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Abstract

How do religions evolve? New tools enable the construction of
cultural fitness landscapes, which provide new perspectives on
core questions in the cognitive science of religion. Landscape
models, as we show, corroborate longstanding findings, includ-
ing a strong preference for gods to follow cognitively plausible
patterns of agentic behavior, and the idea that the supernatural
monitoring by “big gods” can sometimes be assumed by a sec-
ular state. They also predict the existence of cultural attractors:
under free evolution, a diverse set of religious practices will
be channelled into a small number of stable configurations.
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We observe both “monastic”, “evangelical”, “indigenous”, and
“pre-Axial” attractors. Finally, we show the existence of par-
ticularly fragile traits: aspects of a religion whose change must
either be (1) prevented, through teaching (such as “belief in
reincarnation in this world”), or (2) accepted by practitioners
as the cost of evolution (such as a loss of state support).

Keywords: religion; cognition; cultural evolution; cultural at-
tractors; machine learning

Introduction

Religion—just as much as any cultural practice—is the art
of the possible. Thousands of religions exist, with estimates
suggesting that several are founded each day (Norenzayan)
2013)). However, the relatively few religions that achieve cul-
tural success, and survive long enough to be broadly recog-
nized, must answer to the cognitive abilities, and predilec-
tions, of the individual: what it is possible, or “natural”, to
believe (Sperber, {1975} Barrett, 2000; |Baumard & Boyer,
2013).

Not all aspects of a religion, of course, are reducible to
individual cognition. Complex practices, such as monument-
building, require joint intentionality and solutions to social
dilemmas. The possibility of a religion is, in other words,
an emergent property: one that answers to both the logic
of an individual’s religious experience (James) [1929), and
to the wider contexts that enable groups to function to-
gether (Norenzayan et al., 2016).

Making sense of how these cognitive and ecological con-
straints interact is not a trivial matter. One way to approach
the question is to focus on one or two aspects of a prac-
tice, and to look for more fundamental models of how they
function either for the individual agent, or in a group con-
text. |[Luhrmann et al.| (2021), for example, showed that the
direct experience of spiritual entities—a key aspect of many
religions—emerges from an individual’s adoption of partic-
ular folk theories of other minds, along with a predilection

for absorption into sensory experience. Along more social
dimensions, [Power| (2017)), for example, showed that costly
religious rituals can help establish an individual’s pro-social
reputation, making them potentially adaptive in societies that
require complex, but ad hoc, cooperation.

This approach contrasts with the data-driven approach to
cultural evolution that we follow here, which relies on large-
scale datasets where religions are coded on a number of dis-
tinct aspects. In this case, one uses the data to infer a cul-
tural landscape that captures how aspects of a religion (e.g.,
whether or not it demands participation in large-scale rituals)
interact with each other to make the final configuration more
or less probable (what we might think of as “stable”, “coher-
ent”, “natural”, or “attractive”).

Given a sufficiently diverse set of religions and questions, a
cultural landscape model can capture both endogenous (e.g.,
cognitive) and exogenous (e.g., socio-political) constraints on
religious practices. Both endogenous, and exogenous, fea-
tures have been emphasized in the literature on the cultural
evolution of religion. [Barrett| (2000)’s classic work, for ex-
ample, emphasized that religious concepts tend to be mini-
mally counterintuitive relative to a person’s overall concep-
tual scheme. Under this account, the supernatural agents
in a religion ought to “look like” more ordinary agents.
Which agents they resemble, of course—tricksters or norm
enforcers, vengeful children or wise elders—might vary a
great deal, but we expect the patterns of a theology to track,
all other things being equal, patterns in the mundane. A par-
allel tradition, beginning with Weber| (1904), emphasises the
extent to which these cognitive features co-evolve within a
wider social context.

As we shall see, cultural landscapes also make predictions
about the dynamics of religious practice; we can approach
both (1) how a practice might be expected to transform over
time, under the influence of cultural attractors (Mitonl 2022),
and (2) “points of fragility”’—the aspects of a religion that
are the least constrained by other features and thus the most
likely to be either explicitly taught (Miton & DeDeo) [2022),
or the most dependent on contingent social factors.

