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Abstract. Many modern studies of cultural innovation and demographic change rest on the
proposition that social learning is a key process in the spread of novel variants. We agree with this
proposition, but we also suggest that the selectivity of social learning, with respect to a skill or
knowledge, has largely been overlooked in considering how the tempo of cultural evolution de-
pends on population size. We evaluate contrasting predictions ranging from cases of extreme se-
lectivity, where everyone learns from the best individual in the group, to entirely nonselective,
unbiased social learning, where everyone learns from one another. At the highly selective end of
the spectrum, population size should correlate strongly with the tempo of cultural evolution. At
the nonselective end, where social learning is unbiased, there should be little correlation between
population size and tempo of cultural evolution. For any given case study, characterizing the rela-
tive selectivity of social learning is crucial to successfully predicting the effect of population size
on cultural evolution.
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INTRODUCTION

Hardly anything that humans learn is void of social interaction. With collaboration
and learning from others, science, for example, is certainly a social activity (HULL
2001; GUIMERA et al. 2005; O’BRIEN, LYMAN and SCHIFFER 2005). We all know
that science is a collective endeavor and that the more scientists there are, the more
knowledge is built on the shoulders of previous scientists. In the social sciences, the
more general idea of dispersed knowledge in human populations is at least as old as
the work of sociologist Emile DURKHEIM (1898) and is plainly evident in the work
of economist Friedrich HAYEK (1949) and his notion of “catallaxy,” or the self-
generating economic order arising from actors observing and learning from others.
With daily life on the Internet no doubt reminding us, the “collective brain,” or
“distributed mind,” concept has made a resurgence as an explanation for what
drives economic and cultural complexity (RIDLEY 2010), particularly in studies of
cultural transitions in prehistory (e.g., HENRICH 2004; POWELL, SHENNAN and
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THOMAS 2009; RICHERSON, BOYD and BETTINGER 2009; ZILHAO et al. 2010). Ideas
of group size are central to evolutionary psychology, with one central theme being
DUNBAR’s (1993) proposed limit to the number of people — roughly 150 — with
whom one can maintain stable social relationships. There is an upper limit to popu-
lation size, at which point information must be stored in other media besides human
minds.

The phenomenon of a collective brain falls most naturally into the realm of so-
ciology and economics. It is therefore less well studied in anthropology or evolu-
tionary psychology, where it can often usefully be overlooked through simplifying
assumptions about one of the three evolutionary processes — variation, transmission,
and selection. Evolutionary psychology usually emphasizes natural selection on
Plio-Pleistocene hominins, which genetically shaped the phenotypic plasticity that
humans now use to adapt to modern life. Focusing on selection, so that the other
two processes need not be finely detailed, works well where one behavior is clearly
better than another one and therefore can be predicted to be selected over time (e.g.,
making spears with a sharp rather than a blunt point or foraging for food efficiently
rather than inefficiently).

By contrast, studies of cumulative cultural evolution focus on transmission,
through human interaction and social learning, which is posited not only as the
foundation of cultural complexity and variation but as being integral to hominid
evolution (BOYD and RICHERSON 1985, 2005; HRDY 2009). For much of prehistory,
accumulated knowledge was passed down, with occasional variation, from genera-
tion to generation. Through a positive feedback, presumably between specialization
and accumulation, human knowledge has intensified exponentially in the millennia
since the Neolithic. The total diversity of human material culture, however one
might grossly quantify it, has increased perhaps eight or nine orders of magnitude
since the Paleolithic (e.g., BEINHOCKER 2006; RIDLEY 2010).

What makes human cultural evolution unique is an extraordinary social learn-
ing ability, which evolved under evolutionary selection and has considerable conse-
quences for evolutionary transmission. Multiple animal species are able to learn,
and a good number of them on occasion practice social learning (GALEF and LA-
LAND 2005; LALAND and READER 2010), but humans are more accurate and com-
plex social imitators than any other animal. Humans continue to “learn things from
others, improve those things, transmit them to the next generation, where they are
improved again, and so on,” and this process continues to lead to the “rapid cultural
evolution of superbly designed adaptations to particular environments” (BOYD and
RICHERSON 2005:4, emphasis in original).

