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Social norms as an interactive process: An agent-based cognitive modelling study

Yue Chen!(yue.chen@ru.nl)
Tibor Bosse! (tibor.bosse @ru.nl)
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Abstract

Social norms are often characterized as a system of rules that
guide behavior. However, social norms also allow for flexi-
bility; not entirely restricting individuals to one possible be-
havior. Here, we put forward an agent-based cognitive model
that captures social norms as processes that are socially con-
structed through interactions between individuals. In this mod-
elling work, we focus on the role of norm acquisition and con-
formity bias in both action production and inference-making.
This computational cognitive model allows us to think about
social norms along three dimensions: individual vs. collective,
behavior vs. belief, and subjective vs. objective. Our simu-
lation results show that increased conformity bias can induce
misjudgments about the true desires of others and misalign-
ment between different agents’ perceptions of the social norm.
However, if agents do not assume that others also conform in
their behavior, this increased conformity bias does not neces-
sarily lead to excessive misperceptions of the social norm.

Keywords: social norms; theory of mind; social interaction;
pluralistic ignorance; agent-based modeling

Introduction

The presence of social norms is universal across human soci-
eties. From avoiding crashes by driving cars on the same side
of the road, to sharing food with every member of the camp in
hunter-gatherer societies after each hunt, social norms orga-
nize the collective of individuals and benefit human commu-
nities by fostering cooperation and collaboration (Binmore,
2001; Mackie, 2018). Therefore, they merit study and inves-
tigation into their nature and formation.

Social norms are often conceptualized as “a complex set
of rules” or “default” behavioral rules stored in our minds,
activated by social cues within specific contexts (Bicchieri,
2005; Sripada & Stich, 2006). This rule-based conceptualiza-
tion is practical for explaining prescriptive norms that ought
to be adhered to, which are identified primarily by their vi-
olations or the punishment that may follow their violations
(Cialdini, Reno, & Kallgren, 1990). In contrast, descriptive
norms, which refer to the tendency of people to conform to
the most prevalent behavior in their community, are less rule-
like (Hawkins, Goodman, & Goldstone, 2019).

Despite the universal presence of social norms, they man-
ifest in diverse ways. Therefore, the study of norms would
arguably benefit from a pluralistic approach (Dale, Dietrich,
& Chemero, 2009; Westra & Andrews, 2022). This does not
only mean studying norms from multiple disciplinary per-
spectives (e.g. anthropology, economics), or studying the di-

versity of normative contents across cultures (e.g., different
1

dining manners), or assuming plurality in the psychological
and non-psychological processes that lead to the existence
of norms, but also plurality in terms of their conceptualiza-
tion (Morris, Hong, Chiu, & Liu, 2015; Westra & Andrews,
2022). The rule-based conceptualization provides a valuable
starting point, but may be limited in the types of phenomena
it can explain; not all norms are restrictive and morally oblig-
atory. Therefore, we argue that conceptualization approaches
that are different from the rule-based approach will help gain
a fuller understanding of social norms.

Here, we propose a process-based conceptualization of so-
cial norms and formalize it in the form of an agent-based cog-
nitive model (Smith & Conrey, 2007). Computational models
are useful because they can reveal the important essence of re-
ality through their simplicity (Sun et al., 2016). In our model,
social norms are seen as processes themselves: continuous,
socially constructed, and interactive, rather than static end
products of interactions. Such a process-based account may
be particularly useful for understanding descriptive norms.