The Idea of a Cultural Landscape
The landscape approach we adopt here begins with a set of N
properties of interest; for the sake of simplicity, and to match
the predominant format of the Database of Religious History



(DRH; |Slingerland & Sullivan, 2017} [Slingerland, Monroe,
& Muthukrishna, 2022), we take these properties to be an-
swers to binary YES/NO questions. In our curated subset of
the DRH, for example, one question is whether religions have
a belief in “reincarnation in this world”; the full list of ques-
tions we use is at the end of the paper. A complete set of
YES/NO answers to the question set is called a configuration.

A cultural landscape is built from this data: it is a parsimo-
nious model of the underlying distribution that (in the long
timescale limit) the historical record is sampling from. Be-
cause of the heterogeneity in the types of questions that are
included in the present analysis, the distribution captures both
cognitive, and social, constraints that make some configura-
tions more or less likely than others, independent of any par-
ticular genealogy. This inference step will, in principle, pro-
vide us with a slice of the theoretically “true” landscape—the
idealized, complete account that would take into account all
of the causally relevant features. However, as the number of
features increase, the space of configurations expands expo-
nentially, and in practical work, we are forced to work with
lower dimensional projections, a partial reconstruction built
from a curated sub-selection of the potential features that con-
stitute a (religious) cultural practice.

Even a partial reconstruction is radically undersampled by
religions in the historical record, and inferring the full distri-
bution of the cultural landscape is a non-trivial challenge. We
use a “maximum entropy’” model, an approach that has seen
recent use in both the cognitive, social, and biological sci-
ences (Lee, Broedersz, & Bialek, 2015} [Louie, Kaczorowski,
Barton, Chakraborty, & McKay, [2018}; [Stephens, Osborne, &
Bialek} 2011)), where the probability of a configuration is the
emergent consequence of complex combinations of pairwise
constraints; formally, for a configuration {cy,...,0x}, Where
a YES (NO) to question i is represented by G; equal to +1 (—1,
respectively). This “global” probability is given by

exp (¥i;Jij0i0; + L hic;)
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where J;; are the pairwise constraints, /;, the “local fields”,
help fix the average values for each property, and Z is a nor-
malization constant. Despite its simplicity, Eq. |l| can cap-
ture complex patterns and higher-order effects (Schneidman,
Berry, Segev, & Bialek, 2006); it is sometimes known as a
“Boltzmann machine” (Ackley, Hinton, & Sejnowski, [1985))
or a “Hopfield network” (Hillar, Sohl-Dickstein, & Koepsell,
2012).

Cognition in an ecological context

Once the J;; and h; are inferred from data, Eq. |1| becomes a
powerful tool for investigation. Consider, for example, two
core features of the “big gods” debate (Norenzayan, 2013}
Norenzayan et al., 2016)): that god is watching (monitoring),
and that god is punishing (which often coincides with gods
that have a general moral concern, and also reward compli-
ance (Norenzayan et al.}, 2016)). Recent work by |Poulsen and

DeDeo|(2023) provides a landscape model over these two fea-
tures, along with eighteen additional ones, inferred from 407
religious groups in a subsample of the DRH. The algorithm
(Poulsen & DeDeol |2023)) allows for the integration of par-
tial data, providing predictions for these missing values af-
ter estimation; in the work presented here, when we refer to
the configuration associated with an observed group that has
missing data, we use the maximum likelihood estimate from
the inferred landscape model.