Social learning, a necessary prerequisite to cultural evolution, is a process of
transmission of knowledge between minds, and there is a large literature on the
various routes of information transmission between individuals as well as on the bi-
ases in choosing these routes, such as prestige bias, conformity bias, and so on. If
we are concerned with population-level effects of this transmission over many hu-
man generations, it is useful to consider prehistoric knowledge as being stored and
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transmitted among people. This concept is increasingly commonplace in our mod-
ern, wiki-media era of computers and information storage, and we are seeing more
research into how humans have stored and retrieved information in other people,
and subsequently in cave paintings, writing, built environments, and material cul-
ture (e.g., RENFREW and SCARRE 1998; BOLENDER 2007; GABORA 2008; POWELL,
SHENNAN and THOMAS 2009).

Through this distributed-mind approach, one can equate collective knowledge
capacity with population size, that is, the number of people communicating and
storing their specialized ideas. This has had philosophical and empirical ramifica-
tions. Philosophically, it suggests that population size has a direct bearing on
thought because what goes through an individual’s mind is largely derived from
other minds. Thus an individual’s thoughts are but a sample of what is being
thought around that person. Empirically, it means that the tempo of cultural change
— partly a function of how much cultural information is preserved and passed on —
may depend on population size (SHENNAN 2000). An exciting new body of work
posits that increasing population size rather than changes in biological ability may
underlie some major shifts in cultural prehistory, such as the Upper Paleolithic
revolution (POWELL, SHENNAN and THOMAS 2009) or the much-debated cultural
capacities of late Neanderthals (ZILHAO et al. 2010). Conversely, population bottle-
necks are now proposed to reduce cultural knowledge collectively, as HENRICH
(2004) argued for prehistoric Tasmania.

Somewhat hidden within this discussion of human behavior as a collective
phenomenon are quite specific assumptions about social learning that directly affect
the predictions for how population size correlates with the pace of cultural evolu-
tion. Here we consider how underlying assumptions about the selectivity of social
learning are crucial to the outcome of models of how knowledge accumulates in
recognizable patterns over time. This selectivity applies to the social-learning
strategies people followed, for which LALAND (2004) presents a useful list:

Copy the majority

Copy successful individuals
Copy if better

Copy good social learners
Copy kin

Copy friends

Copy older individuals

Some of these strategies are more selective, as they refer to skill level as the
main criterion (copy better, copy good social learners, copy successful), whereas
others are focused on social criteria (copy the majority, copy kin or friends, copy
older individuals). One additional strategy, “copy if rare,” is, in terms of variant
frequencies rather than psychology, only a small step away from independent in-
vention and could be considered a form of preserving variation.
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Here we contend that there is a crucial difference in the effects of copying
based on selection for the knowledge or skill level as opposed to copying based on
social criteria. For clarity we consider this as a spectrum of selectivity with respect
to the action itself, ranging from strong selectivity, such that the “best” version is
selected by each learner from within the group, to weak or nonexistent selectivity,
where social learning is governed by factors not directly related to the activity itself.
Where social learning lies on a continuum between these end points is important for
understanding how the tempo of cumulative culture evolution corresponds to the
capacity for knowledge storage. In order to make this argument, we need to briefly
review theories that focus strongly on one extreme or the other, particularly HEN-
RICH’s (2004) model, which we see as based on extreme selectiveness of social
learning. The model can yield surprising insights whenever the assumption is ap-
propriate, but it seems in danger of becoming widely applied without explicit con-
sideration of this assumption. We discuss HENRICH’s (2004) model first in order to
show that the selectivity of social learning is an important factor in the predicted ef-
fect that population size has on the tempo of cultural evolution. We then show that
if social learning is largely nonselective, or unbiased, then population size actually
has minimal effect in this regard.

