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• Something on modelling humans 

• (Quick) Modelling us in Sant’Antioco (here and now) 

• (Deep) The problem of consensus 

• Simple conventions 

• Categories 

• (Maybe) How we explore mental spaces 



“with enough data, the numbers speak for themselves”
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Etymology: 1570s, "likeness made to scale; architect's set of 
designs," from Middle French modelle (16c., Modern French modèle), 
from Italian modello "a model, mold," from Vulgar Latin *modellus, 
from Latin modulus "a small measure, standard," diminutive of modus 
"manner, measure"  
(from PIE root *med- "take appropriate measures"). 



Arturo Rosenblueth and Norbert Wiener
“The Role of Models in Science”
Philosophy of Science, Vol. 12, No. 4 (Oct., 1945), pp. 316-321

“Consider first material models.  

They start by being rough approximations, 
surrogates for the real facts studied.  

Let the model approach asymptotically the 
complexity of the original situation.  

It will tend to become identical with that 
original system. As a limit it will become that 
system itself.   

That is, in a specific example, 
the best material model for a cat 
is another, or preferably the 
same, cat.” 

MODELLING 



Ockham’s razor: 
among competing hypotheses, 
the one with the fewest 
assumptions should be selected

MODELLING AS A PROBLEM OF MEASURE 



A DEBATE IN THE SOCIAL SCIENCES 



• Impossibility of doing experiments (e.g., origin of decrease in 
crime rate in NYC in the ‘90s). 
Not completely true. and what about astronomy?  

• “Contingency”: random, unpredictable, facts affect history. 
(“Cleopatra’s nose” problem, Mark Antony fell in love..) 
What about biology? 

•Complexity of the human being. Human world is complicated 
because people are complicated.  
Individuals are different, they react differently, they respond to the 
environment, they have free-will, etc.

THE ‘HUMAN’ PROBLEM



1. Rational individuals are predictable,  
2. Everyone is identical.

this has produced important results, but 
often does not predict human behaviour.

RATIONALITY?



Say a number between 0 and 100. The winner will be the one to be closer to 
2/3 of the average of the chosen numbers. (Richard Thaler, 1987).  
Replicated in todays NYT http://www.nytimes.com/interactive/2015/08/13/upshot/are-you-smarter-than-other-
new-york-times-readers.html

Rationality: the average will be 50, so the winning number is 33. But everyone 
is rational, so the winning number is 22. But everyone notices this, so the 
winning number is 15.. The rational choice is 0.

The overall average was 18.9, and the winner said 13.

http://www.nytimes.com/interactive/2015/08/13/upshot/are-you-smarter-than-other-new-york-times-readers.html




Two systems: 

1. Fast, instinctive and emotional 
2. More rational system. 

Both have biases. But both are shared.

A “social atom” is possible  
(to be defined each time).

THINKING, FAST AND SLOW



Agent-based models consist of dynamically interacting rule-based agents.  

Typically agents are situated in space, either a lattice a network or a 
physical space. 

The modeller has to specify  
1) the architecture of the agents (which can be heterogeneous),  
2) the rules of their interactions.

AGENT-BASED MODEL



Adaptive rather than rational agents. The individuals are 
assumed to follow simple rules [..]. These rules are not 
necessarily derivable from any principles of rational calculation 
based on costs and benefits or forward-looking strategic 
analysis typical of game theory. Instead, the agents simply 
adapt to their environment. 

Robert Axelrod, J. Conflict. Resol. 2:203 (1997)

ADAPTIVE AGENTS



•  (Much) easier than deriving analytical results 
•  Flexible 
•  They allow to study out-of equilibrium systems, and dynamics 

in general 
•  They can be used to study the robustness, resilience, adaptivity 

of systems, etc. 

• Complicated rules/agents can produce opaque results 
• The modeller risks to put into the model the output she wants to 

find.  
• Complex models which are closer to the system we want to 

model can be less explanatory than simpler models.

PROS AND CONS



Etymology: from Latin experimentum "a trial, test, proof, 
experiment," noun of action from experiri "to try, test,"  

from ex- "out of" (see ex-) + peritus "experienced, tested,"  
from PIE *per-yo-, suffixed form of root  
*per- (3) "to try, risk."





DYNAMICS  
OF F2F NETS

With M. Starnini and R. Pastor-Satorras



Conferences
Schools

Hospitals
Museum

More to come...