In this paper, we take a particular descriptive norm
phenomenon—pluralistic ignorance—as a case study, to il-
lustrate what we mean by a process-based conceptualization
of social norms. Pluralistic ignorance arises when there is a
discrepancy between what individuals believe others desire,
and what others truly desire. For example, college students
might believe that excessive drinking is what most desire,
when actually only a few enjoy drinking that much (Prentice
& Miller, 1993). Norm acquisition appears to be crucial in
this process. Studies on pluralistic ignorance often describe
it as a misperception that occurs in the process of norm ac-
quisition (Miller, 2023). Various and complex processes are
involved in the acquisition of social norms (Hawkins et al.,
2019). One such (cognitive) process we will focus on in this
model is theory of mind (ToM), which involves making in-
ferences about others’ mental states based on their behavior
(Premack & Woodruff, 1978). In our model, we focus on
ToM as the psychological mechanism underlying descriptive
norm acquisition, as it has been proposed to be involved in the
acquisiton of prescriptive norm (Zhi-Xuan & Ong, 2019). In
addition to ToM, a tendency to conform appears to be a cen-
tral driving force behind social norms (Bicchieri, 2005). Our
model therefore also assumes a conformity bias in agents’ be-
havior, as well as in how they infer what other agents desire.

The model itself not only provides a process-based con-
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ceptualization but also allows us to think about social norms
along three dimensions: individual vs. collective, behavior
vs. belief, and subjective vs. objective. Therefore, it can
help unify different views on which level of explanation is the
right one for studying social norms, such as individual versus
collective level (Legros & Cislaghi, 2020). Using pluralistic
ignorance as a case study also sheds light on the question of
whether people assume that others behave purely out of their
own desire, or assume that others work just like them (i.e.,
also being influenced by their perception of the social norm
and some tendency to conform). Assuming that others act
purely out of their own desire may mistakenly lead to plural-
istic ignorance if others’ private attitudes are different from
their behavior because they are acting under the influence of
a social norm (Prentice & Miller, 1993). We ran computer
simulations to compare these two different inference assump-
tions and their effect on social norm processes.

Model
Description

The model population consists of a fixed total of 50 agents
(N = 50) that are categorized into 5 different groups (k = 5),
each with different (drinking) preferences. The initial propor-
tion of the different groups in the total population constitutes
the initial population social norm, and is represented by a set
of k weights wj,;;ia;. Each (drinking) group is modelled as a
Gaussian distribution of which the mean represents the group
identity ('ui'mup) and all groups have the same standard devi-
ation (Ggroup), as shown in Eq. 1. It gives the probability of
different possible desires that agents in this group may have.

Group; ~ N(:u;roupa Ggroup) (1)

Each agent has four attributes: (i) a group identity, (ii) a
true desire, (iii) a subjective social norm wyp jecrive, and (iv) a
conformity bias c. To capture that an agent with a particular
desire doesn’t act exactly the same way each time, we model
desire as a Gaussian distribution as well; with a unique mean
yljjesire per agent and shared standard deviation G ;.. for all

agents, as shown in Eq. 2. An agent’s unique ,uflm.re is sam-
pled from the group distribution Group; (given their group
identity), and is sampled only once to initiate the population
(@ in Fig. 1). An agent’s desire distribution represents the
probability of them producing different actions (e.g., consum-
ing x drinks) given their desire.

Desirej ~ N (1} ire» Odesire) 2

Inspired by Falandays and Smaldino (2022) and Toscano
and McMurray (2010), all (drinking) groups’ distributions are
combined and weighted by wyyp jecrive, Which together consti-
tutes a Mixture of Gaussians distribution (MOG) representing
an agent’s subjective norm perception (SNP), as shown in Eq.
3. Wubjective TEPTESENts an agent’s belief about the proportion
of different groups in the population. An agent’s subjective
norm perception as an MOG is a generalized abstraction of

descriptive norms. It represents the agent’s perception of the
probability of different ,ufiesim values in the population.

k
SNP ~ 21 mebjective N(:u;;roup? Ggroup) (3)

f
Populations are connected in a social network that deter-
mines which agents can interact with each other. At each time
step in our simulations, all agents first select a receiver to pro-
duce an action signal for. The agent could produce its action
directly from its desire; however, in this model we assume
that the tendency to conform to the subjective norm percep-
tion influences the agent’s action production (@ in Fig. 1).
Therefore, the action signal is sampled from another MOG
that combines the agent’s desire and social norm perception,

weighted by their conformity bias c, as shown in Eq. 4.

