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Abstract

Generic sentences express generalizations that
tolerate exceptions without explicitly commu-
nicating information about quantities. For
example, the sentence Ravens are black is
true even though there are albino ravens.
The sentence doesn’t explicitly communicate
the number or frequency of black ravens.
Whether generics semantically encode infor-
mation about quantities implicitly is contro-
versial. This work takes a large-scale dis-
tributional approach to the semantic debate.
It compares thousands of naturally occurring
generics and quantificational sentences using
language-model probabilities. It shows that
language models recover many semantic facts
about quantifiers. It also shows that they re-
cover semantic facts about surface distribu-
tional differences between generics and their
“quantificational counterparts”. Accordingly,
and contrary to dominant views in other fields,
we formulate an empirical argument to the ef-
fect that generics are not quantificational.1

1 Introduction

There are many different kinds of generalizations.
Some are universal: All ravens are black. Some
are existential: There is a black raven. Some
are statistical: Typically, ravens are black. And
some have a logical character that can’t be traced
back to an explicit quantifier: Ravens are black.
Generics are sentences that convey exception-
permitting category-wide generalizations of this
last kind. And they’re the subject of ongoing in-
terdisciplinary debate. Linguists, psychologists,
and philosophers of language continue to dis-
agree about the proper way to semantically ana-
lyze their meaning (Carlson and Pelletier, 1995;
Reuter et al., 2025; Neufeld et al., 2025).

λEqual contribution and corresponding authors.
1Code and data available at gustavocilleru-

elo.com/not_quantificational.

One of the major fault lines in the debate is
whether generics should be analyzed in quantifica-
tional terms. According to this view, which we call
Quantificationalism, generics are basically syn-
onymous with a quantificational sentence. For ex-
ample, the meaning of Ravens are black is roughly
the same as the meaning of Usually, ravens are
black (Sterken, 2015; Nguyen, 2020; Lee and
Nguyen, 2022) or All normal ravens are black
(relative to some technical definition of normal-
ity) (Nickel, 2016). In contrast, the most influ-
ential non-Quantificationalist approach to generics
maintains that they give voice to a default mode
of generalizing information that reflects the quirk-
iness in our natural propensity to reason induc-
tively (Leslie, 2007, 2008; Leslie et al., 2011).

The debate about Quantificationalism focuses
on the analysis of a small set of paradigm exam-
ples. In this work, we bring a new body of evi-
dence to bear on the discussion: the millions of
generics in the MGEN dataset (Cilleruelo et al.,
2025b), which, along with the contexts they in-
habit, are drawn from real-world sources. Our
large-scale computational approach identifies dis-
tributional patterns within a representative corpus
of naturally occurring text. If generics are quan-
tificational, we should expect their patterns to co-
incide with their explicitly quantificational coun-
terparts.

Language models are effective tools for the de-
tection and analysis of large-scale distributional
patterns in language (Baroni, 2021; Grindrod,
2024; Boleda, 2025). Our investigation motivates
their use in the debate about Quantificationalism
by verifying that they recover many well-known
facts about the semantics of quantifiers. The re-
sults strongly indicate that language models can
provide new insight on the semantic relationship
between quantity and genericity.

Our experiments contrast generics of the form
Ks are F with their corresponding quantificational
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counterparts: QUANTIFIER⌢Ks are F. We use lan-
guage models to derive probability distributions
over post-verb tokens (those that occur within the
predicate F) and measure the effect of interven-
tions on the sentence-initial quantifier or generic
noun phrase with KL-divergence. If, for a par-
ticular sentence and context, the addition of some
quantifier preserves the meaning of the generic (as
Quantificationalism maintains), then the probabil-
ities of tokens in F shouldn’t change much after
that intervention. However, contrary to this pre-
diction, our main empirical finding is that none of
the 11 quantifiers we consider preserve the mean-
ing on many of the generics we test. This moti-
vates our core claim: generics are not quantifica-
tional.