STRONG SELECTIVITY

If people bias copying toward selection of skill or knowledge, then the tempo of
cumulative cultural evolution can become strongly related to population size. How
population size affects this tempo depends on the assumptions that are made about
the strictness of the selection and the range of variation upon which selection is act-
ing. Here we explore how different assumptions would affect cumulative evolution.
When these assumptions are varied, we expect entirely different effects for different
combinations of parameter ranges. In terms of the strength of selection, an extreme
but useful assumption can be that the most skilled living individual is always the
model for learning, as when a group of novices learns from a grandmaster. In an
important paper, HENRICH (2004) showed how skills that are learned from grand-
masters might be passed on, and accumulated, from one generation to the next. The
model predicts a critical minimum size for a population to accumulate skill or
knowledge over the generations. Using a case study from prehistoric Tasmania,
Henrich suggests that a population bottleneck in the prehistory of the island would
have dropped it below this minimum threshold and hence led to a retrogression in
the skill set, including both knowledge and technique, of the Tasmanian cultural
repertoire. Especially susceptible were complex skills—“tools that are hard to learn
to make, and easy to screw up” (HENRICH 2006:776).

In this model, skills advance through exceptional, gifted naturals rather than
through well-schooled regular Joes. This extreme selectivity is the reason Henrich’s
model is conservative with respect to the deteriorating effects of reducing popula-
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tion size on cumulative adaptive evolution: If the assumption of extreme selectivity
were relaxed, the predicted effects would just happen more readily. The conserva-
tism of the model with respect to shrinking populations, however, becomes just the
opposite with respect to increasing populations, as we discuss in the following sec-
tion. In order to see where misunderstanding might creep in, we need to look at the
model in some mathematical detail.

HENRICH’s (2004) model is an outgrowth of a larger body of theory that deals
with extreme events, known as Extreme Value Theory (EVT). EVT was originally
developed to account for the occurrences of extreme events in nature, such as floods
and landslides, which can be great shapers of events, even though they occur rarely
and not within a normal (Gaussian) probability distribution (TURCOTTE 1997). A
single summer flood, for example, can move massive boulders downstream in a
single day that otherwise would remain at rest for decades or centuries. The EVT
describes the distribution of observed values x from the following cumulative dis-
tribution function (CDF):

Q=
Hg,#,ﬁ(x)=e B €))

where u is the mode and fis the standard deviation. The parameter & (# 0) controls
for the “fatness” of tail of the distribution, which is crucial to the outcome of the
EVT (FRANK 2009). In the special case where & is zero, the EVT predicts the CDF
to be

u-x

H, ,(x)=e" " (2

The CDF in equation (2), evaluated at x, gives the probability of choosing a value
equal to or less than x. Hence when x is large, H(x) converges on 1.

HENRICH (2004) innovatively adapted EVT for social learning by assuming
that in any given group, individuals will select the most extreme person, that is, the
most skilled, from whom to learn that skill. Henrich considered a renewable pool of
N individuals, representing the size of successive generations or age cohorts of a
society. In each time step, all individuals attempt to copy the most skilled individual
in the group, whose skill level is denoted by z,. This can be a fair assumption for
many activities (e.g., each hunter emulates the best hunter in his group or an aspir-
ing golf or tennis player gets lessons from the best pro in town). Just as the largest
flood events are primarily responsible for moving boulders downstream over the
centuries, the most skilled individuals are most responsible for advancing a craft
tradition over the generations. As HENRICH (2006) pointed out, this is a conserva-
tive assumption regarding the potential loss of information with decreasing overall
population size, because if the most skilled individual is less than perfectly accessi-
ble, the cumulative knowledge deteriorates faster.
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In Henrich’s formulation, the skill of the most proficient individual, z;, is «
units better than the mode, g, of the skill distribution, i.e., 4=z, — a. With equation
(2) being the CDF, the corresponding probability distribution function (PDF) is the
derivative of equation (2):

u=x

_H 15T 3
p(x) Py /),e e (3)

This PDF is a particular form of the double exponential, or Gumbel, distribution
(e.g., FRANK 2009), which in this case yields the probability that a particular imita-
tor will wind up with skill level x.

