0 or 1, then they remain so for all time.
We identify the eight manifolds as follows. Manifold M101 is

defined by (A12, A13, A23) = (1, 0, 1) and manifold M110 by (A12,
A13, A23) = (1, 1, 0). M101 describes the case in which the two
informed subgroups 1 and 2 are coupled but the uninformed
subgroup 3 is coupled only with informed subgroup 2; M110
describes the symmetric case in which subgroups 1 and 2 are
coupled and subgroup 3 is coupled only with subgroup 1. Man-
ifold M000, defined by (A12, A13, A23) = (0, 0, 0), corresponds to
decoupled subgroups. Manifold M010 is defined by (A12, A13,
A23) = (0, 1, 0) where the coupling is between informed

subgroup 1 and the uninformed subgroup 3 as shown in Fig. 1,
Left. Manifold M001, defined by (A12, A13, A23) = (0, 0, 1),
describes the case symmetric to M010, where the coupling is
between informed subgroup 2 and the uninformed subgroup 3 as
shown in Fig. 1, Right. Manifold M100, defined by (A12, A13, A23)
= (1, 0, 0), corresponds to coupling only between the two in-
formed subgroups 1 and 2. Manifold M011, defined by (A12, A13,
A23) = (0, 1, 1), describes the case in which the uninformed
subgroup 3 is coupled with each informed subgroup 1 and 2, but
the two informed subgroups are not coupled with each other.
Manifold M111, defined by (A12, A13, A23) = (1, 1, 1), corre-
sponds to coupling among all three subgroups.
The derived (slow) dynamics on each of the eight manifolds

are defined by the rate-of-change of the average direction of
motion for each of the three subgroups:

d!1

dt
! sin"!"1 !!1"t##$
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$A23N2sin"!2"t#!!3"t###:
[6]

Each of the eight invariant manifolds is defined to be stable if
solutions corresponding to initial conditions near the manifold
approach the manifold with time; in this case the full dynamical
solution is well approximated by the stable solution of the slow
dynamics of Eq. 6. We can determine conditions under which
each of the eight manifolds is stable by computing the stability of
the boundary layer dynamics (fast dynamics) evaluated at the
stable solution(s) of the slow dynamics (23) (SI Text). Without
loss of generality we set !"1 ! 0 and 0$ !"2 $ % ; thus, the differ-
ence in preferred directions !"2 ! !"1 = !"2. We focus on the case in
which the two informed subgroups have equal population size;
i.e., we take N1 = N2.
Our analysis shows that manifolds M101 and M110 (where the

uninformed subgroup couples with only one of the coupled informed
subgroups) are always unstable, but there are conditions such that
the remaining six manifolds are stable. The manifolds M010 and
M001 (where the uninformed subgroup couples with only one of the
uncoupled informed subgroups) are both stable if and only if

cos!"2 < 2r2 ! 1;

i.e., if and only if the difference in preferred direction !"2 > !"c,
where the critical difference in preference direction !"c is given by

!"c ! cos! 1!2r2 ! 1
"
: [7]

On the other hand, manifold M111 (where all subgroups are
coupled) is stable if !"2 < !"c, i.e., if

Fig. 1. Coupling in manifolds M010 (Left) and M001 (Right) among sub-
groups 1, 2, and 3 as indicated by arrows.
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Lecture	  outline	  

•  Sta&s&cal	  mechanics	  of	  ecological	  
communi&es	  

•  Cri&cal	  transi&ons	  
•  Collec&ve	  phenomena	  and	  collec&ve	  mo&on	  

– Emergence	  and	  paHern	  forma&on	  

•  Conflict	  and	  collec&ve	  ac&on	  



How does selection shape the trade-off between 
tracking resources and tracking other individuals? 

What is the value of information? 

Grunbaum 



Ques&ons	  

•  How	  many	  leaders?	  
•  How	  many	  followers?	  



Ques&ons	  

•  How	  many	  leaders?	  
•  How	  many	  followers?	  

•  Group	  op&mality	  
•  Game-‐theore&c	  solu&ons	  
•  Lessons	  for	  coopera&on	  in	  public	  goods	  
situa&ons	  



Distributed, communicating 
robots 

79 

Naomi 
Leonard; 
Photo, David Benet  

Naomi	  Leonard	  



Recent	  work	  :	  The	  evolu&on	  of	  collec&ve	  migra&on	  



GuHal	  et	  al.	  
Simple	  model:	  wide	  range	  of	  dynamics	  
	  	  

	  	  	  	  Gradient	  detecFon	  ability	  

So
ci
al
ity

	  
Brownian	  swarms	  

Solitary	  	  
MigraFons	  

Random	  walking	  
individuals	  

Collec&ve	  Migra&on	  
Migratory	  	  
Benefits	  per	  	  
indivudal	  	  

Thanks	  to	  Iain	  Couzin	  
	  



Evolu&onary	  branching:	  leaders	  and	  
followers	  

•  Small	  frac&on	  of	  popula&on	  evolve	  to	  be	  leaders	  (large	  ωg	  but	  small	  ωs)	  
•  the	  rest	  naively	  follow	  others	  (small	  ωg;	  large	  ωs)	  