Empirical Networks
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HETEROGENEITY AND BURSTINESS



Maybe that guy 
is more attractive  

than me???

V.I.P.

TYPICAL CONFERENCE
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When 2 agents meet within a distance d, they start to interact

N agents perform a biased random walk in a 2D space

Phys. Rev. Lett. 2013, Social Networks 2016

MODEL



Biased random walk

Interaction within radius d 

ai 2 [0, 1)Each agent has a given attractiveness 
(extracted from a uniform distribution) 
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MODELLING FACE-TO-FACE INTERACTIONS
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Figure 3: (color online) Group dynamics: Up: Group size distribution P(n)
for di↵erent datasets and for the model, numerically simulated with di↵erent
number of agents N = 200 and N = 400, and same size L = 100. Down:
Lifetime distribution Pn(�t) of groups of di↵erent size n, for the “Congress”
dataset (symbols) and for the model numerically simulated with N = 400 and
L = 100. (dashed lines).

nation could be that the RFID devices of the SocioPatterns ex-
periment require individuals to face each others within a given
angle, making the group definition e↵ectively more fragile than
in the model, where such directionality is absent.

6. Collective level dynamics and searching e�ciency

The temporal dimension of any time-varying graph has a
deep influence on the dynamical processes taking place upon
such structures [43]. In the fundamental example of opinion (or
epidemic) spreading, for example, the time at which the links
connecting an informed (or infected) individual to his neigh-
bors appear determines whether the information (or infection)
will or will not be transmitted. In the same way, it is possible
that a process initiated by individual i will reach individual j
through an intermediate agent k through the path i ! k ! j
even though a direct connection between i and j is established
later on. This information is lost in the time aggregated repre-
sentation of the network, where any two neighboring nodes are
equivalent [32]. In general, time respecting paths [31] deter-
mine the set of possible causal interactions between the agents
of the graph, and the state of any node i depends on the state of
any other vertex j through the collective dynamics determining
their causal relationship.
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Figure 4: (color online) Time-respecting paths: Probability distributions of
the shortest, Ps(l), (top) and fastest, P f (l), (bottom) path length, for the time-
varying network obtained by the empirical data and by the model, numerically
simulated with di↵erent number of agents N = 200 and N = 400, and same
size L = 100.

For any two vertices, we can measure the shortest time-
respecting path, ls

i j, and fastest time-respecting path, l f
i j, be-

tween them [56]. The former is defined as the path with the
smallest number of intermediate steps between nodes i and j,
and the latter is the path which allows to reach j starting from i
within the smallest amount of time. In Fig. 4 we plot the prob-
ability distributions of the shortest and fastest time-respecting
path length, Ps(l) and Pf (l), respectively, of both empirical data
and model, finding that they show a similar behavior, decaying
exponentially, and being peaked for a small number of steps.

Given the importance of causal relationship on any spreading
dynamics, it is interesting to explicitly address the dynamical
unfolding of a di↵usive process. Here we analyze the simplest
example of a search process, the random walk, which describes
a walker traveling the network and, at each time step, selecting
randomly its destination among the available neighbors of the
node it occupies. The random walk represents a fundamental
reference point for the behavior of any other di↵usive dynamics
on a network, when only local information is available. Indeed,
assuming that each individual knows only about the information
stored in each of its nearest neighbors, the most naive economi-
cal strategy is the random walk search, in which the source ver-
tex sends one message to a randomly selected nearest neighbor
[4]. If that individual has the information requested, it retrieves
it; otherwise, it sends a message to one of its nearest neighbors,
until the message arrives to its final target destination. In this
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Social Networks 47, 130 (2016)

M. Starnini, A. Baronchelli and R. Pastor-Satorras 
Modeling human dynamics of face-to-face 

interaction networks 
Phys. Rev. Lett. 110, 168701 (2013)



A proxy for many things.

WHAT’S ATTRACTIVENESS?

At IC2S2 in Cologne (July 2017) and here participants to a Sociopatterns 
experiment where given a questionnaire about

- self-perceived scientific attractiveness 
- self-perceived social attractiveness 
- range of google scholar citations 
- range of participants already known





THE EMERGENCE OF 
CONSENSUS 

With A. Barrat, D. Centola, L. Dall’Asta, V. Loreto, A. Puglisi, L. Steels  



I. CONVENTIONS



MERRIAM WEBSTER DICTIONARY (2017) 

SPAM 
Unsolicited usually commercial   e-mail sent 

to a large number of addresses 

Monty Python (1974) 



?