The main contribution of this paper is thus an
argument that challenges the dominant view in lin-
guistics and the philosophy of language, which
maintains that generic sentences are quantifica-
tional (§2.1). Our argument is empirically moti-
vated by a novel large-scale distributional analysis
of over 600, 000 sentences (§5.2) and theoretically
grounded in both the concepts of information the-
ory and the platitude that meaning is reflected in
patterns of use (§2.5). Additional contributions are
methodological: we build on previous work to de-
rive facts about synonymy from language-model
probability distributions by using KL-divergence
(§4.1). With this method, we show that language
models reliably model quantifier meanings (§5.1).
Finally, we identify major distributional differ-
ences between generics and their quantificational
counterparts. We package these results in the form
of a new argument challenging the empirical ade-
quacy of Quantificationalism (§6).

2 Background

2.1 Generics

Generics can appear in different shapes and sizes.
We restrict our attention to sentences of the form
Ks are F.2 Sentences of this form express kind-
wide generalizations that often ascribe a charac-
teristic property (Ravens are black), a distinctive
function (Toasters toast bread), or a stereotypical
feature (Bachelors are slobs). They do so with-
out giving explicit quantitative information. Al-
though many aspects of generic generality deserve

2Following the convention in the literature, the verb to be
is just for readability. Bare-plural generics with some other
verb are understood to be instances of this schema.

attention, such as its resilience to exceptions or its
role in social-group marginalization (Leslie, 2017;
Allaway et al., 2023), we focus on their relation
to quantification. There seems to be a consensus
among specialists that generics typically express
some kind of quantity akin to most (majority) or
many (prevalence); the main source of disagree-
ment seems to concern how to refine this core idea
(Carlson, 1977b; Cohen, 1999a; Carlson and Pel-
letier, 1995).

Quantificationalists interpret Ks are F in terms
of a contextually relevant quantitative relation be-
tween the set of Ks and the set of things that are
F. Influential accounts of this sort include Co-
hen (1999a), which analyzes generics in terms of
probability; Sterken (2015), which posits an un-
pronounced indexical operator that takes distinct
quantificational meanings as values (universality,
typicality, etc.) depending on the context; Nickel
(2008, 2016), which argues that generics quantify
over normal sets of individuals; and many others
(e.g., Tessler and Goodman, 2016; Bosse, 2021;
Kirkpatrick, 2024; Hoorens et al., 2026).

The most influential theory of generics that
doesn’t rely on quantification is the one due to
Leslie (2007, 2008) and Leslie et al. (2011). This
account takes Ks are F to be the language faculty’s
way of articulating the default generalizations of a
primitive cognitive propensity to make inductive
inferences. Other approaches that don’t rely on
quantificational meaning analyze generics in terms
of reference to kinds (Carlson, 1977b; Liebesman,
2011; Teichman, 2023) or as defeasible permis-
sions to engage in certain kinds of inference (Sto-
vall, 2019). These theories have one thing in com-
mon: they don’t define truth or acceptability con-
ditions for generics in terms a quantitative rela-
tionship between the set of Ks and the set of things
that are F, as Quantificationalists do.

Overall, the semantic debate about generics
is wide open, with recent works arguing both
for (Neufeld et al., 2025) and against (Almotahari,
2026) Quantificationalism. Discussion often cen-
ters on a small number of paradigmatic examples,
analyzed with the tools of formal semantics or
experimental psychology (Hermans et al., 2026).
Here, we bring another method to bear on the de-
bate, one that takes advantage of language models
as a powerful tool for identifying large-scale dis-
tributional patterns.
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2.2 Quantifiers

Maybe the most influential theory of quantifi-
cation is Generalized Quantifier Theory, which
maintains that quantifiers denote relations between
sets (Barwise and Cooper, 1981). For example, All
Ks are F is true if and only if the set of Ks is a
subset of the set of things that are F (K ⊆ F ) and
Some Ks are F is true if and only if the intersection
between the two sets is non-empty (K ∩ F ̸= ∅).
Other quantifiers, such as most, few, or many,
would depend on some contextually determined
threshold (e.g., Many Ks are F would be true if
and only if |K ∩ F | > tc).

More recent theories take into account prag-
matic effects that can occur when quantifiers in-
teract. For example, in cases where both some
and all would be true, speakers use the latter to be
more informative (Grodner et al., 2010; Lassiter
and Goodman, 2017).

