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Abstract

Generic statements (e.g., “Climbers drive Subarus”) shape
what categories people take as meaningful bases for general-
ization. After hearing a generic, people not only learn about
the prevalence of a feature in a category (e.g., how many
climbers drive Subarus), but also about the inductive poten-
tial of the category (e.g., that climbers share many features).
Here, we propose a Bayesian model of how people infer in-
ductive potential from generics. To test our model, we in-
troduced adults (n = 284) to nothing (baseline), or to mem-
bers of a novel social category accompanied by generic state-
ments (e.g., “Zarpies sleep in trees”) or specific statements
(e.g., “This Zarpie sleeps in trees”). We then measured in-
ferred inductive potential by eliciting the prevalence of novel
features. As predicted, generics increased while specific state-
ments decreased the category’s inductive potential, relative to
baseline. Our account explains how generics facilitate the cul-
tural transmission of social categories believed to be bases for
generalization.

Keywords: social cognition; categories; generics; inductive
potential; rational speech act theory; hierarchical Bayesian
modeling

Introduction

People rely on categories to make sense of the social world
(Murphy, 2004; Smith & Medin, [1981). Consider the follow-
ing categories of people: New Yorkers, librarians, Geminis,
climbers, pedestrians, and bystanders. These categories all
vary in their inductive potential — how well each category
supports generalization across members of the groupﬂ For
example, in the US context, the category “climbers” is often
thought of as a relatively coherent and inductively potent cat-
egory whose members share many similarities (e.g., in per-
sonality, lifestyle). As a result, if you meet a climber and
learn some fact about them, you might readily generalize that
fact to climbers in general, because the category “climber” is
seen as providing a solid basis for generalization. In contrast,
if you see someone on the sidewalk (i.e., a pedestrian) and
learn some fact about them, you are unlikely to generalize that

“Joint senior authorship.

Inductive potential can feed into other ideas, such as how sim-
ilar category members are seen to each other (e.g., climbers are
thought of as sharing many similarities), how informative cate-
gory membership is thought to be (e.g., knowing that someone is
a climber is thought to be revealing of what they are likely like), and
how essentialized a category is (e.g., whether climbers are charac-
terized by some innate essence). As a result, inductive potential is
a component of other concepts in the literature, such as how “’kind-
like” (Noyes & Keil,[2019) or how “entatitive” (Yzerbyt et al.,2001)
a category is perceived to be.
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fact to other pedestrians, since the category of “pedestrian” is
a relatively minimal category with low inductive potential.

How do people learn the inductive potential of categories?
Beliefs about social categories, including about their induc-
tive potential, are acquired and refined not only through direct
observations—e.g., observing a climber driving a Subaru—
but also via mechanisms of cultural transmission—e.g., be-
ing told “climbers drive Subarus.” Such statements, called
generic language, serve as a powerful source of beliefs about
categories. Generic statements are frequent in everyday
speech across a wide variety of languages (Carlson & Pel-
letier, [1995; Gelman et al., [2008; Leslie, 2008), and are es-
pecially frequent when speakers talk about categories they
essentialize, that is, categories considered to be natural and
high in inductive potential. For example, adults told that
a novel social category is a distinct kind of people with
distinct biological and cultural traits subsequently produced
more generic statements about the social category (Rhodes et
al., 2012). Generic statements are thus readily available as
sources of information about categories.

When listeners hear generic language, they not only learn
about the prevalence of the mentioned feature, but also about
the category as a whole: that the category has high induc-
tive potential. For example, when hearing a generic statement
about a novel category (e.g., “Zarpies eat flowers”), versus a
specific statement about an individual (e.g., “This Zarpie eats
flowers”), children and adults not only expect a new cate-
gory member to exhibit the mentioned feature (eating flow-
ers) (Pronovost & Scott, |2022), but also expect any novel
features of the new category member to be broadly held by
category members (e.g., if the new Zarpie is scared of shad-
ows, then relatively many Zarpies must be scared of shadows)
(Benitez et al.,[2022). In other words, the category is taken as
having high inductive potential, the ability to support wide-
ranging generalizations. People therefore take generics as ev-
idence that the category itself is highly coherent—i.e., that it
provides a strong basis for generalization.