?



CONSENSUS IS NEEDED FOR, E.G., 

• Money 
• Language 
• Politeness 
• Standards of dress and decorum 
• Notions of fairness 
• Conceptions of right and wrong 
• Etc.



AS NOTED A LONG TIME AGO

Money has become by convention a sort of representative 
of demand [..] and it is in our power to change it  

Aristotle, Nicomachean Ethics (V.5.II33a)

No one is able to persuade me that the correctness of 
names is determined by anything besides convention… 

Plato, Cratylus (384c-d)



“What's in a name? That which we 
call a rose by any other name would 
smell as sweet”

W. Shakespeare

THE PROTOTYPICAL EXAMPLE: NAMES



selected from among two or more 
alternatives

unwritten custom shared throughout a 
community

SOCIAL CONVENTION



THE “FOUNDATION OF SOCIAL ORDER”

• Norms determine our expectations on how others will 
act (Bicchieri 2006) 

• Once established, norms appear natural - as if other 
alternatives did not exist (Berger, 1977; Ridgeway 1991) 

• Norms are not always desirable or beneficial (Skyrms 1996)



WHERE DOES 

THIS CONSENSUS 
COME FROM?



CENTRALISED AUTHORITY 

• Formal authority (Tisak et al. 2005)

• Incentives for global coordination (Kearns, 2009)• Social leadership (Young, 1971)

• Informational feedback (Merton, 1951)



‘SPONTANEOUS’ EMERGENCE? 

global consensus is the 
unintended consequence  

of individuals’ efforts to 
coordinate locally with one 

another



MECHANISMS OF SPONTANEOUS EMERGENCE

Logical reflection on the strategic situation 
e.g. payoff dominance (Harsanyi & Selten 1988)

Psychological factors outside of rational 
analysis e.g. focal point (Shelling, 1960)

The collective dynamics selects the equilibrium  
e.g. replicator dyn, naming game (Steels 1995; Skyrms 1996)



SPONTANEOUS EMERGENCE (STRICT DEFINITION)

Local interactions

Local information

All alternatives are equal

Dynamics selects equilibrium

+



TESTING SPONTANEOUS EMERGENCE  

• Experiments (Garrod, 1994; Galantucci 2005; Selten & Warglien, 2007) 

• Robot experiments (Steels et al, 1997) 

• Modelling 

• Data Science 

• New Experiment



EXPERIMENTS WITH HUMAN SUBJECTS

Garrod & Doherty, 1994. Conversation, co-ordination and 
convention: An empirical investigation of how groups establish 
linguistic convention. Free dialogue, but focus on the choice 
between 4 categories of description.  

Galantucci 2005. An experimental study of the emergence of 
human communication systems. Individuals have to coordinate on 
where to go in order to meet in a simple set of communicating 
room.  

Selten & Warglien, 2007. The emergence of simple languages in 
an experimental coordination game. Language oriented analysis: 
emergence of compositionality, etc.

N=2,  
N=10 

N=2

N=2

BUT MORE IS DIFFERENT! (?)



LANGUAGE GAMES

The language is meant to serve for communication 
between a builder A and an assistant B.  

A is building with building-stones: there are blocks, 
pillars, slabs and beams. B has to pass the stones, 
in the order in which A needs them.  

For this purpose they use a language consisting of 
the words "block", "pillar" "slab", "beam". A calls 
them out; — B brings the stone which he has learnt 
to bring at such-and-such a call.  

Conceive this as a complete primitive language.

L. Wittgenstein, Philosophical Investigations, 1953



EXPERIMENTS WITH ROBOTS

THANKS TO LUC STEELS - SONY PARIS

In the ‘Talking Heads’ 
experiment, group of 
robots managed to 
negotiate their ‘language’

BUT THEY  
ARE ROBOTS



Memory and 
Complex Contagion  

THE NAMING GAME MODEL

Success

A
X
Z

A
Y

Speaker  Hearer

A A

Speaker  Hearer

A
X
Z

A
Y

Speaker  Hearer

Failure

A
X
Z

A
Y
X

Speaker  Hearer

“Sharp Transition Towards Shared Vocabularies In Multi-Agent Systems” JSTAT 2006;  
EPL 2006; PRE 2006, 2007, 2011,2012; PLOS ONE 2011; PNAS 2008, 2010; ETC.  With V. Loreto, L.Steels, L. Dall’Asta, A. Barrat Et Al.