P(Action|Desire,SNP,c) = (1 —c) x Desire + ¢+« SNP  (4)

We compare two different strategies for inferring others’
desires based on their actions: (i) a ‘simple’ strategy which
assumes others act purely out of their own desire and (ii) a
‘complex’ strategy which assumes others are also influenced
by the social norm, just like the agent itself. Both strategies
make use of Bayesian inference with the aim of inferring the
sender’s Desire;. Because the receiving agent doesn’t have
access to the sender’s true group Group,, we assume they use
their own subjective norm perception (SNP,) as a prior over
possible desires. An agent using the simple inference strategy
(red agent in © in Fig. 1) infers the sender’s desire (Desire)
by assuming that they act completely out of their own desire
with no influence of a conformity bias, as shown in Eq. 5.

Pyimpie(Desireg|Actiony)

5
o< P(Actiong|Desires) x P(Desires|SNP,) ©)

In contrast, an agent using the complex inference strategy
(the blue agent in ® in Fig. 1) assumes that the sender acts out
of a combination of their true desire and their subjective norm
perception, mediated by their conformity bias (as is in fact the
case for all agents in our simulations). This is shown in Eq.
6. The complex inference agent assumes that the sender has
the same conformity bias and subjective norm perception as
themselves (i.e., they model others in an egocentric way).

Peomplex(Desires|Action)

. . . (6)
o< P(Actiong|Desires,SNP,,c,) x P(Desires|SNP,)

After the inference step, the receiving agent selects the
maximum a posteriori (MAP) desire from the posterior distri-
bution, which represents the most likely pgesire Of the sender.
Then, this inferred pge i is compared to the receiving agent’s
subjective norm perception to identify the (drinking) group
that the inferred g, most likely came from (i.e., where it

1934



has highest probability). The receiving agent then updates
their subjective norm perception (Wgyp jecrive) from the previ-
ous timestep ¢ — 1 to the current 7. This is done by increasing
the weight of the group it inferred the sender came from, with
update rate 0,pq4q multiplied by the number of senders ni
from that group (a given receiver can receive multiple actions
per timestep, because receivers are chosen probabilistically).
This is followed by a normalisation step, as shown in Eq. 7.

i i
q)upa'ate * Mg+ Wsub jective,_,

@)

Wsub jective, = Tf - :
1 l
Zi:l q)update * 1+ Wsubjective,_l

In sum, a timestep in our simulations consists of each agent
selecting a receiver and producing an action (e.g., consum-
ing x drinks), followed by inferring the desire of any sender
from which they received an action, assigning that sender to a
particular (drinking) group based on this inferred desire, and
updating their own subjective social norm accordingly.

':-:& Complex Inference

Figure 1: An illustration of agents’ interaction. @ Initializing
a population of agents from their corresponding group distri-
butions. @ Both the red and the blue agent generate actions
(consuming x drinks). ® Red and blue agents with simple and
complex inference strategies interact. Note that in our simula-
tions reported below, we only looked at homogeneous popu-
lations of agents with all the same inference strategy (so sim-
ple and complex agents don’t interact with each other there).

Simulation Details!

All our simulated populations are organised as a fully con-
nected network, in which all agents have equal opportunity to
interact with each other. We compare three different strengths
of the conformity bias (0.2, 0.5 and 0.8), and two inference
strategies, yielding six conditions in total. Each simulation
consists of a population that is homogeneous in terms of both
conformity bias and inference strategy, and 5,000 timesteps.

"Link: https://osf.i0/y93sv/ for code and data on OSF.

Table 1: Model parameters

Parameter Description Value(s)

N Population Size 50

k Drinking Groups 5

Hgroup Group Means 0.1,0.3,0.5,0.7,0.9
Ggroup Group Standard Deviation 0.1

G esire Desire Standard Deviation 0.05

Oupdate Update Amplitude 0.01

Winitial Initial Population Social Norm [0.1,0.1,0.1, 0.1, 0.1]
Wsub jective Initial Subjective Social Norm [0.1,0.1,0.1, 0.1, 0.1]
network Network Type fully-connected

step Simulation Timesteps 5,000

run Independent Runs per Condition 20

ToM Inference Strategies Simple, Complex

c Conformity Bias 0.2,0.5,0.8

During each timestep, every agent sends one action signal.
We ran 20 independent simulations per condition. All sim-
ulations start with an evenly distributed initial group social
norm (i.e., same number of agents per group). All agents
start out with a uniform subjective social norm. All simula-
tions are initialized by sampling the t.si from each agent’s
group distribution. See Table 1 for all parameter settings.