	   	   	  	  GuHal	  and	  Couzin,	  PNAS,	  2010	   Thanks	  to	  Iain	  Couzin	  
	  



Collec&ve	  ac&on	  
The	  Tragedy	  of	  the	  Commons	  

William	  Forster	  Lloyd	  (1832)	   Aelbert_Cuyp	  



The	  Commons	  solu&on	  (Hardin,	  Ostrom)	  

“Mutual coercion, mutually agreed upon”	


hHp://www.physics.ohio-‐state.edu/~wilkins	  
hHp://www.guardian.co.uk	  Ref.	  	  Gell-‐Mann,	  Novotny	  



The role of a fairness norm for the 
evolution of cooperation  

 #
The survival of the conformist: equity-driven 
ostracism and renewable resource management 

with Alessandro Tavoni and Maja Schlüter#

Pictures from http://www.lobsterfrommaine.com#



Figure 4: The ⇤(f�
c ) = ⇥d(ed, R�) loci guaranteeing coexistence of types (given

the ostracism function in Fig. 3), superimposed on the contours of the resource
function at equilibrium (brighter shades indicate higher resource levels). The
cooperators extract at the social optimum, while defectors above it, according
to their type as given by the e↵ort multiplier µ: given the latter (e.g. µ = 2.5)
one can determine which equilibrium arises for a given initial fc (e.g. a Mixed
equilibrium on locus b with relatively high R� for fc = 0.8). The highest level
of µ on the y-axis corresponds to µnash, and yields, depending on the initial
fc, either a Mixed or a Defector equilibrium (both with the minimal R�in their
category).

Inspection of the curves in Figure 4 allows one to assess the qualitative features
of the system resulting from the above condition: to the left of locus a, i.e. for
low initial fc, ⇤(fc) < ⇥d(ed, R), so the system will evolve towards the stable
defector equilibrium independently of µ. If, for instance, we consider defectors
who extract resource according to the Nash rule (µnash : ed = enash), the equi-
librium will be characterized by ⇤(0) = 0 < ⇥d(ed, Rnash) (see footnote 4). To
the right of locus a, ⇤(fc) > ⇥d(ed, R), so the community of appropriators fol-
lowing the restrictive norm will grow larger. The system will transition towards
the cooperator equilibrium when the e↵ort di↵erence between cooperators and
defectors is not too large (low µ), as the above inequality will continue to hold
until stable monomorphic cooperation obtains, with ⇤(1) > ⇥d(ed, Reff) (see

15

Frequency	  of	  cooperators	  

Selfishness	  



Consensus	  may	  also	  be	  emergent	  
more	  generally	  

87	  

Science	  	  (16Dec	  2011)	  

Uninformed Individuals Promote
Democratic Consensus in Animal Groups
Iain D. Couzin,1* Christos C. Ioannou,1† Güven Demirel,2 Thilo Gross,2‡ Colin J. Torney,1

Andrew Hartnett,1 Larissa Conradt,3§ Simon A. Levin,1 Naomi E. Leonard4

Conflicting interests among group members are common when making collective decisions,
yet failure to achieve consensus can be costly. Under these circumstances individuals may be
susceptible to manipulation by a strongly opinionated, or extremist, minority. It has previously
been argued, for humans and animals, that social groups containing individuals who are
uninformed, or exhibit weak preferences, are particularly vulnerable to such manipulative agents.
Here, we use theory and experiment to demonstrate that, for a wide range of conditions, a strongly
opinionated minority can dictate group choice, but the presence of uninformed individuals
spontaneously inhibits this process, returning control to the numerical majority. Our results
emphasize the role of uninformed individuals in achieving democratic consensus amid internal
group conflict and informational constraints.

Social organisms must often achieve a
consensus to obtain the benefits of group
living and to avoid the costs of indecision

(1–12). In some societies, notably those of eu-
social insects,making consensus decisions is often
a unitary, conflict-free process because the close
relatedness among individuals means that they
typically share preferences (11). However, in other
social animals, such as schooling fish, flocking
birds, herding ungulates, and humans, individual
group members may be of low relatedness; thus,
self-interest can play an important role in group
decisions. Reaching a consensus decision, there-
fore, frequently depends on individuals resolving
complex conflicts of interest (1–11, 13, 14).

There are several means of achieving group
consensus. In some cases, decisions made by one
or only a small proportion of the group dictate the
behavior of the entire group (4–6, 13, 14). There-
fore, a minority, or even a single individual, has
the potential to control or exploit the majority,
achieving substantial gains at the expense of
other groupmembers (1–6, 9, 10, 14). In contrast,
consensus can also be reached through demo-
cratic means, with fair representation and an out-
come determined by a plurality. Democratic
decisions tend to be more moderate, minimiz-
ing group consensus costs, particularly in large
animal groups (3). However, in the absence of
established procedures such as voting (8), it is
unclear how equal representation is enforced.