Lattices: coarsening

Mean-field: symmetry breaking  
in the space of names

Networks: Short-time coarsening,  
then mean-field behaviour

A MODEL IS GREAT (SYSTEM SIZE, TOPOLOGY, ETC.) 
BUT WHAT ABOUT REAL DATA?

THE NAMING GAME MODEL



DATA SCIENCE 
“I’m sorry Jim, I’m gonna stop the subsidy to PBS, I love Big Bird.  
I actually like you, too. But...”

With Yr. Lin, D. Margolin, B. Keegan And D. Lazer, ICWSM 2013. 

123M TWEETS, 

2.5M USERS
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‘SYNONYMS’ ON TWITTER

DATA ARE OK. BUT TWITTER IS NOT A CLOSED SYSTEM



A NEW EXPERIMENT 

with D. Centola. PNAS 112: 1989 (2015). 











Subjects

Spatial Lattice Network
Condition

Random Network
Condition

Homogeneous Mixing
Condition

Fig. S1. Schematic representation of randomization to conditions. Subjects arriving to the study were first randomly assigned to an experimental condition
(i.e., a social network) and then randomly assigned to a specific node within that network. The nodes directly connected to an individual constituted the set of
potential partners that he or she could interact with during the game.

Centola and Baronchelli www.pnas.org/cgi/content/short/1418838112 5 of 9



TESTING SPONTANEOUS EMERGENCE

✓ Purely local coordination 

✓ Equivalent alternatives  

✓ Open-ended set of alternatives  

✓ No info about the (existence of a) population 

✓ No info about the identity of the partner



1. Do they reach a consensus?

2. What role for the social network?









✓SPONTANEOUS CONSENSUS



1d lattice
(fixed degree = 4)

random network
(fixed degree = 4)

complete graph
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Spatial Net.

Competition in the space of norms is 
coordination in the space of individuals  



REGIONAL NORMS COEXIST ON SPATIAL NETS



GLOBAL CONSENSUS IN CONNECTED GRAPHS

model 
predicts



TESTING THE EMERGENCE OF CONSENSUS

N=24 
N=48 

We observed convergence with N=24 in ~25 rounds.  
What happens in larger populations?



(A LITTLE EPIC FAIL)
We need to recruit more people.  
We find a mailing list for the Boston area. And pay for it. 
We spend time to discuss about text, time of the day etc.. and then we go. 
And nobody* shows up. 

*This might be an over dramatisation.
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YES, CONSENSUS ALSO IN LARGE GROUPS

Symmetry  
breaking
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THE NETWORK CONTROLS THE GLOBAL 
BEHAVIOUR

Coarsening on geographical structures 

Symmetry breaking on small-world networks
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Speaker  Hearer

( )

ON INTERDISCIPLINARY STUFF



Experimental evidence for the spontaneous 
emergence of social consensus.   PNAS 112: 1989 (2015) 

The social network controls the mechanisms of 
consensus formation (symmetry breaking - coarsening)

The Naming Game model captures the observed 
dynamics.   JSTAT P06014 (2006)

TAKE HOME (I)

Andrea Baronchelli @a_baronca

https://sites.google.com/site/andreabaronchellipapers/files/ng_first_jstat.pdf?attredirects=0




II. CATEGORIES



Colour categorisation



~107 perceived colours 
vs 

few names



11 COLOUR NAMES IN ENGLISH



FROM 2 TO 11 BASIC COLOUR TERMS  

Images from Regier, Kay and Khetarpal PNAS 104:  1436 (2007)



THREE APPROACHES

Cfr Steels & Belpaeme: BBS 28, 469 (2005).

Nativism: All humans are born with the same categories. 1

1Rationalism: Fodor1983; Evolutionary psychology: Pinker&Bloom 1990, etc

Empiricism: All humans share learning mechanisms and 
sensory-motor apparatu. They will arrive at the same 
categories reflecting the statistical structure of the real world. 2 

2Empiricist psychology: Elmann 1996; Inductive machine learning; Connectionism

Culturalism: Categories are social conventions shared by a 
given group. They emerge spontaneously. 3

3Cultural psychology: Tomasello 1999; Language as an adaptive system: Steels 1997.