In Henrich’s depiction, shown in Figure 1, the fatness, or spread, of the Gum-
bel PDF is defined by g, and the position of the mode, 4, is determined by z; and «
(given that i = z;, — ). The loss value, «, is always a setback, but the £ value de-
scribes the variation from that setback in either direction. Note that for large values
of the skill level x, where x > x4, the Gumbel distribution (equation 3) behaves es-
sentially like a declining exponential, ~ ¢/, Hence at the high-skill end, the skill of
the best imitator declines exponentially in probability.
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Figure 1. The Gumbel distribution for imperfect imitation, as depicted by HENRICH (2004)

Because the mode of the Gumbel distribution can increase over successive
generations through the consecutive selection of extreme values, what HENRICH
(2004) and POWELL, SHENNAN and THOMAS (2009) refer to as “cumulative adap-
tive evolution,” is essentially a simple model of skills represented by the distribu-
tion, feeding back on themselves through intergenerational learning and becoming
more specialized as the accumulated skill level increases. Henrich showed that the
ratio of « to S, the average loss to the width of the Gumbel distribution, is the cru-
cial variable, with opposing effects on adaptive evolution: “o operates against adap-
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tive evolution, while f, the tendency of individuals to make different inferences
from observing the same thing, favors adaptive evolution. The more individuals
tend to make different inferences, the faster cultural evolution goes — or the more
likely it is to be adaptive” (HENRICH 2004:202, emphasis in original).

In other words, by ratcheting the most skilled individual as each generation’s
model, successive generations sampling from these Gumbel probability distribu-
tions would gain skills over time. This is a standard prediction of cumulative cul-
tural evolution (TOMASELLO, KRUGER and RATNER 1993; BOYD and RICHERSON
2005), but in this case the demographic conditions under which it occurs are very
specific. The ratchet works if we expect in each generation a sample where the for-
ward error of at least one individual is larger than the setback, a. The chance of an
imitator obtaining a skill level greater than the best of his generation, z;, involves
the CDF in equation (2), such that the chance is 1 — H(z;), or

H=zp

P(x>z,)=1-¢"° g “4)

Because a =z, — 1, this can be written as

-a

P(x >zh)=1—e"eﬁ. Q)
For reasonably large o/f3, the exponent, — “”. is small, so we can make a Taylor
series approximationl that yields

-a

P(x >zh)ze?_ (6)

Hence, the chance of a given imitator becoming better than the best of his genera-
tion declines exponentially with the distribution ratio a/f.

Here is where population size enters the picture with respect to the extreme-
selectivity model. For any given «/f ratio, the larger the population, N, the better
the chance of there being at least one individual in each generation who surpasses
the skill of the best individual in the previous generation. As shown in Figure 2,
Henrich demonstrated that this minimum population size, N*, for cumulative adap-
tive evolution increases exponentially with a//3:

a

N*=0.56¢” . 7)

Equation (7) thus defines a population “tipping point,” N*, where cumulative
adaptive evolution becomes possible. This is the essence of a particular demo-
graphic model for the Upper Paleolithic (POWELL, SHENNAN and THOMAS 2009),
and HENRICH (2004) also suggested other possible examples from small-scale so-
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cieties. If humans have always lived in groups of at least a few tens of members,
then the interesting effects are for N* values larger than that (otherwise the model
would not explain any transitions). According to equation (7), this requires an o/
ratio of at least 4 or 5 (HENRICH 2004, 2006); N* is about 30 at o/f = 4, and N*
reaches 100 when a/f is about 5.2. Referring back to Figure 1, however, Henrich’s
depiction of the Gumbel distribution uses an a/f ratio of only about 1. In other
words, Figure 1 does not properly represent the condition for cumulative cultural
evolution.