Why does generic language suggest something about the
category itself, beyond the particular feature mentioned?
While generic language (e.g., “Climbers drive Subarus.”)
clearly indicates a link between a feature and a category
(e.g., driving Subarus and climbers), it is not obvious how
generic language might suggest something about the nature of
the category itself (e.g., that the category “climbers” is high
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in inductive potential). Although this phenomenon is well-
established in the literature (Rhodes et al., 2024), it has to
date eluded formal explanation. Understanding precisely how
generic statements lead to inferences about category struc-
ture requires considering how language interpretation inter-
acts with concept learning and leads to inferences about novel
features. Our goal is to develop a computational model that
allows us to precisely specify the contribution of each of these
components.

Here, we present a computational model that successfully
accounts for how language like generic statements affects in-
ferences about the nature of categories. While existing com-
putational models capture related phenomena, such as how
generic language leads to context-sensitive inferences about
the prevalence of the feature mentioned in the generic (Tessler
& Goodman, 2019), they do not capture how generic lan-
guage shapes inferences about the category as a whole, e.g.,
about inductive potential, which could support inferences
about features beyond those mentioned in the generic. To
capture such inferences, we develop a model that combines
hierarchical Bayesian inference with a model of the semantics
and pragmatics of generics (Kemp et al.,2007)). We then em-
pirically validate the predictions in an experiment with adult
participants.

Computational Model

Our account combines hierarchical Bayesian inference with
the Rational Speech Act (RSA) framework (N. D. Goodman
& Frank, [2016; Kemp et al.,|2007). We first introduce a basic
formalization of the meaning of generic and specific state-
ments in the context of hierarchical inference, before turn-
ing to modeling the effects of pragmatic inference. Then, we
present model predictions about how people learn about the
inductive potential of categories from generic versus specific
statements as hypotheses for our experiment.

Setting up the basic meaning of statements

Imagine learning about a novel social category, Zarpies. Over
time, you may observe individual category members (e.g.,
various Zarpies) and features of each individual Zarpie (e.g.,
one Zarpie eats flowers, another Zarpie lives in caves, a third
Zarpie is afraid of bugs, ...). An observation of an individual
Zarpie may be accompanied by someone else observing the
same scene and uttering a generic statement (e.g., “Zarpies
eat flowers”) or specific statement (e.g., “This Zarpie eats
flowers”). What might you learn about Zarpies from such
observations and utterances? In particular, what is the induc-
tive potential of Zarpies as a kind: are they relatively high
(similar to e.g., “climbers”) or relatively low (similar to e.g.,
“pedestrian”) in inductive potential?

To begin our formalization of this task, we define a set of
features under consideration, F (e.g., eats flowers, likes to
sing, ...). I is built up as the set of all features observed so far
among individuals x;, all of whom are members of the cate-
gory k (e.g., Zarpies). We task the model with inferring which
features among the observed features I are kind-linked,; this
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Zarpies eat flowers

Figure 1: A speaker (left) talking to a listener (right) says ei-
ther a generic (top) or specific (bottom) statement after jointly
observing an individual Zarpie with some feature.

subset we denote as F;. The inductive potential of a cate-
gory, 0, is formalized as coherence, an overhypothesis that
designates the prior probability that any single feature is kind-
linked, i.e., the probability that any feature f in [F is a member
of Fi: 0 =P(f € F)J

Next, we can use our concept of kind-linked features to in-
troduce a high-level formalization for the meaning of generic
statements. Specifically, we treat generic statements (e.g., “ks
are f”) as true if and only if the mentioned feature f is in %,
the set of features kind-linked to the mentioned category k.
(Note that our model is agnostic to what exactly it means for
a feature to be kind-linked. Thus, different analyses of the se-
mantics of generics (e.g., Leslie, 2008}, Tessler & Goodman,
2019) are all compatible with this model.)

In contrast, specific statements (e.g., “This k is ) are true
if the mentioned feature f is in the set of observed features of
xi, the individual being observed. Formally, the meaning of
an utterance u; in the context of an individual x;, a member of
category k with kind-linked features ¥, is:

1f € R ifu="“ksare f”
(il (Freoxi) =< 1[f €xi]  ifw;=“Thiskis f~ (1)
0 otherwise

where 1[X] is an indicator function that evaluates to 1 when
X is true and O otherwise.

2We use stochastic memoization (N. Goodman et al., 2014) to
ensure the same feature is treated with the same kind-linked status
across observations, allowing the feature set to grow dynamically as
new features are encountered.