Outcome Measures

As agents generate actions at each timestep and make infer-
ences to update their subjective norm perception, measure-
ments could be constructed along three dimensions, as shown
in Fig. 2a. However, one of these axes is pre-defined in this
model: the individual and collective objective beliefs, which
both remain constant. In this paper, we focus on two mea-
sures: (i) individual subjective belief (the updated subjective
norm perception of each agent), and (ii) collective subjective
belief (constructed by aggregating the group with the high-
est weight in agents’ individual norm perceptions across all
agents). The behavior axis will not be covered in this paper.
Inference Accuracy To evaluate the accuracy of infer-
ences made about senders’ desires and their respective (drink-
ing) groups, we compare each inference made given an action
signal to the sender’s true group. We compute inference ac-
curacy as the proportion of correct inferences out of the total
number of inferences made, for each simulation run.
Individual and collective subjective belief Both individ-
ual and collective subjective belief are measured in Shannon
Entropy, which quantifies the uncertainty in a probability dis-
tribution. When everything is equally possible, this yields
maximum uncertainty and therefore maximum entropy. Thus,
the uniformly distributed initial population social norm (col-
lective objective belief; not shown in our figures) and the ini-
tial individual subjective belief have maximum entropy. In
our case with five (drinking) groups, the highest possible en-
tropy is 1.61 nats. In sum, both measures stand for agents’ be-
liefs about the diversity of (drinking) norms in the population;
either from the individual or from the collective perspective.
As entropy decreases from the maximum, it signifies that
agents begin to deviate from the “everything is equally pos-
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Figure 2: Measure Dimensions and Heatmaps a) Three mea-
sure dimensions, with each node representing a specific mea-
sure (with the ones we focus on in this paper in blue). b) In-
dividual subjective norm perception as it changes over time.
The upper heatmap shows an agent who believes that the so-
cial norm is diverse (that many different desires are possible).
The lower heatmap shows an agent who believes in a domi-
nant norm: that all other agents belong to group 0.1.

sible” view and start favouring certain (drinking) groups as
more probable (upper heatmap in Fig. 2b). At the extreme,
agents may end up believing that one (drinking) group dom-
inates the whole population with a weight of 1, resulting in
entropy approaching 0 (lower heatmap in Fig. 2b).

The entropy of each agent’s individual subjective belief is
measured at each timestep. This yields a time series of en-
tropy measures for all agents within a given condition, which
we average over agents and independent simulation runs. The
entropy of the aggregate measure of collective subjective be-
lief is also averaged over independent simulation runs.

In-Group Misalignment We use Bray—Curtis dissimilar-
ity to assess the degree of misalignment between two agents’
individual subjective belief; a measure commonly used in
ecology (Bray & Curtis, 1957). It shows how different two
agents’ individual subjective beliefs are across all timesteps,
with 1 meaning totally different and 0 meaning the same.
The in-group misalignment measure is a dyadic measure and
can be seen as asking how different two heatmaps (like in
Fig. 2b) are, so that it quantifies the difference between these
heatmaps as a whole, rather than for each timestep.

Results

In this section, the three conformity bias strengths of 0.2,
0.5 and 0.8 will be referred to as low, mid and high, respec-
tively. For example, we call the condition where agents use
the complex inference strategy and have conformity bias 0.5:
‘complex-mid’. All simulation results are shown in Fig. 3.
Inference Accuracy Results The subjective norm percep-
tion is constructed by making inferences about others’ de-
sires. Intuitively, when an agent infers that another agent is
drinking excessively to conform to the norm, the inference
will be more accurate if the other agent is indeed doing so in
order to conform. Thus, we expect the complex strategy will

yield more accurate inferences, since its inference structure is
consistent with others’ action production process.