Given the inferred parameters, Eq. [I] can be used to esti-
mate how the two “big gods” features co-vary; holding every-
thing else equal, and averaging over all 22° possible religious
configurations, we have

(Full Landscape) Punishing | Not Punishing
Monitoring God 0.427 0.089
Not Monitoring God 0.083 0.400

i.e., the landscape model shows how monitoring and punish-
ing tend to be coupled—as might be expected if god is un-
derstood through a cultural model of human agency (Barrett,
2000), where human agents are expected to not only watch,
but also have goals and desires. Abstracting away from bi-
ases induced by historical evolution, we find that “big gods”
and non-“big gods” religions are roughly equally preferred.
Meanwhile, the “off-diagonal” cases—“otiose” gods, who
watch but do not punish, and “non-surveilling” gods, who
do not watch, but do punish—are a factor of five times less
likely. The discussion in [Barrett| (2000) suggests that these
cases might violate intuitions that we have from analogizing
gods to more mundane, human agents: a powerful human
agent, for example, that care enough about norm violations
to punish them, would also be expected to monitor whether
transgressions occurred. Following a similar line of reason-
ing, any agent that is monitoring, would be expected to have
intentionality, which might take the form of meting out pun-
ishment. The landscape model provides new support for this
claim.

The landscape model also enables us to examine the con-
textual effects that moderate the sense-making drives that reg-
ularize god-like behavior to familiar agentic patterns. In par-
ticular, we can go through the remaining 18 questions, and
see which one produces the largest effect on the probability
distribution: formally, if G represents the pair of “big gods”
questions, we look for the question i with the largest Jensen-
Shannon distance between P(6,0; = +1) and P(6,0; = —1).
This turns out to be whether or not the religious group enjoys
state support. When we restrict to the “state-supported” area
of the landscape, we get

(state-support YES) | Punishing | Not Punishing
Monitoring God 0.404 0.052
Not Monitoring God 0.122 0.433

In particular, our landscape model suggests that cognitively
counterintuitive gods who punish but do not monitor become
more preferred when accompanied by official state support:



informally, state support appears to serve as a substitute for
surveillance theology. In the ancient Ugarit religion (Portis}
2023)), for example, norm violations may be brought before
god as one might bring a case before a state official for trial—
i.e., the surveillance is carried out by society, while the god
dispenses justice. Conversely, the landscape suggests that
state support makes “otiose” gods (those who watch, but do
not punish) less likely. The possibility of such substitutions
(god takes on part of the role of state; state performs part of
the role of god) corroborates Norenzayan| (2013); Norenza-
yan et al.| (2016)) where it is argued that big gods might have
initially enabled large-scale societal cooperation, but that sec-
ular institutions (e.g., courts, police) can assume the role of
enabling prosocial behavior in contemporary societies.

Fitness versus (Meta)stability

The previous section considered a three-way interaction, but
Eq. [I| learned on the DRH data provides a distribution over
a 20-dimensional space. If we think of the probability of
each configuration as having a “height”’, we can draw on
metaphors from geographical landscapes in physical space to
approach an intuition about the landscape topography. For ex-
ample, configurations that are unlikely are said to be in low-
lying “valleys”, while more probable configurations might be
though of as “hills” or “peaks”.

These ideas are a central feature in evolutionary biology,
which has a long tradition of talking in terms of fitness
landscapes (Pitzer & Affenzeller, 2012; |[Fragata, Blanckaert,
Louro, Liberles, & Bankl] 2019). A key insight from this line
of work is that while the global probability of a configura-
tion (i.e., Eq. [I) might measure overall (sociocognitive) fit-
ness on very long timescales, it does not paint a complete
picture of the landscape. To understand the evolution of a re-
ligion over time, we need to broaden this conception, because
the presence of other probable “nearby” configurations—
configurations that differ in only one or a few attributes—can
make even a high-probability configuration less stable, be-
cause the neighbours serve both as an attractive, and a cogni-
tively and socially accessible, alternative. Conversely, a less
probable point in the landscape that is surrounded by even
less probable neighbours may achieve stability: it may not
satisfy the cognitive and social constraints very well, but it
will benefit from a lack of nearby alternatives that satisfy the
constraints better.