Learning from generic statements

To model people’s representations of categories, including
their inductive potential, we turn to hierarchical Bayesian in-
ference. Hierarchical Bayesian inference (Kemp et al.,2007)
provides a natural framework for expressing the relationships
between individuals and their features (e.g., whether an indi-
vidual Zarpie eats flowers), hypotheses (e.g., whether Zarpies
in general eat flowers), and overhypotheses (e.g., how likely
a feature is to be a kind-linked feature of Zarpies).

Here, inductive potential is formalized as coherence, the
prior probability that a feature is kind-linked. We posit a sin-
gle coherence value for a kind, which acts as an overhypothe-
sis, i.e., a default hypothesis, about whether a new feature will
be kind-linked, a hypothesis which may be further modified
by feature-specific knowledge. Being kind-linked is binary.
Although there are many accounts of what it means for a fea-
ture to be kind-linked, here we simply assume that a feature
that is kind-linked has greater prevalence among members of
the kind than if it were not kind-linked (though crucially, the
change in prevalence can be context-dependent; see (Novoa
et al.,[2023}; Tessler & Goodman,|[2019)).

Formally, inferring the coherence of a category is analo-
gous to guessing the bias of a coin. If a coin lands heads 16
out of 16 times, the coin is likely to be heads-biased. Analo-
gously, if you hear 16 different generics about the same cat-
egory (e.g., “Climbers drive Subarus,” “Climbers have short
nails”, etc.), you can infer the category is likely high in co-
herence.

Taken together, high coherence allows one to infer that a
feature of an individual kind member is likely also a fea-
ture of other kind members. In this hierarchical structure,
beliefs about the general inductive potential of the category
(e.g., how similar do Zarpies tend to be to one another?) gov-
ern and interact with beliefs about the prevalence of features
among category members (individual Zarpies and their fea-
tures). As a result, hierarchical Bayesian inference provides
a way to model a kind’s inductive potential.

Next, we consider how a speaker and listener communi-
cate about categories. When a speaker and a listener jointly
observe an individual category member (e.g., a Zarpie), the
speaker may choose a generic utterance (e.g., “Zarpies eat
flowers”) to convey to the listener that that feature of the in-
dividual category member is kind-linked. Alternatively, the
speaker may choose a specific statement (‘“This Zarpie eats
flowers”) to simply note that the individual Zarpie has the
feature. A listener then reasons about the speaker’s choice of
utterance to infer a representation of the category, specifically
jointly inferring the category’s inductive potential (e.g., how
coherent Zarpies are as a kind) and what observed features
are kind-linked ]

3See Degen et al., 2015, Kravtchenko and Demberg, [2022] for
an analogous approach where the listener revises their prior beliefs
about the state of the world to accommodate something unexpected
in what the speaker said. Here, the listener revises their beliefs about
the kind, including its coherence and linked features, from what the
speaker said.
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Formally, we define a literal listener who reasons jointly
about a category’s inductive potential 8 = P(f € %) and
features linked to the category ¥ from observed category
members X = (x,x3,...,x,) and accompanying utterances
u= <ulvu2a "'7un>:

Lit( %0 | x,u) =< P(8)P(Fi | 6) [ Jluill (Fixi)

i

2

Here, the prior P(8) represents the listener’s prior be-
liefs about the coherence of the category, 0; the likelihood
P(F; | 0) represents the likelihood of a given set of kind-
linked features (%) given the category’s inductive potential
(0); and the product term represents the semantic likelihood
of producing the utterances heard u about individuals seen x
(as defined in Equation [TJ).

Learning from specific statements

Having formally specified a literal interpretation for generic
and specific statements, we can now model the pragmatic in-
terpretation of speaker utterances. To do so, we use the Ra-
tional Speech Act framework (RSA), which formalizes prag-
matic inferences by a listener who performs Bayesian infer-
ence, assuming that a speaker is intentionally choosing utter-
ances to align the listener’s beliefs with the speaker’s (N. D.
Goodman & Frank, [2016).

We consider a speaker whose goal is to communicate
which, among the features of the mutually observed individ-
ual x;, are features of the kind (7 Nx;). To communicate
the kind-linked observed features ¥; to the literal listener,
the speaker selects an utterance u;, either a generic statement
or a specific statement, and considers what kind-linked fea-
tures the literal listener would infer from that ( ﬂ-'k*)ﬂ Such a
speaker has the following utility function:

Utility (u;,x;, ') =

ZLit(Tk | x;,u;) - Similarity (F," Nx;, Fi Nx;) 3)
T

where Lit( % | xi,u;) = [ Lit(F,0 | x;,4;)d0 and the similar-
ity between the intended and inferred set of kind-linked fea-
tures is calculated via Jaccard similarityﬂ The speaker can
then be defined as trying to maximize such a utility function:

Sp(ui | F',xi) o< exp {B-Utility(u,-,x,~7 fk*)} )

where P is a rationality or inverse temperature parameter that
controls the degree to which the speaker tries to maximize
utility.