Table of Contents 
1. The Categorization of Color 
2. The Classical Approach to Categorization 
3. Prototype Categories: I

“this is an ideal example”

COLOUR IS THE EXAMPLE



Can we model the spontaneous 
emergence of categories?



Individuals: a low-dimensional input channel, 1d  

Categories (perceptual): subsets of the interval  

Just Noticeable Difference: objects not closer than dmin 

Real values on the interval  [0, 1]

YES

dmindmin

NO

THE CATEGORY GAME

with A. Puglisi e V. Loreto, PNAS 2008, 2010; PLoS ONE 2012, 2016



 each agent has a set of non-overlapping categories; at the 
beginning only the category (0,1) exists 

 each category comes with an inventory of words; 

  the scene: M real numbers in (0,1) at a minimal distance dmin , 
one is the topic



 the speaker discriminates the topic:  possible creation of new 
boundaries;  each new category inherits the words of the old 
category, plus a brand new one 

 the speaker says a word  

 the hearer looks at her inventory for that word and builds a set of 
candidate categories (word + object), one of which is selected



failure 
the hearer discriminates the object and adds the 
speaker’s word to the correct category 

success  
both individuals reduce the inventory associated to the 
winning category to the winning word only





SPONTANEOUS EMERGENCE OF CONSENSUS



For each category: typical Naming Game synonymy curve 
Number of categories grows and then saturates at 2/dmin

1. SYNONYMY + FREE CATEGORISATION



 Success is high (~90%) 

 Synonymy is eliminated 

 Categories are still evolving (slow refinement) 

 and are poorly aligned (!)

2. SUCCESS



How can the success be so high?



As synonymy disappears  
homonymy is growing

Number of categories associated to the same (unique) word



LINGUISTIC CATEGORIES EMERGE



LING CAT ARE FEW (10-20)



THEY ARE WELL ALIGNED



emerging collective linguistic category

individual perceptual category



Misunderstanding

Consensus







Images from Regier, Kay and Khetarpal PNAS 104:  1436 (2007)

RANDOM?  UNIVERSAL PROPERTIES?



dispersion
dispersion



WCS data are less dispersed than their randomised 
counterparts => universality

COLOR NAMES ARE NOT RANDOM



UNIVERSALITY: 
the object of consensus is not 

completely random



According to the Classical Theory of categorization, 
categories: 

1.  Are arbitrary; 
2. Have defining or critical attributes (shared by members) 
3. Have an extension (which items are member) defined by their intension 
(set of attributes). No internal structure. 

A REVOLUTION



Categories and thought 

1. Are embodied; 
2. Are imaginative (employ metaphor, metonymy, etc); 
3. Have gestalt properties; 
4. Have an internal structure, aka ecological properties.

Lakoff. ‘Women Fire, and dangerous things’



Where does the observed 
statistical universality come from?



?



In principle it can vary on the [0,1] axis:  
different resolution power for different stimuli

dmin=α dmin=β dmin=γ dmin=α

dmin ‘FILTERS’ THE ENVIRONMENT



d m
in

dmin

perceptual space

Long et al. PNAS 103, 2006.

the Just Noticeable Difference - JND

HUMANS HAVE A dmin



YES

dmindmin

NO

Just Noticeable Difference: objects not closer than dmin 

with A. Puglisi , V. Loreto et al. PNAS 2010, PLoS ONE 2011 and 2015



THE NUMERICAL WORLD COLOR SURVEY

PNAS 2010



WCS: 
Experimental data vs. 
Many randomized sets 
Q: Are data more clustered? (yes) 

Numerical WCS: 
Human worlds: human JND vs. 
Neutral worlds: uniform JND 
Q: Are “human data” more clustered?



SIMULATIONS MATCH EMPIRICAL DATA

Data

Model

The universal properties of the empirical data are 
reproduced



CONSENSUS + UNIVERSAL PATTERNS

LOCAL 
INTERACTIONS 

COGNITIVE 
BIAS

+ =

with A. Puglisi , V. Loreto et al. PNAS 2010, PLoS ONE 2011 and 2015



culture: group specific 
history, randomness

shared bias: universal 
properties

COGNITION SHAPES CULTURAL EVOLUTION



‘Consider the thought experiment of coining a 
new name for the color of a specific object..’