Fig. 3a shows that the inference accuracies of complex
agents decrease nonlinearly as conformity bias increases, and
are lower than those of the corresponding simple conditions
(except complex-low). Simple agents’ accuracies decrease
linearly as conformity bias increases. Contrary to our ex-
pectation, complex agents are overall less accurate than sim-
ple agents in inferring others’ desires, even though complex
agents’ inference model mirrors how actions are truly pro-
duced (and all agents are initiated with the correct prior).

Below, we will provide an explanation for this counterin-
tuitive result. But for this to make sense, it helps to view the
difference between the two types of agents as whether they
are consistent in their conformity bias between the behavioral
level (action production) and belief level (inference-making).
Through this lens, we can think of simple agents as using a
complex inference strategy with an inference conformity bias
of 0.0, while in their behavior they actually conform to a low,
mid or high degree (i.e., inconsistent). In contrast, complex
agents have a low, mid or high conformity bias in their ac-
tion production, and a corresponding conformity bias in their
inference-making (i.e., consistent).

For simple agents, the discrepancy between their action-
production and inference-making processes increases as their
action conformity bias increases across conditions, while
their inference conformity bias remains zero. Their inference
strategies no longer explain well how actions are actually pro-
duced, leading to more errors. The linearly decreasing infer-
ence accuracy reflects this linearly growing discrepancy.

Complex agents’ conformity bias in inference operates dif-
ferently. A complex agent’s own norm perception becomes
self-reinforced, because in the inference process they (i) as-
sume (egocentrically) that others share their own norm per-
ception and (ii) use their own norm perception as the prior
(see Eq. 6). As a result, small differences in the initial inter-
active experiences of complex agents are amplified by their
egocentric assumptions, mediated by their conformity bias.
Consequently, this self-reinforcing inference structure takes
the complex agent further and further away from objective
truth and causes a nonlinear decrease in their accuracy. Thus,
the correct inference structure and initial prior does not nec-
essarily result in accurate inferences. This is a result of our
assumption that agents do not know each other’s perception
of the social norm, and therefore use their own norm per-
ception as a proxy, in combination with our assumption that
agents use their own norm perception as a prior over possible
desires (which needs to be defined for Bayesian inference).

Individual Subjective Belief Results Fig. 3b shows the
mean entropy of individual agents’ subjective belief (i.e., how
diverse they believe the population is in terms of agents’ de-
sires). We expect that higher inference accuracy will lead to
agents more accurately capturing the objective social norm
(which starts out as maximally diverse) in their subjective be-
lief. In Fig. 3b, we see that all simple conditions, together
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Figure 3: Simulation results across conditions (inference strategy*conformity bias strength): a) Inference accuracy; b) Mean
entropy of individual subjective belief; ¢) In-group misalignment; d) Mean entropy of collective subjective belief.

with the complex-low condition, overlap and are somewhat
below the maximum. This means that agents in these con-
ditions believe that their population is quite diverse in their
(drinking) preferences. Contrary to our expectations, the ac-
curacy of inferences in simple conditions (which decreased
linearly with increasing conformity bias) did not affect the
subjective norm perception (in terms of perceived diversity).

An explanation for this is that the initial population norm
(collective objective belief) is set to be maximally diverse
(same number of agents per group). When agents produce
actions based on these desires with a probability of 1 —c in
each round, and a simple agent performs inference over these
actions (assuming that the actions reflect true desires), the in-
ferred belief will preserve diversity (similar to the agents’ ini-
tial individual subjective belief). When simple agents act out
of their norm perceptions (with probability c), which are ini-
tially set to be diverse, they produce a wide variety of actions.
These diverse actions are perceived as resulting from diverse
desires, because the simple inference agents assume that oth-
ers act only according to their own desires. As a result, simple
agents make a wide range of errors in inferring the desires of
others. However, these errors align with the overall diversity
produced by diverse norm perceptions, once again preserving
diversity. The interplay between diverse norm perception, in-
ference errors, and desires forms a feedback loop that main-
tains diversity in simple agents’ individual subjective beliefs.