Finally, to capture pragmatic inferences, we can define a
pragmatic listener that reasons about category inductive po-
tential and kind-linked features by reasoning about what a

4The predictions are relatively unchanged if silence, which is al-
ways true, is added as a third alternative option.

5The Jaccard similarity ranges between 0 and 1 for two non-
empty sets A and B: Jaccard(A,B) = [AnB|

= [AUB|" If both sets are empty,
the similarity is 1.
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Figure 2: Model of learning from generics. (A) Graphical model of literal listener. Greyed out nodes indicate observations.
(B) Graphical model of pragmatic listener. (C) Expected value for coherence from pragmatic listener after hearing 16 generics,

nothing, or 16 specifics.

speaker is likely to say, rather than what is semantically true.
Formally, we simply replace the literal semantic likelihood
in the literal listener (Equation [2)) with the speaker likelihood
(Equation ) to define the pragmatic listener:

Prag(%;,6 | x,u) o< P(6)P(% | 9)HSp(ui | Fi,xi)  (5)

As a result, hearing generic versus specific statements
about a category respectively increase and decrease the prag-
matic listener’s inferred coherence of the category. To
demonstrate this consequence, we modeled P(6) with a uni-
form distribution, set the rationality parameter 3 to 20, and
calculated Prag( 7,8 | x,u) for hearing 16 generic statements,
16 specific statements, or nothing (which effectively returns
the prior). As shown in Figure 2IC, hearing only generics
causes the pragmatic listener to infer that the category has
relatively high coherence compared to the prior, while hear-
ing only specifics depresses the inferred coherence from the
prior. In short, the pragmatic listener learns from language
how meaningful and coherent Zarpies are as a category.

The latter prediction about the interpretation of specific
statements is a pragmatic effect that only emerges in the prag-
matic listener model, and not the literal listener model. To a
literal listener, specific statements are completely uninforma-
tive, since the semantics of specific statements have nothing
to do with the category. However, since the pragmatic lis-
tener assumes that the speaker is choosing utterances to be
informative about kind-linked features, the pragmatic listener
interprets the specific utterance to mean that the generic utter-
ance was not chosen, and consequently infers that the men-
tioned feature is not kind-linked and that the category has low
inductive potential.
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To compare model predictions of coherence to human
judgments, we asked participants in the following experi-
ment to imagine a new category member with a novel feature
and elicited judgments of the prevalence of the novel feature
among the category.

To link the model’s predictions of coherence to estimates
of a particular feature’s prevalence, we used a linking func-
tion that estimates prevalence as a weighted combination of
the feature’s prevalence if it were kind-linked, versus the fea-
ture’s prevalence if it were not kind-linked, with the weight
being the kind’s coherence (similar to the linking function
used by Tessler and Goodman, 2019). We fit two separate
beta distributions for each feature in the following experi-
ment, one for its kind-linked prevalence and another for its
non-kind-linked prevalence. In sum, features are presumed
to have higher prevalence if they are kind-linked than if they
were not kind-linked.

As a result, based on the pragmatic listener model, we ex-
pect that (1) hearing generic statements about a social cate-
gory will lead people to infer that the category has high induc-
tive potential, and therefore, novel features will be thought
to be higher in prevalence among category members than if
one had not heard such statements. Our model also predicts
that (2) hearing an alternative statement, such as a specific
statement (e.g., “This Zarpie eats flowers”), will lead listen-
ers to infer that the category has low inductive potential, and
therefore, novel features will be lower in prevalence among
category members, compared to baseline.

The model implementation and a demo of the model pre-
dictions are available on this project’s Github repository.


https://github.com/mariannazhang/compgenerics

Experiment

We aim to test two predictions made by the model in an ex-
periment with adults. The first is a replication of an effect
previously reported in the literature, in which hearing generic
statements leads listeners to infer that a novel category has
high inductive potential, which results in high generalization
of novel features (Rhodes et al., 2012). The second is the
novel prediction that hearing specific statements will lead lis-
teners to infer that the category has low inductive potential,
which leads to low generalization of novel features.