‘In summary, the universality.. is an expression 
of shared neurological biases, but - and this is 
a crucial point - the translation of this 
biological constraint into a social universal 
is brought about through the action of 
nongenetic forces’

.. becomes a computational experiment.
T. Deacon, 1997

A ‘THOUGHT EXPERIMENT’.. 



The Biological Basis of a Universal Constraint on Color
Naming: Cone Contrasts and the Two-Way
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Abstract

Many studies have provided evidence for the existence of universal constraints on color categorization or naming in various
languages, but the biological basis of these constraints is unknown. A recent study of the pattern of color categorization
across numerous languages has suggested that these patterns tend to avoid straddling a region in color space at or near
the border between the English composite categories of ‘‘warm’’ and ‘‘cool’’. This fault line in color space represents a
fundamental constraint on color naming. Here we report that the two-way categorization along the fault line is correlated
with the sign of the L- versus M-cone contrast of a stimulus color. Moreover, we found that the sign of the L-M cone contrast
also accounted for the two-way clustering of the spatially distributed neural responses in small regions of the macaque
primary visual cortex, visualized with optical imaging. These small regions correspond to the hue maps, where our previous
study found a spatially organized representation of stimulus hue. Altogether, these results establish a direct link between a
universal constraint on color naming and the cone-specific information that is represented in the primate early visual
system.
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Introduction

Our perceptual color space is continuous. However, each
language partitions this space into a modest number of categories,
and assigns a basic color term for each category. Since the classic
work of Berlin and Kay (1969) [1], it has been intensely debated
whether there are universal constraints on how various languages
partition color space [2,3,4,5,6]. This debate has become one of
the central topics of a more general controversy in cognitive
science, concerning the relation between language and perception
[7]. Statistical analyses of the database of the World Color Survey
(WCS) have provided new evidence for the existence of universal
constraints on color naming [2,3,8], and recent theoretical work
has suggested perceptual, environmental, and social bases for these
constraints [9,10,11,12], but their biological basis remained
unknown.

In the WCS study [13], an informant was asked to name the
color of each one of the 320 selected Munsell color chips. These
chips formed a 2-D array representing forty equally spaced hues at
eight levels of lightness or Munsell Value, each at maximum
available saturation or Munsell Chroma. From these data, the
subset of color chips named by each of the basic color terms in the
given informant’s language was identified. These subsets are called
color-naming palettes below. The best example of each color term was
also identified. Since most informants were from pre-industrial
societies with unwritten languages, it is believed that the WCS

languages were largely uncontaminated by contact with industri-
alized cultures that possess English-like color lexicons. If there
were universal constrains on color naming across various
languages, the color-naming palettes should not be randomly
distributed in color space. Statistical analysis of the palette
centroids and best examples upheld this prediction [2,3].

However, the above analysis was focused on the palette
centroids and best examples, without examining the full pattern
of each palette. To address this issue, Lindsey and Brown [8]
represented each color term of an informant with a vector that had
320 elements, one for every chromatic chip. These vectors are
called color-naming vectors below. Each element in a color-
naming vector has a value of 1 or 0, depending on whether the
corresponding chip was included in the corresponding color-
naming palette of the particular informant. The collection of these
color-naming vectors was subjected to a k-means cluster analysis,
in which all vectors were assigned to k clusters based on the
Pearson correlation-based similarity between vectors.

When k = 2 was used, one cluster corresponded to a group of
colors that largely fall into the English composite color category
‘‘warm’’, while the other cluster corresponded to the category
‘‘cool’’. This border also manifested itself when k = 3 to 10 was
used in the cluster analysis. All the resulting clusters were
encompassed by either the ‘‘warm’’ or the ‘‘cool’’ clusters
described above, and none of their represented color regions
straddled the ‘‘warm/cool’’ border. Considering that the cluster

PLoS ONE | www.plosone.org 1 September 2011 | Volume 6 | Issue 9 | e24994

the clustering of the cortical responses was not simply an artifact
caused by the clustering of the stimulus RLM.