The subjective norm diversity in both the complex-mid
and complex-high condition decreases to zero (more quickly
for complex-high than complex-mid). This rapid entropy
decrease indicates that agents in these conditions quickly
start believing that one norm is dominant (i.e., that all other
agents belong to this group). The fact that this happens more
quickly when the conformity bias is high, is a result of the
self-reinforcing process for complex agents described above,
which gets stronger as the conformity bias increases. This ex-
plains why complex-mid and complex-high populations end
up believing in one dominant norm, while complex-low pop-
ulations do not. In sum, inference accuracy has an effect on
the diversity of individual subjective norm perceptions only
in complex conditions, but not in simple conditions.

In-group Misalignment Results For the individual sub-

jective belief results, we looked at an average over the en-
tropy of subjective norm perceptions. This operation will in-
evitably lose information as we compress a full distribution
to one value, making some different subjective norm percep-
tions indistinguishable. For example, [0, 0.2, 0, 0, 0.8] and [0,
0.8, 0, 0, 0.2] have the same entropy, but they stand for very
different beliefs about the social norm. Therefore, we use in-
group misalignment to measure how different agents’ beliefs
about norms are. Intuitively, we expect that an increase in
conformity bias would lead to a decrease in misalignment.

Contrary to our expectations, Fig. 3¢ shows that a stronger
conformity bias leads to an increase in misalignment, espe-
cially in the complex conditions. Both the mid- and high-
complex conditions look polarized and have much more mis-
alignment than the other conditions. All simple inference
conditions show lower levels of in-group misalignment than
their complex counterparts. This happens because agents of
both types conform to their own subjective norm perception
(more strongly so as the conformity bias increases), which
means they do not conform to ‘the objective truth’. So, the
higher the conformity bias, the more unique agents’ subjec-
tive beliefs become, leading to more misalignment. In com-
plex agents, the egocentric assumptions in their inference pro-
cess reinforce their unique perspective even more (modulated
by the conformity bias), leading to even more misalignment.

Collective Subjective Belief Results Before delving into
the results, we should make clear that this measure is the re-
sult of aggregation and averaging. Our collective subjective
belief measure does not imply “emergence” in the complexity
science sense, but is simply an aggregated measure that gives
us insight into simulated activity over time.

Fig. 3d shows that the mean entropy of the collective
subjective belief increases with conformity bias in all com-
plex conditions. The simple-low condition overlaps with the
complex-low condition, and in the simple-mid and simple-
high conditions, entropy levels are very similar, and in both
cases lower than in their corresponding complex conditions.
This is surprising because it is the exact opposite of what hap-
pens at the individual level: Fig. 3b and Fig. 3d show a rever-
sal in their trends. At the individual level, simple agents retain
more diversity, while at the collective level, complex agents
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are more diverse in their belief. Furthermore, the overlap be-
tween the different simple conditions at the individual level
also disappears at the collective level (high = mid > low),
similarly to what happens for inference accuracy.

To explain this, we have to look back at the in-group mis-
alignment results. If all agents would align on the same in-
dividual belief about which group is the dominant one, that
group would become dominant at the collective level as well,
resulting in a collective subjective belief with zero entropy.
However, complex agents in the mid and high conditions who
perceive one norm as dominant, tend to misalign on which
group is the dominant one. Thus, their subjective beliefs are
more diverse at the collective than at the individual level.

In contrast, simple agents tend to favour certain groups
over others in their diverse individual subjective beliefs (see
upper heatmap in Fig. 2b). Most of them are more consis-
tent (low misalignment) in the norm views they hold than in
the corresponding complex conditions (except complex-low),
so that what they all believe to be the relatively more or less
dominant groups become even more so collectively. Thus,
they have a lower diversity of subjective beliefs at the collec-
tive level than at the individual level, as well as than their cor-
responding complex conditions at the collective level. More-
over, even though their individual norm perceptions have the
same degree of diversity (entropy overlap), simple agents dis-
agree more about which groups are more dominant as the
conformity bias increases (increased misalignment). As a re-
sult, their collective subjective beliefs no longer overlap.