Design, materials, and procedure

The sample included 284 adult participants based in the
United States (48.9% female, 49.6% male, 1.4% prefer not to
respond; 71.4% White, 8.1% Black, 8.1% multiracial, 7.7%
Asian, 3.2% Other, 1.4% prefer not to respond; age M =41.1
years, SD = 14.4 years). An additional 16 participants were
excluded due to failing an attention check.

Participants were recruited via |Prolific, an online research
platform, and were over the age of 18, located in the United
States, and reported English as a first language. The exper-
iment was approved by the New York University IRB (IRB-
FY2023-6812), and was not preregistered.

Participants were introduced to a novel group of people
called Zarpies, shown as cartoon people varying in appear-
ance with similar clothing to each other (see middle image
in Fig. [I). Participants were randomly assigned to either
the generic (n = 95), specific (n = 90), or baseline (n = 99)
condition. Participants in the generic and specific condi-
tions watched a narrated video about a book titled “All About
Zarpies” or “Look at this Zarpie!”, respectively (see Rhodes
et al. (2012) for the books used). The books contained 16
training trials, each a page illustrating a Zarpie with a cer-
tain feature (e.g., a Zarpie eating flowers). Each training trial
featured a different image and physical or behavioral feature;
training trials were presented in fixed order. On each trial,
the narrator said, “Look at this Zarpie!” and uttered either a
generic statement (e.g., “Zarpies love to eat flowers.”) in the
generic condition or a specific statement (e.g., “This Zarpie
loves to eat flowers.”) in the specific condition (see Leshin
et al. (2021) for the videos used). Participants in the baseline
condition did not receive any training trials and proceeded di-
rectly to the test phase.

To assess participants’ inferences about the inductive po-
tential of Zarpies, all participants then experienced 16 test tri-
als where they were asked to imagine seeing a Zarpie with a
novel feature not mentioned in the training trials (e.g., “Imag-
ine you see a Zarpie painting their hands yellow.”), and to es-
timate the prevalence of Zarpies with that novel feature (e.g.,
“What percentage of Zarpies do you think paint their hands
yellow?”). Each test trial used a different behavioral feature;
test trials were presented in randomized order (see Figure[3B)
for the features used). Participants responded using a slider
ranging from 0% to 100%, with labels every 25%, and initial-
ized at 0%.

315

Responses were rescaled and truncated between .01 and
.99 to directly compare with model predictions, which range
from .01 to .99, due to the use of beta distributions.

Results
data fitted model
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g
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generic  baseline specific generic  baseline specific
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Figure 3: Experiment results: inferred prevalence in each
condition, collapsing across test trials. Left facet depicts em-
pirical data: small transparent dots indicate individual re-
sponses, and dots with error bars indicate means with 95%
confidence intervals. Right facet depicts mean model predic-
tions after fitting each test trial using an inverse temperature
of B =20.

We tested the main predictions of the model against partici-
pants’ responses in the test trials. If generics lead to the infer-
ence that the category is high in inductive potential, then the
generic condition should show higher generalization of novel
features compared to the baseline condition. If specifics lead
to the inference that the category is low in inductive potential,
then the specific condition should show lower generalization
of novel features compared to the baseline condition.

To test both hypotheses, we ran a mixed effects beta re-
gression, predicting prevalence ratings, as a function of con-
dition, with random intercepts per test trial and per partici-
pant. Participants generalized differently across conditions,
as indicated by their prevalence ratings differing across con-
ditions (x>(2) = 41.73, p < .001) (Figure [3).

To break down the main effect of condition, we conducted
pairwise comparisons between conditions (with Bonferroni
correction). Participants generalized more, i.e., gave higher
prevalence estimates, in the generic condition compared to
the baseline condition (§ = 0.37,SE = .12,p = .01). Par-
ticipants also generalized significantly less, i.e., gave lower
prevalence estimates, in the specific condition compared to
the baseline condition (f = —0.46,SE = .13, p < .001), con-
firming each hypothesis, respectively.

Discussion

We proposed a hierarchical Bayesian model of how people
learn about categories from hearing generic statements, and
confirmed several key predictions. In an experiment with
adults, hearing generic statements caused people to general-
ize novel features of a category member to many category
members, which the model explains as an inference that the


http://www.prolific.com

category is relatively coherent. In contrast, people were less
likely to do so after hearing specific statements, which the
model explains as a pragmatic effect of the speaker selecting
a specific statement rather than a generic statement.