Responses in individual cortical patches. The above
results regarding the averaged behavior of all response patches
support the notion that the two-way clustering of color responses
in V1 follows the sign of the stimulus RLM, and is unrelated to the
stimulus RY. This conclusion is further supported by an additional
analysis that relates the response clustering to stimulus RLM and
RY at individual response patches. At each patch, we counted how
many response vectors were inconsistent with the hypothesis that
the response clustering follows the sign of RLM or RY. We call this
the number of outliers (denoted by Nd) below, and it can
theoretically have a value from 0 to 8.

Fig. 3C shows the distributions of Nd for RLM -based clustering
(Black) and RY -based clustering (striped). While the vast majority
of patches (27/33, 82%) contained 2 or fewer outliers of the RLM-
based clustering, only a minority of patches (11/33, 33%) did so
with respect to the RY-based clustering. On average, each
response patch contained 1.61+/20.32 (Mean+/2s.e.m.) outliers
of the RLM-based clustering, which was significantly less than the
outliers of the RY-based clustering (2.97+/20.24, P,0.001, one-
tail, Student’s t-test, n = 33).

Discussion

Two-way categorization of colors and perceptual color
temperature

A quantitative analysis of the WCS data by Lindsey and Brown
(2006) suggested that the two-way categorization of color
represents a universal constraint on color naming across various
languages. Our analysis of their results suggests that this
categorization is predominantly correlated with the sign of the
L2M cone contrast of a stimulus. Moreover, we found that
responses of V1 to various colors were clustered according to the
sign of the L2M contrast as well. Taken together, our results
suggest that the sign of the L2M contrast imposes a fundamental
constraint on color naming by grouping the responses of V1 to
color.

Although Lindsey and Brown (2006) labeled the two categories
as ‘‘warm’’ and ‘‘cool’’ based on the authors’ personal experience,
the relationship between this dichotomy and the perceptual color
temperature is uncertain for the following reasons. First, the color
temperature of the WCS chips has not been determined
experimentally; Second, the perceptual temperature of a color
may vary substantially between individual, as suggested by the
disagreement among artists over whether orange-red or yellow is
the warmest color; Third, in the original publication that
introduced the concept of perceptual color temperature, purple
was assigned to the ‘‘cool’’ category [26]. However, in the two-way
categorization derived from Lindsey and Brown’s analysis, purple
was grouped with typical ‘‘warm’’ colors. Therefore, although our
results established a link between the L2M cone contrast and the
WCS-derived dichotomy, further investigation is needed to
determine the relationship between cone contrasts and the
perceptual color temperature.

Information criteria for variable selection in the SVM
classification

In our analysis of the WCS with SVM classification, we
calculated a information criterion, the SVMICb, that was
developed by Claeskens et al. (2008) [23] to select input variables
that contribute to a classification. Based on this criterion, we
concluded that neither RY nor CS contributed to the two-way
categorization of colors. In addition to this criterion, we calculated

another one, the SVMICa, that was also developed by Claeskens
et al. (2008). The SVMICa value was 113.49 for the classifier with
all cone contrasts as input variables, and 111.10 for the one that
excluded CS. This difference in SVMICa is consistent with that in
SVMICb, and corroborates the notion that CS did not contribute
to the two-way categorization.

However, these two information criteria seemed to deliver
opposite inferences regarding the role of RY. Compared to the
classifier with both RLM and RY as input variables, the one with
the exclusion of RY had a smaller value of SVMICb (62.49 versus
60.54), but a large value of SVMICa (54.95 versus 56.77). This
discrepancy was caused by the difference in the term of these
criteria that penalizes the number of input variables. This term in
the SVMICa and SVMICb is similar to that in the Akaike
information criterion (AIC) and Bayesian information criterion
(BIC), respectively. The simulation studies in Claeskens et al. (2008)
[23] suggested that the SVMICb performed much better than the
SVMICa in selecting the correct set of variables that contributed
to the classification. Although the former presented a small chance
of underfitting, namely discarding a contributing variable, the
latter presented a much larger chance of overfitting, namely
selecting a non-contributing variable as a contributing one.
Therefore, we put more weight on the SVMICb-based selection.

The perceptual and physiological basis of universal
constraints on color naming

The major controversy over color categorization is whether
there are universal constraints on the location and pattern of each
category in color space, in addition to the widely accepted
constraint of connectedness, namely, each category must cover a
contiguous region of color space [7].