An explicit model for this effect is provided by Glauber dy-
namics (Glauber}, [1963)); given a particular base configuration
i, if we restrict exploration to a set of neighbours, A(j), the
probability that we move from i to one of those neighbours j
is given by
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A natural choice for the neighbour set A/(j) is the configu-
rations that differ in only one question; this corresponds to
the idea that religions change gradually, over time—either in
response to social changes (e.g., the loss of official political

support) or more basic cognitive shifts (e.g., the adoption of
the idea that a god might practice surveillance).
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Figure 1: Fitness is not (necessarily) stability. Some religions
(e.g., Donatism) are relatively high in overall fitness, but have
other attractive neighbours. Others (e.g., the Samaritans) may
have lower overall fitness, but are located in regions of the
landscape where nearby alternatives are significantly less at-
tractive. Vertical (dotted) red line is the median log P(i) for
the 260 maximum likelihood configurations. Solid red line
shows the best fit and 95% confidence intervals.

We can then compare the global probability of a configura-
tion, P(i), to its local stability, 1 — Y. ; P(i — j), or Premain, for
short. This is shown, for the observed religions in our DRH
set, in Figure[T](because some religions have the same config-
uration, the 407 observed religions map to 260 distinct con-
figurations). While there is a clear connection between high
fitness (being globally preferred), and local stability, there is
also a substantial spread around the trend line. Configurations
that fall below the line are less stable than expected given their
probability, while configurations above the line are more sta-
ble than expected.

Figure [T| natually divides observed religious practices into
four groups. A religion may be found at an “isolated peak™:
high probability, and surrounded by configurations that tend
to be less probable. These are found in the top right cor-
ner, with the “Jehovah’s Witnesses”, and the “Aztec Imperial
Core” being two examples. Other high-fitness religions are
part of a “mountain range”; high probability, but surrounded
by other probable configurations. These include “Donatism”,
“Iban traditional religion”, and “Yolngu religion”.

Among the less favored configurations, we observe both
“valleys”, and “hillocks”. A configuration with low probabil-
ity, which is additionally surrounded by relatively more prob-
able configurations, is in a valley, and may tend to flow up-
wards in the landscape; examples of these cases (bottom left
quadrant) include the “Sadducees”, “Pagans under Julian”,
and the “Rwala Bedouin”. Finally, there are hillocks—Ilow-



lying locally preferred configurations such as the “Samari-
tans”, “Muslim Students in the US and Canada”, and “Tang
Tantrism”. These configurations are sometimes referred to as
metastable (Cortés, Kauffman, Liddle, & Smolin, 2022)): on
short timescales, they are expected to be resistant to changes,
but—given their lower overall probability—may, eventually,
evolve by longer, more unlikely, macroevolutionary leaps.

Cultural Attractors

The analysis of the previous section reveals a complex rela-
tionship between local, and global, stability. As this dynami-
cal process unfolds, we expect religious groups to evolve to-
wards a smaller set of cultural attractors, local maxima in the
landscape, where further evolution is disfavored. To study
this in greater detail, we use Eq. |z| as a simple, Markovian,
evolution rule that is consistent, on very long timescales, with
the global fitness landscape, and simultaneously unstructured
enough to capture the variety of mechanisms, such as regu-
larization (Ferdinand, Kirby, & Smith} 2019) and transforma-
tion (Miton, 2022)), that we expect to underlie this drive in
real-world situations.

In the high-dimensional spaces that characterize cultural
landscapes, forward evolution can lead to multiple attrac-
tors. Figure [2) shows one example, for the case of (con-
temporary) Irish Catholicism. In order to understand the
shorter-timescale dynamics, we show only the paths lead-
ing to higher-likelihood configurations, and do not consider
paths through configurations of lower probability which, un-
der Eq. 2] are possible but (usually strongly) dispreferred.
Flow is visualized as going “upwards” on the page, with the
vertical position tracking relative log-probability. Beginning
with a focal configuration, we show the most likely uphill
transitions over the landscape. When a configuration corre-
sponds to at least one observed religion, we choose one of
those religions as its label; in the Irish Catholicism case, the
forward evolution also involves passage through configura-
tions that (despite being higher likelihood than Irish Catholi-
cism) have no matches in our observed data; these are colored
light blue.