Learning about categories from generic and specific
statements

Generic statements are known to not only shape our beliefs
about the prevalence of specific features of a category, but
also about the whole category itself, with the category com-
ing to be seen as a meaningful and cohesive kind that supports
induction. Our model provides a rational account of this pro-
cess: people reason not only about the prevalence of vari-
ous features, but also about categories themselves, including
about what features are kind-linked, and about the category’s
overall inductive potential. Category representations have a
hierarchical structure where beliefs about the inductive po-
tential of the category govern and interact with beliefs about
the prevalence of specific features among category members.
Note that speakers need not intentionally seek to communi-
cate the inductive potential of a category; the (inferred) in-
tent to communicate kind-linked features is sufficient to sup-
port listeners’ inferences about category-wide inductive po-
tential. As a result, generic language may be one mechanism
by which people learn which social categories are considered
meaningful and coherent in their society.

This work also contributes to our understanding of specific
statements, which to date have mostly been used as a contrast
for generic statements, rather than studied for their effects
themselves. It is not obvious that specific statements would
suggest that the category is low in inductive potential. In fact,
one might think that specific statements (e.g., “This Zarpie
eats flowers.”) would heighten inductive potential by invok-
ing the category label (“Zarpie”). However, the data support a
more complex interpretation in which the specific statement
is interpreted as a choice against using a more informative
generic statement, which leads to inferences that the category
is low in inductive potential. By integrating semantics and
pragmatics, our model presents a sophisticated view of how
language shapes our beliefs about categories.

Implications and future directions

If generics induce a sense that a category is highly coherent,
what is it that coheres the category together? Our study does
not directly address this question, but a possibility is that peo-
ple posit some placeholder to be filled in that binds the cat-
egory together. For example, particularly in the absence of
an alternative causal theory about how features of category
members relate to each other, people may posit that Zarpies
share some unknown essence that makes Zarpies similar to
one another. Indeed, inductive potential is commonly in-
cluded as a component of essentialism, a wider-ranging belief
that categories denote fundamental kinds defined by underly-
ing essences (Medin & Ortony, [1989). While essentialism
also includes other components, such as discrete boundaries
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and a commitment to innateness, generics may pave the path
for essentialism by inducing a sense of inductive potential.

The computational model presented also provides addi-
tional predictions beyond those tested here. In ongoing work,
we confirm the fine-grained predictions of the model with
human judgments after hearing varying numbers of generic
versus specific statements, where the particular proportion
of generics and specifics has a graded effect on the inferred
inductive potential. Such a result also rules out alternative
explanations for the results presented here, such as different
speaker goals inferred from the different book covers; in on-
going work, no book covers were presented.

The current model could also be extended to examine
learning about categories in richer, more complex settings. In
ongoing work, we consider how coherence may vary based
on the feature under consideration, modeling coherence as a
function over feature space rather than as a single fixed value.
As aresult, hearing a generic about Zarpies having feature A,
may increase the inferred coherence of Zarpies for features
semantically close to A, but have less of an effect on features
semantically distant from A. In addition, the model could be
extended to account for multigroup or multi-individual envi-
ronments, individuals with multiple features or group mem-
berships, and multiple utterances about an observation, each
of which effectively expand the alternative utterance space.
Accounting for these aspects could provide a more naturalis-
tic account of how we learn from generics.

Finally, future research could examine how prior knowl-
edge about domains and features shape inferences about cate-
gories from language. Prior knowledge might include domain
knowledge (e.g., if Zarpies are a kind of people, bringing to
bear knowledge of people in general), knowledge of other
categories in the domain (e.g., other kinds of people tend to
be highly coherent), and knowledge about the feature itself
(e.g., knowledge about eating flowers as a behavior: its possi-
ble functions, its possible causes, etc.; knowledge that being
20 years old is less likely to be linked to any kind). These
beliefs or over-overhypotheses could inform priors about the
coherence of a category, priors about the likelihood of a par-
ticular feature being kind-linked, and the process by which
the feature set under consideration. Modeling such interac-
tions could contribute not just to our understanding of how
language shapes our beliefs about basic-level categories, but
also of how our highest-level beliefs about superordinate cat-
egories and domains are formed.

Conclusion

The everyday categories we group people by, such as New
Yorkers, climbers, and pedestrians, vary in their perceived in-
ductive potential, i.e., how strongly they license generaliza-
tion across individuals in that category. Using a pragmatic
hierarchical Bayesian model, we provide an account of how
language shapes our beliefs about the inductive potential of a
category, which suggests that language may provide a route
for acquiring these fundamental beliefs about categories in
the first place.
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