5000
L
4000
3000
N* cumulative adaptive
2000 evolution
1000 y
maladaptive loss
0
4 5 6 7 8 9

Figure 2. Threshold values of N* versus a//3 for the HENRICH (2004) model, showing predicted
regimes of cumulative adaptation and maladaptive loss

If we look instead at the Gumbel distribution for the minimum «/f of 4 or 5, it
looks quite different (Figure 3). We see that in this case the most skilled individual
in the population is well off to the right, essentially several widths of the distribu-
tion away from the majority. In Figure 3, the teacher is highly exceptional com-
pared to the majority of the population. The person is so far out of the normal range
that no one in the majority could fail to recognize the teacher as anything but a

prodigy.

P(z)
G, «— [ — model

z, '“*»I

imitator z, value

Figure 3. Gumbel distribution as in Figure I but with a/f=5
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In summary, the prediction of a demographic tipping point in models of ex-
treme selectivity (e.g., HENRICH 2004; POWELL, SHENNAN and THOMAS 2009) in-
corporates two strong assumptions: (1) that the tail of the skill distribution de-
creases exponentially, converging to a Gumbel distribution over multiple genera-
tions, under which there is a very exceptional teacher (a/f> 4) — a true genius who
sets the bar for the next generation; and (2) all learners copy the most skilled
teacher. The exponential tail of Gumbel distribution (or any other exponentially
tailed distribution; see FRANK 2009) is essentially the reason why the minimum
population for cumulative adaptive evolution, N*, increases exponentially with (o/f
(Figure 2).

WEAK SELECTIVITY

In extreme-value theory, many different initial distributions attract to the Gumbel
distribution over successive generations of selecting the maximum value. Other dis-
tributions are possible in EVT, however, including the Fréchet distribution from
successive selection from a power-law distribution and a Weibull distribution,
where there is a finite limit to the tail of the skill distribution (FRANK 2009).

Of course, in social phenomena the normal (Gaussian) distribution is quite
common, as the name implies. Selecting the maximum value from a normal distri-
bution over successive generations converges toward the Gumbel, but because the
normal is still so often observed, we suspect that the selection is not actually so ex-
treme. Skills in mathematics and science, for example, are normally distributed
(HYDE and LINN 2009). As shown in Figure 3, given that the tail of the normal dis-
tribution declines much faster than that of the Gumbel distribution, “geniuses” that
could be expected under the Gumbel distribution are highly unlikely under a normal
distribution.

Consider a hypothetical, but numerically explicit, example used by HENRICH
(2006:775): “Imagine a group of 1,000 novice archers trained by a grandmaster,
who himself scores 150 on the required archery target examination. After training,
most of these newly fledged archers score between 20 and 40 on the examination.”
Let us assume this example represents the threshold of cumulative adaptive evolu-
tion, i.e., N* = 1000. Using equation (7), this means that o/ = 7.5 and that the
grandmaster, with score 150, is probably over seven and a half widths (7.5* §) better
than the mode of the students’ distribution, which we can assume is about 30. So £
is about 16 (120/7.5). Now, what if the distribution were normal instead of Gum-
bel? To get a sense of it, let the width, S, be the standard deviation of this normal
distribution and let the mode of 30 be its mean. Under a normal distribution with
mean = 30 and standard deviation = 16, about 99% of the archers will be within
three standard deviations — that is, they will have scores less than 78 — and about
99.9% will have scores less than 82. The chance of finding the grandmaster’s value
of 150 is effectively zero (less than one in a trillion). So if the learners’ abilities are
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normally distributed, it is virtually certain that no one in the next generation will
even be close to the grandmaster.