Summary Our simulations show that increased behavioral
conformity can induce misjudgments about the true desires
of others, and misalignments of norm perceptions among
agents. This is strongest in complex inference agents, even
though their model of how others produce actions is correct.
Due to their egocentric bias, their individually constructed
norm perceptions deviate greatly from the objective belief.
However, collectively they are more in line with the objective
belief. Interestingly, an increase in misjudgments of desires
by simple inference agents does not necessarily lead to large
misperceptions of the norm; but their misalignment does lead
them to collectively deviate from the objective belief.

Discussion

In this paper, we formalized a process-based conceptualiza-
tion of descriptive social norms, in the form of an agent-based
cognitive model. We modelled descriptive norms, which are
considered trivial in norm psychology (in contrast to prescrip-
tive norms) because they are thought to be acquired easily
through direct observation of statistical regularities in actions,
to lack a “sense of should” and to be “normal rather than nor-
mative” (Kelly & Davis, 2018; Zhi-Xuan & Ong, 2019; The-
riault, Young, & Barrett, 2021). If so, then the phenomenon
of pluralistic ignorance, which we take as a case study, can-
not be fully explained, since it is not prescriptive and cannot
be accounted for by looking only at regularities in behavior.
Some behaviors are regular because they are common sense,

like drinking more water when the weather is hot, but that
does not make them social norms. Descriptive norms are in
the awkward position of being neither fully attributable to sta-
tistical regularities nor to rules. They appear to be statisti-
cal regularities; however, simply conceptualizing and study-
ing descriptive norms as such is not sufficient for explaining
them. Meanwhile, it seems that we cannot completely dis-
card the rule-like flavor of descriptive norms, because what
is behaviorally common is sometimes perceived as normative
in a prescriptive way, or becomes prescriptive in the course of
development and interaction (Heyes, 2022; Knobe, 2023).

Therefore, we choose to place interaction at the center of
social norms, conceptualizing them as processes in which in-
dividuals interact with each other (Dingemanse et al., 2023).
This conceptualization is not mutually exclusive with a rule-
based account. On the contrary, it is a more inclusive ap-
proach that allows us to see descriptive norms — prescriptive
norms as a continuum in which neither rules nor regularities
are the focus, but rather the process of the various interactions
themselves. Through this continuum perspective, we could
identify under what circumstances descriptive norms arise,
and when approval and punishment may come in, transform-
ing a descriptive into a prescriptive norm. In line with inter-
actionism, agents in our model construct their own subjective
perception of norms as their social realities through interac-
tion, which influences how they act and how they presume
others will act (Mirski & Bickhard, 2021).

The constructive norm process is a multi-dimensional con-
struct across the individual/collective, belief/behavior, and
subjective/objective levels. Our simulation results reveal
intricate interactions that have to do with: (i) Individ-
ual/Collective: individually vs. collectively believed subjec-
tive norms, and the misalignment between agents’ individual
norm perception within a population; (ii) Behavior/Belief:
conformity bias in one’s own actions vs. the assumed con-
formity bias of others in inference-making, and the misalign-
ment between the two. Most of our results describe steady
states, but they provide us with insight into the process.

The model presented here also has several limitations.
First, we assume that agents have fixed desires. However,
desires can be influenced and altered based on an agent’s indi-
vidual subjective norm perception, as modelled in Zhi-Xuan
and Ong (2019). Second, we also assume five (drinking)
groups as pre-given with fixed boundaries. However, groups
and categories might emerge themselves in interactions and
might have different boundaries and sizes, like the category
attractors simulated in Falandays and Smaldino (2022). Fi-
nally, there are several factors we have not explored in the cur-
rent study; such as social network structure, means of com-
munication, and memory capacity of the agents.

In conclusion, conceptualizing and modelling descriptive
social norms as socio-interactive processes with conformity
at their essence reveals complex dynamics across multiple di-
mensions. Studying descriptive norms in this way contributes
to a more comprehensive understanding of social norms.
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