The path from Irish Catholicism eventually terminates at
one of three local maxima, colored in red. In descending or-
der of probability, the terminal configurations are associated
with (1) the Medieval Cistercian Order (and a number of other
monastic orders, Christian and non-Christian); (2) the Jeho-
vah’s Witnesses (and a number of evangelical Protestant reli-
gions, such as the Anabaptists and Churches of Christ); and
(3) the Sokoto Caliphate, a religious theocracy. The heavy
black edges trace the maximum likelihood path: the most
likely transition from the Irish Catholics is to the Yiguan Dao
configuration, and from there to the Cistercian configuration.
This path involves two bit-flips: first, the group must acquire
the “supernatural punishment” trait, then the “special corpse
treatment” trait.

These landscapes are complex, and the higher-order inter-
actions between traits lead to interesting path-dependent ef-
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Figure 2: The evolutionary paths from “Irish Catholicism”.
Vertical position based on log P;. Light blue nodes are con-
figurations that do not correspond to an observed religion,
dark blue nodes correspond to at least one observed religion,
and red nodes are configurations that are more probable than
any of their immediate neighbors. Node size is scaled by the
Hamming distance (plus a constant) from the Irish Catholic
configuration. Edge size is scaled by the relative probability
of transition, and the black edges follow the “naive” highest
probability path.

fects. Another path to the Cistercian configuration goes via
a configuration with no corresponding religion in our data,
to the Qumran Movement, and through either Opus Dei or
the Yiguan Dao, before again terminating at the Cistercian
configuration. In both of these cases, the path, which always
moves uphill, involves both the loss of the “official politi-
cal support” trait, and its later reacquisition. This shows that
we should not, in most cases, think of traits as being glob-
ally favored or disfavored: cultural evolution is not a slow
acquisiton of unambiguously more useful traits, but a context-
sensitive navigation over a landscape of competing social and
cognitive demands.

Fig. 2] has three terminal attractor states. In Table [I] we
list the eleven attractors found as terminal states for the 407
religious groups (corresponding to 260 configurations) in our
dataset. We recognize the Cistercian group, the Jehovah’s
Witnesses group, and the Sokoto, that we encountered as po-
tential termination states for the Irish Catholics; there are oth-
ers, including a number of configurations strongly associated
with pre-Axial traditions (Bellah, 2017).

Table [T] gives further insight into the path dependent na-



N | P(i) Characteristics | Example

83 | 0.018716 | Monastic 12th c. Cistercians
42 | 0.007348 | Indigenous Iban religion

29 | 0.011989 | Evangelical Jehovah’s Witnesses
26 | 0.014685 | Pre-Axial Ancient Egypt

17 | 0.001779 | % Sokoto Caliphate

11 | 0.002316 | % Pythagoreanism

10 | 0.005486 | Evangelical Free Methodist Church
9 | 0.005943 | Pre-Axial Ancient Thessalians
8 | 0.002682 | Messalians

7 1 0.001617 | % Hidatsa

2 | 0.000800 | Pre-Axial Aztec Imperial Core

Table 1: The eleven cultural attractors inferred from the DRH.
N refers to the number of configurations that have this as their
maximum-likelihood path attractor; P(i) the global probabil-
ity (Eq.[I). Many attractor configurations are associated with
multiple religions in the data; “Characteristics” provides a
rough description; where there is only one observed religion
this is noted by *.

ture of cultural evolution. There is reasonable correlation be-
tween the global probability of a configuration, P(i), and the
number of observed religions that terminate at this configura-
tion, N, but the relationship is not straightforward: in general,
microevolutionary steps lead to high-fitness peaks. However,
the “actually existing” religions in our sample occupy regions
of the space that lead them, for example, to terminate at the
“indigenous” group that includes the Iban more often than
at either the evangelical group that includes Jehovah’s Wit-
nesses, or the “pre-Axial” group that includes Ancient Egyp-
tian traditions; this is despite the fact that the latter two groups
better satisfy the landscape constraints.