To illustrate the point further, consider a less extreme degree of selectivity in
social learning, where we use Gaussian distributions rather than the Gumbel distri-
bution. There is a substantial literature on cumulative culture evolution, and our
point here is to illustrate how relaxing the assumption of extreme selectivity can
easily yield different results. For example, consider N learners in each generation,
as HENRICH (2004) proposed, who copy their skills from the previous generation,
but instead of everyone copying the absolute best with some error, we have each in-
dividual copying the average skill level (averaged across individuals in the group)
plus some minor learning error that is normally distributed around zero (positive or
negative). This standard model yields a random walk in terms of the mean skill
level for the group (Figure 4a), with stochastic change that can go up or down over
time. Also, such a model is unpredictable, in that each random walk is unique.
Copying the majority, then, where behavior is continually drawn to the status quo,
could, under these assumptions, make cumulative adaptive evolution merely a mat-
ter of drift (HAMILTON and BUCHANAN 2009).

In other words, the nature of the dependence on N, assumed in a growing
number of studies on cumulative culture evolution, appears to require an extreme
selectivity for the skill itself as well as an exponential tail of the skill distribution.
Many equally plausible models do not have this effect. In a random walk, for ex-
ample, runs for, say, N = 10 would be quite similar in terms of variation and change
to runs for N = 100 (Figure 4b). This is true even if one assumes the error is always
positive, to represent perhaps “what most scientists do most of the time,” as
ANDERSON and ABRAHAMS (2009:1515) put it. If each individual makes a small but
positive improvement of some random amount (drawn from a Gaussian distribu-
tion), there would, of course, be continual improvement in average skill level over
time but still little effect of the population size, N, on the rate of improvement.

Finally, in the extreme of social interaction without any selection for skill or
knowledge, the overall dynamics can become equivalent to the neutral model of
culture evolution (NEIMAN 1995), where the value of the skill itself is neutral with
respect to its chance of being copied. On the population scale, much of fashion is
like this, such that fashion in large populations can effectively be modeled as if
people were copying one another at random (HAHN and BENTLEY 2003; BENTLEY,
HAHN and SHENNAN 2004; HERZOG, BENTLEY and HAHN 2004; BENTLEY, OR-
MEROD and BATTY 2010), just as the Ideal Gas Law predicts pressure as if the
molecules were moving about randomly. Skill-level distribution is for the most part
irrelevant in the cases of easily learned activities such as using certain fashionable
names and words (HAHN and BENTLEY 2003; BENTLEY 2008; BERGER and LE
MENS 2009), listening to certain music (SALGANIK, DODDS and WATTS 2006), and
decorating with certain styles (NEIMAN 1995; BENTLEY and SHENNAN 2003).
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Figure 4. Characteristics of a simple learning model where learners copy the average of normally
distributed skill level plus or minus and error term: (a) mean skill (or knowledge) level versus
generation number for several representative runs, one with N = 10 individuals (gray line) and the
other with N =100 individuals (black line); (b) results averaged over 30 runs for N = 10 (gray)
and N = 100 (black). The error bars show one standard deviation for the 30 runs, which are nearly
identical for N = 10 (gray bars with filled circles at the ends) and N = 100 (black bars). As
expected for a random walk, the standard deviation increases as approximately the square root of
the number of generations (+* > 0.95 for both N = 10 and N = 100)
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The neutral model applies best to behaviors that are not essential to survival
(hence the term “neutral”), where what is chosen has no inkerent value relative to
other options — no inherent “quality” is assigned to any of the choices. This model
reproduces certain emergent patterns in collective behavior that can be used as a
background against which selection for quality becomes evident. These patterns in-
clude (a) long-tailed distributions of popularity; (b) continual turnover, with any
new variant having a finite (if usually small) chance of becoming highly popular;
and (c) unpredictability, in that events are never the same from one time step to the
next. Through different combinations of its few parameters (population size, inno-
vation, and memory), the model can be used to predict change rates as well as, at
least potentially, to distinguish copying from other forms of collective behavior.