Statistical analyses of the WCS data demonstrated that color
categories of most languages are centered around a modest set of
locations in color space [2,3], and thus provided strong evidence
for the existence of universal constraints. Computer simulations
suggested that this non-random distribution of color categories can
be accounted for by the wavelength discrimination function of
humans [27]. Since the wavelength discrimination function seems
to be partially attributed to the characteristics of the L2M and S-
(L+M) channels in the lateral geniculate nucleus [28], that
simulation study implies a link between the universal constraints
and the functional characteristics of the retinogeniculate pathway.

A model-based study of the WCS data has related the universal
constraints to the perceptual distance between colors that is
embodied in the CIELAB color space [9]. It suggested that the
perceptual distance-based clustering of colors may partially shape
all color-naming systems. However, as the authors pointed out,
there are many color-naming systems that significantly deviate
from the model’s prediction, which leaves open the possibility that
factors other than the universal constraints are also involved in the
formation of color categories of a particular language. Because of
these additional factors, such as linguistic convention [4,6], a
universal constraint may only manifest itself in measures that
characterize the average properties across many languages.
Therefore, while the ‘‘warm/cool’’ border tends to be a barrier
in color space for color-naming palettes of most of the WCS
languages, as suggested by the results of Lindsey and Brown
(2006), some languages may have palettes that cross or straddle
this border to a substantial extent.

Although our results point to a prominent role of the L2M
contrast in shaping the lexical coding of color, they do not exclude
the possibility that the S-(L+M) contrast could play a role in this
process under some circumstance, such as in generating the green
and blue categories by splitting the ‘‘grue’’ category that is
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Introduction

Our perceptual color space is continuous. However, each
language partitions this space into a modest number of categories,
and assigns a basic color term for each category. Since the classic
work of Berlin and Kay (1969) [1], it has been intensely debated
whether there are universal constraints on how various languages
partition color space [2,3,4,5,6]. This debate has become one of
the central topics of a more general controversy in cognitive
science, concerning the relation between language and perception
[7]. Statistical analyses of the database of the World Color Survey
(WCS) have provided new evidence for the existence of universal
constraints on color naming [2,3,8], and recent theoretical work
has suggested perceptual, environmental, and social bases for these
constraints [9,10,11,12], but their biological basis remained
unknown.

In the WCS study [13], an informant was asked to name the
color of each one of the 320 selected Munsell color chips. These
chips formed a 2-D array representing forty equally spaced hues at
eight levels of lightness or Munsell Value, each at maximum
available saturation or Munsell Chroma. From these data, the
subset of color chips named by each of the basic color terms in the
given informant’s language was identified. These subsets are called
color-naming palettes below. The best example of each color term was
also identified. Since most informants were from pre-industrial
societies with unwritten languages, it is believed that the WCS

languages were largely uncontaminated by contact with industri-
alized cultures that possess English-like color lexicons. If there
were universal constrains on color naming across various
languages, the color-naming palettes should not be randomly
distributed in color space. Statistical analysis of the palette
centroids and best examples upheld this prediction [2,3].

However, the above analysis was focused on the palette
centroids and best examples, without examining the full pattern
of each palette. To address this issue, Lindsey and Brown [8]
represented each color term of an informant with a vector that had
320 elements, one for every chromatic chip. These vectors are
called color-naming vectors below. Each element in a color-
naming vector has a value of 1 or 0, depending on whether the
corresponding chip was included in the corresponding color-
naming palette of the particular informant. The collection of these
color-naming vectors was subjected to a k-means cluster analysis,
in which all vectors were assigned to k clusters based on the
Pearson correlation-based similarity between vectors.

When k = 2 was used, one cluster corresponded to a group of
colors that largely fall into the English composite color category
‘‘warm’’, while the other cluster corresponded to the category
‘‘cool’’. This border also manifested itself when k = 3 to 10 was
used in the cluster analysis. All the resulting clusters were
encompassed by either the ‘‘warm’’ or the ‘‘cool’’ clusters
described above, and none of their represented color regions
straddled the ‘‘warm/cool’’ border. Considering that the cluster
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+ THE MODEL IDENTIFIES THE  
CANDIDATE SOURCE OF BIAS



The Category Game describes the spontaneous 
emergence of categories. PNAS 2008.

Informed by the human JND, the model reproduces 
the empirical data, and suggests a deep explanation 
for the interplay between culture and biology.  PNAS 2010, 
PLoS ONE 2011, 2015.
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