Two effects enable a less preferred configuration to serve
as a more powerful attractor than a more (globally) preferred
configuration. First, the peak may have a larger basin of at-
traction, meaning that there are more configurations such that
purely up-hill walks will take you to that peak rather than
others. Second, the historical data (and, more generally, the
geneaological effects of human cultural evolution) may have
led religions to concentrate in one peak’s basin of attraction
more than others.

Fragile Traits and Religious Stability

The previous result concerns how religious practices might
evolve under cognitive and social pressures. In general, re-
ligions are expected to change over time, drawn towards a
small number of cultural attractors. In this section, we ex-
amine the phenomenon of fragile traits—features that are
most easily varied—and the related idea that religions might
achieve stability by fixing (e.g., through explicit teaching)
particular features to their current value, an idea previously
explored in theoretical work (Miton & DeDeol 2022).

A simple way to examine this is to look at how local sta-
bility (Premain) changes, for a particular group, as we fix dif-

ferent features—if we “forbid” the religion to vary in certain
traits. A simple way to do this is to first fix the “most frag-
ile” trait—the feature associated with the most likely one-
question change under Eq. E}—and see how this shifts Premain-
This is shown in Figure[3] where we fix the most fragile trait,
then additionally the second most fragile trait, until all but
one trait is fixed.

As we fix more and more traits, local stability grows, and
the distribution narrows. While the initial spread in stabil-
ity is large (with no traits fixed, median stability is 80% with
95% HDI intervals between 72% and 88%), this variability
shrinks as more traits are fixed (e.g., for 10 fixed traits the
median stability is 97% with HDI intervals between 94% and
98%). Even very “unstable” religions, such as Paganism un-
der Julian or Santal (shown in Figure E]) can be stabilized in
this exogenous fashion.
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Figure 3: Local stability (Premain) for the 260 observed config-
urations, varying the number of traits fixed. Central line is the
median, while the wide band is 95% highest density interval
(HDI), and the narrow band is 50% HDI interval. Religions
that appear at unstable points on the landscape (e.g., Santal)
can be made stable by interventions on a fraction of the traits.

Contextual effects mean there will be variation, from reli-
gion to religion, in which traits are the most fragile. How-
ever, our model implies that some features are fragile across
many religions. In descending order, the most fragile traits
are “reincarnation in this world” (appears in the top five
most fragile traits for 54% of the observed religions), “offi-
cial political support” (53%), “monumental religious archi-
tecture” (47%), “grave goods” (41%), and “special treatment
for corpses” (40%).

The most fragile trait in the landscape is an epistemic one;
our landscape model suggests that there is something par-
ticularly difficult about preserving a belief in (or, almost as
difficult, a non-belief in) worldly reincarnation. This is a
claim with cognitive consequences—our model suggests that,
across various religious sets of beliefs and practices, it is rela-



tively easy to shift one’s belief in worldly reincarnation com-
pared to, say, the idea that god might punish you for norm
violations.

This first result is also, potentially, a prediction about how
religions manage the threat of change. If a religion wishes to
remain unchanged, then we would expect it to pay attention
to this more fragile trait. One way to fix a trait, of course, is
through explicit teaching; as mischievously suggested by the
atheist Voltaire, the Jesuits said, “give me the child for the
first seven years and I will give you the man”.

While our model points out a special role for reincarnation,
the remaining most-fragile traits are of a rather different na-
ture. Two of them, “grave goods” and “special treatment for
corpses”, are behavioral practices with (potentially) theolog-
ical implications. It is perhaps not surprising that, of the be-
havioral patterns, they are the most easily lost; in both cases,
they concern practices that are only infrequently undertaken
(burials are, usually, far rarer than daily or weekly rituals).

The two remaining traits are “official political support” and
“monumental religious architecture”, which concern the in-
teraction between the religion and large-scale social behav-
iors and systems. Under our formal definition, of course, a
religion that changes status on any questions has “changed”.