The outcomes of the neutral model include the much discussed long-tailed, in-
cluding power-law, distribution as an emergent property. Previous models for long-
tailed distributions, dating back to the early 1900s, tend to be pre-programmed with
strict growth by proportionate advantage, which have been unsatisfying as an ex-
planation for long-tailed phenomena, because those with less can never overtake
those with more. In the neutral model, there inevitably emerge a few choices that
are overwhelmingly more popular than the majority, but these most popular choices
are not necessarily any better than any others. This is a reason why copying the
popular or copying the (perceived) majority is, in several statistical respects, not
much different than neutral copying (BENTLEY and SHENNAN 2003; MESOUDI and
LYCETT 2009). In each case, the more popular someone or something is, the more
likely the person or object is to be copied. A bias toward copying the popular just
makes the effect more extreme, with the limit being everyone copying the same
thing or person.

Whereas these distributions remain stable in form over time, they nonetheless
undergo continual turnover in composition of individual components. The rise and
fall of fortunes within the long tail are seen in fashion popularity and in trendy
buzzwords, for example. As a result, constituents of the resulting long-tailed distri-
bution are in continual flux, in just the way that characterizes pop-culture elements
in the real world. The turnover results from a balance of innovation, which intro-
duces new ideas, and random drift, by which variation is lost through sampling.
New ideas become highly popular by chance alone and then over time become re-
placed by others, all through drift.

In sharp contrast to the extreme-selectivity model discussed above, as well as
other selection models where relative popularities of diffusing ideas eventually sort
according to their inherent fitnesses (e.g., KANDLER and LALAND 2009), the neutral
model predicts continual turnover, which will increase with the fraction of innova-
tors in the population but (somewhat counterintuitively) not on population size itself
— a prediction that is consistent with real-world data (BENTLEY, HAHN and SHEN-
NAN 2004). This is broadly similar to the fact that population size does not affect
the pace of fixation under neutral genetic evolution (e.g., GILLESPIE 2004).
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DISCUSSION

In summary, regarding the accumulation of specialized knowledge over time, the
selectivity of social learning for that knowledge conditions how population size will
affect the pace of knowledge/skill accumulation. In the future, a goal is to fill in the
spectrum from unbiased social learning at one end, moving carefully toward ex-
treme selection at the other, perhaps through a parameter that represents the variable
fitness of different ideas. Increasing this parameter should decrease turnover, in-
crease predictability, and make population size more important. As rational selec-
tion is introduced, there may even be a crucial tipping point in the effect of group
size on aggregate behavior. In other words, the larger the population, the more ideas
that can be accumulated.

Our exploration identifies selection versus interaction as a significant distinc-
tion in how knowledge and skill accumulation occurs. We began with the most ex-
treme selection for skill, which assumes (through the Gumbel distribution) that ex-
treme outliers are rare but not impossible occurrences and that individuals can lo-
cate, access, and learn from them. These are strong assumptions, which is why
HENRICH (2006) rightly described his model as highly conservative when consider-
ing the loss of accumulated skills through a population bottleneck. HENRICH’s
(2004) focus on bottlenecks provides new insight, for example, into a fascinating
debate surrounding the Pirahd of Brazil, whose language arguably lacks recursion
(EVERETT 2005), whose counting system appears rudimentary (GORDON 2004), and
whose very experience of the world, EVERETT (2005) argues, is restricted to the
present. These conclusions are heavily debated (e.g., LEVINSON 2005), but in the
debate only a few researchers, such as BOLENDER (2007), have considered demo-
graphic factors explicitly.2

When considering growing populations, however, and the corresponding ac-
cumulation of skills, the extreme selectivity model is not conservative. At face
value, it predicts that population growth can lead to a tipping point, where knowl-
edge accumulation starts to take off. In this case, it is mainly strong selection
(Gumbel distribution) that accounts for the tipping point. If we assume that learning
involves some social interaction, and reasonably substitute a normal distribution for
the Gumbel distribution, we find that the effect of population size diminishes. Fur-
thermore, under certain other reasonable assumptions, cumulative knowledge can
drift up or down, regardless of population size.