Consequently, for both human societies
(1, 2, 6, 9, 10, 14) and group-living animals
(6, 13), it has been argued that group decisions
can be subject to manipulation by a self-interested
and opinionated minority. In particular, previous
work suggests that groups containing individu-
als who are uninformed, or naïve, about the de-
cision being made are particularly vulnerable to
such manipulation (2, 9, 10, 13). Under this view,
uninformed individuals destabilize the capacity
for collective intelligence in groups (10, 14), with
poorly informed individuals potentially facilitat-
ing the establishment of extremist opinions in
populations (9, 14).

Here, we address the question of whether
and, if so, under which conditions a self-interested
and strongly opinionated minority can exert its
influence on groupmovement decisions.We show

that uninformed individuals (defined as those
who lack a preference or are uninformed about
the features on which the collective decision is
being made) play a central role in achieving dem-
ocratic consensus.

We use a spatially explicit computational
model of animal groups (15) that makes minimal
assumptions regarding the capabilities of indi-
vidual group members; they are assumed to
avoid collisions with others and otherwise exhibit
the capacity to be attracted toward, and to align
direction of travel with, near neighbors (5, 16).
We investigate the case of consensus decision-
making regarding a choice to move to one of two
discrete targets in space (thus, the options are
mutually exclusive).

The direction and strength of an individual’s
preference are encoded in a vector term w⇀ (di-
rected toward the individual’s preferred target).
Higher scalar values of w (equivalent to the
length of thew⇀ vector,w! |w⇀ |) represent a greater
conviction in, or strength of, individual preference
to move in the direction of the target and, thus,
also represent greater intransigence to social in-
fluence (5).We explore the case where there are
two subpopulations within the group—N1 and
N2, respectively—that have different preferred
targets. Because we are interested in determining
whether a minority can exploit a majority, we set
N1 > N2 for the simulation. The strengths of the
preference of the numerical majority and minor-
ity are represented by their respective w values,
w1 and w2. See (15) for details.

If the strength of the majority preference (w1)
is equal to or stronger than the minority pref-
erence (w2), the group has a high probability of
reaching the majority-preferred target (Fig. 1A)
(5). Yet increasing w2 (beyond w1) can result
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Fig. 1. Spatial simulation of consensus decision-making in which individuals’ preferred direction,
weighted by their respective w (see main text), is directed toward their preferred target. (A) w1 = 0.3.
All individuals are informed with majority N1 = 6 and minority N2 = 5. As the minority increases its
preference strength, w2, it increasingly controls group motion. (B) In the presence of sufficient
uninformed individuals, the minority can no longer exploit the majority by increasing w2 (see fig. S2
for other values of N1 and N2). The ratio of the majority to all informed, N1/(N1 + N2), is shown as a
horizontal gray dashed line. The proportion reaching the majority target is calculated as the number of
times (from 20,000 replicates) the majority-preferred target is reached divided by the number of times
a (minority or majority) target was reached (i.e., only consensus decisions were evaluated; splitting was
infrequent; see fig. S5). w1 = 0.3. See (15) for details.
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Number	  of	  unopinionated	  	  individuals	  

ω1	  =	  0.3	  (majority	  preference)	  
ω2	  =	  0.42	  (minority	  preference)	  

Majority	  (N1)	  =	  6	  
Minority	  (N2)	  =	  5	  

Couzin	  et	  al.	  

The	  importance	  of	  unopinionated	  individuals	  



Decision-‐making	  in	  human	  groups:	  
Adap&ve	  network	  model	  

(aler	  Huepe	  et	  al.,	  2011)	  

•  Network	  with	  (large)	  N	  nodes,	  iniFalized	  with	  Erdos-‐Renyi	  
random	  graph	  with	  mean	  degree	  10	  

•  Induced	  opinion	  changes:	  Focal	  individual	  changes	  opinion	  
with	  probability	  that	  depends	  nonlinearly	  on	  number	  of	  
opposing	  individuals	  it	  is	  connected	  to	  

•  Each	  uninformed	  individual	  switches	  state	  spontaneously	  
with	  probability	  q….lower	  	  probability	  of	  switching	  away	  
from	  preferred	  state	  

•  Links	  are	  made	  or	  broken,	  with	  probabiliFes	  based	  on	  
similarity	  of	  opinions	  



Analy&cal	  approxima&on:	  
Saddle-‐node	  bifurca&on	  
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Conclusions	  
•  Collec&ve	  phenomena	  and	  emergence	  characterize	  systems,	  

from	  microbial	  communi&es	  to	  the	  biosphere	  
•  A	  fundamental	  challenge	  is	  to	  scale	  from	  microscopic	  to	  

macroscopic,	  to	  allow	  a	  “crude	  look	  at	  the	  whole”	  
•  Conflict	  and	  coopera&on	  are	  challenges	  in	  all	  systems	  
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