These cases highlight that, although change is usually as-
sociated with important shifts in identity and self-conception,
this might not always be the case. To take an extreme exam-
ple, Danish Lutherans technically enjoy state support; but it is
unlikely that they would consider themselves distinct in any
important fashion from German Lutherans, who do not. In
other cases, religions might indeed tie their identity to these
more exogenous features—for many pre-Axial religions, for
example, the political leader has an intimate relationship with
the supernatural almost by definition (Bellah, 2017). The
centrality of different practices for different cultures can vary
drastically, and in many cases “fragility” might be better con-
ceptualized as “fluidity”.

Discussion

Foundational work in the cultural evolution of religion has
often taken a “top-down” approach, starting with a hypothe-
sized interaction between a small number of key cognitive or
social mechanisms, and validating them through case studies,
laboratory experiments, or cross-cultural surveys.

This work takes a different, “bottom-up” and data-driven
approach, surveying at once a much larger set of features, in-
ferring their complex interactions (the J;; structure) in a syn-
optic fashion, and summarizing them in the metaphor of a
probabilistic landscape. While some previous work in the cul-
tural attractor literature has integrated large-scale databases
as an initial step towards establishing factors of attraction
(Miton, Claidiere, & Mercier, 2015), the approach taken in
this work represents a more ambitious approach, moving be-
yond an initial assessment of the predominance of traits in
the cultural record, and towards a coherent and increasingly
complete picture of both the interactions that lie beneath, and

their consequences.

By contrast, the most ambitious top-down approaches (e.g.,
Norenzayan et al.[(2016)) are necessarily restricted to lower
dimensional projections of this landscape—such approaches
yield fruitful and interesting contributions, but are challenged
by how cultural systems rely critically on complex relation-
ships, and higher-order correlations, to maintain stability or,
conversely, facilitate evolvability—aspects that are lost when
the landscape is not inferred together.

A natural objection is that our work is similarly limited.
Religious cultures may not be dictated by two or three inter-
actions, but neither are they as simple as the 20-dimensional
objects we consider here. This is both a concern, and a chal-
lenge: the inference process grows exponentially harder for
additional questions, and there is some practical limit to how
far we can go. A combined approach, that includes relying on
fundamental theories to constrain some relationships a priori,
based on the best, current, theoretical understanding of rela-
tionships, is likely the best way forward. Coarse-graining, or
“renormalization”, is necessary, but never theory-free: cou-
plings at the coarse-grained scale will often tend to be lower
than are at more fundamental levels.

Despite these limitations, the approach here, as we have
seen, reveals a great deal. Typically, and perhaps both natu-
rally and appropriately, cultural evolution is considered with a
view toward temporal evolutionary trends from an “old” sys-
tem to a “new” one. One important contribution is to help dis-
pel the notion that religious evolution has a directedness that
climbs steadily to a unique solution. There are many attrac-
tors, and our results suggest that while certain modern phe-
nomena, such as the emergence of non-state evangelical reli-
gions, are natural (temporary) resting points, far older models
remain as equally-valid places for future evolution.

For example, configurations with neither monitoring, or
punishing, gods, have roughly the same stability (on average)
than configurations with these “big gods” traits. This sug-
gests that while “big gods” might become favored in societies
where they provide benefits to the group, a culture might later
return to configurations without these traits, if other cultural
facets (e.g., courts or police) can fill these needs: modern so-
lutions that replace a monitoring god with a monitoring state
(such as modern Scandanavia) can be considered, not an in-
novation, but a return to more ancient paradigms found, for
example, in ancient Ugarit.

Question List. Are supernatural beings present? Is super-
natural monitoring present? Do supernatural beings mete out
punishment? A spirit-body distinction? Belief in afterlife?
Reincarnation in this world? Does the religion have official
political support? Does the religious group have scriptures?
Monumental religious architecture? Special treatments for
adherents’ corpses? Are co-sacrifices present in tomb/burial?
Are grave goods present? Are formal burials present? Does
membership in this religious group require castration? ..sac-
rifice of adults? ...sacrifice of children? ...self-sacrifice (sui-
cide)?
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