The question then becomes, how rare (or common) are such outlier individu-
als, and is it reasonable to assume that other individuals in the group can locate, ac-
cess, and learn from them? This question would seem to be central to the issue of
the rapid and cumulative buildup of skill and knowledge — the feature that sets hu-
man culture apart from that of other animals (BOYD and RICHERSON 1996; GEARY
2007). POWELL and colleagues (2009), for example, used Henrich’s model to pro-
pose that the explosion of cultural evolution in Europe ca. 40,000 B.C., traditionally
considered the signature origin of biologically modern humans, could merely reflect
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a population increase with no necessary changes in human cognition. They added
stochastic and geographic elements to Henrich’s model to show how chance clus-
ters of local migrating populations could, by exceeding the crucial population
threshold, begin to undergo cumulative cultural evolution over generations. The
implications of the findings by Powell and colleagues are quite radical. Decades of
explanations for the Upper Paleolithic transition featured cognitive changes in the
human mind (e.g., MITHEN 1996; KLEIN 2002) as opposed to demographic changes
in human populations (BOLENDER 2007). This may warrant a look at how strongly
the model of POWELL and colleagues (2009) depends on the assumptions regarding
skill selection.

As LALAND (2004) lists, different possibilities for interaction include copying
the majority, copying the most popular or prestigious, or even, we would add, copy-
ing virtually at random. Surely these different learning strategies imply substantial
differences for knowledge/skill accumulation, which may be directed by social in-
teraction as well as by selection for skills. Particularly pertinent is the form of the
skill distribution, which is crucial for predicting the dependence of the skill-
selection model on population size.

Looking to the future, there are even more fascinating questions because the
selectivity of social learning is changing dramatically online (e.g., KING et al.
2009). On the one hand, wherever people select knowledge online with great dis-
cernment (e.g., enabled by a search engine), we could expect a dramatic accelera-
tion in accumulated knowledge as a result of the concomitant increase in effective
population size online. Similarly, the progress of science should increase along with
the expanding Internet database, provided that online searches for scientific infor-
mation are strongly selective. On the other hand, as more and more information is
stored, social learning becomes less selective. In this century, online social-network
media have proliferated so much that researchers are re-adopting the classic view
(e.g., DURKHEIM 1898) that people behave as elements of collective social networks
rather than as autonomous, self-directed individuals (e.g., BORGATTI et al. 2009;
CHRISTAKIS and FOWLER 2009). So much online information is available that aca-
demics are constantly re-inventing the wheel in isolated niches, which threatens to
retard scientific advancement through more sorting and more clique-based frac-
tionation (GUIMERA et al. 2005).

CONCLUSION

A foundational principle of economics, the distribution of knowledge is indisputa-
bly among the keys to human society. Among the key determinants of how fast this
collective brain grows is the degree of selectivity in social learning. If individuals
are selective and accurate in finding the most skilled model for copying, then the
pace of cultural evolution depends strongly on population size. If learning is rela-
tively unselective, however, then the tempo of cultural evolution depends only
weakly on population size, if at all.
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In what appears to be an emerging conventional wisdom equating population
size with cultural/technological complexity, there is a danger in overlooking an im-
portant assumption of the particular model invoked: that the most skilled individual
(or relevant knowledge) in the population is accurately identified. When this as-
sumption is not true, knowledge accumulation actually has little dependence on
population size. As a result, an explicit consideration of selectivity of social learn-
ing is important for understanding the demographic origins of human technological
complexity, past and present.
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NOTES

" The function " has the Taylor series expansion

If x is small, then the terms on the right are negligible and e * = 1 — x. With refer-

-« -a

ence to the text, this approximation is e™* " sl-e”.

> BOLENDER (2007) proposes that these anomalies reflect the fact that the Pi-
raha have lived in very small numbers (hundreds) since breaking away from the lar-
ger native population of the Mura by the early eighteenth century.
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