The quantifiers we consider in this work are
classified according to their strength as follows:
universality (all), majority (most, generally, typi-
cally, usually, normally), prevalence (the majority
quantifiers plus often and many), minority or weak
quantification (some, few) and universal negation
(no).

2.3 The MGEN dataset

The MGEN dataset (Cilleruelo et al., 2025b) is
a massive collection of over 4.1 million natu-
rally occurring generic and quantificational sen-
tences, extracted from the ZYDA dataset (Tok-
panov et al., 2024). The contexts for these sen-
tences are long—averaging over 5000 words—and
they appear out in the wild: on websites and in
academic papers.

In MGEN, generics always have a bare-plural
noun in subject position, which can be followed
by a predicate that’s either simple or complex. Six
quantifiers (all, most, many, some, few, no) always
appear as the first word in the sentence. Another
five (often, generally, typically, usually, normally)
can be the first word of the sentence or appear
alongside the main verb.

Our experiments use a subset of MGEN (Ta-
ble 1) filtered so the key sentence occurs roughly
in the middle of the text (with at least five con-
text sentences at either side). To filter out long
clauses, we take sentences with between three and
60 words. Finally, all of the adverbial quantifiers
we tested appear as the first word in the sentence.

Find examples from MGEN in Appendix C.

Quantifier Sentences Quantifier Sentences

Generic 499, 653 No 2, 511
All 37, 569 Often 5, 462
Most 36, 963 Generally 7, 053
Many 36, 850 Typically 5, 706
Some 37, 014 Usually 3, 983
Few 4, 974 Normally 1, 499

Table 1: Sentence counts in our split of MGEN.

2.4 Language models

Auto-regressive language models are the state-of-
the-art probabilistic models of language. Our ex-
perimental results were obtained with OLMO3-
32B (Olmo et al., 2025), a competitive fully-
open language model, but we also reproduce our
findings in a wide array of open-weight pre-
trained language models: MISTRAL-7B (Jiang
et al., 2023), LLAMA3.1-8B (Grattafiori et al.,
2024), QWEN3-8B (Yang et al., 2025), GEMMA-
7B (Team et al., 2024) and MIXTRAL-8×22B
(Jiang et al., 2024).

2.5 The correlation principle

Bringing language models and information theory
to bear on the debate over Quantificationalism re-
quires an assumption about the relation between
linguistic meaning and the distribution of text in
a corpus. This assumption posits a default con-
nection between similarity of distribution within
a large enough corpus and sameness of meaning:
all else equal, similarity of distribution correlates
with sameness of meaning (Harris, 1982; Boleda,
2020).

There are stronger principles in the vicinity:
that similarity of distribution entails sameness of
meaning, or that the distribution of a term just is its
meaning. The correlation we rely on is compatible
with representationalist theories that foreground
the notions of reference and truth. From the rep-
resentationalist’s perspective, the correlation can
be defeated by the presence of opacity-inducing
elements (paradigmatically, quotation marks and
attitude verbs), shifts in syntax, discourse-level ef-
fects, and so on. For discussion, see Harris (1991).
Grindrod (2023) provides half a dozen considera-
tions in favor of the correlation principle.
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3 Related work

The information-theoretic properties (Shannon,
1948; Mudireddy et al., 2025) of token probability
distributions derived from language models are the
starting point of new and exciting investigations on
language. Several recent studies apply surprisal
to investigate the structure of human communi-
cation, finding hierarchical (Tsipidi et al., 2024),
harmonic (Tsipidi et al., 2025), and fractal (Alab-
dulmohsin et al., 2024) patterns in naturally oc-
curring texts. These investigations are often mo-
tivated by a broader framework, namely, surprisal
theory (Hale, 2001; Levy, 2008; Giulianelli et al.,
2023, 2024; Staub, 2025).

On the subject of generics, quantification, and
language models, recent work uses theoretical in-
sights to probe, benchmark, and evaluate model
performance, often through prompting (Madu-
sanka et al., 2023; Allaway et al., 2024; Allaway
and McKeown, 2025; Kirkpatrick and Sterken,
2025). Gupta (2023) uses surprisal on synthetic
sentences to evaluate whether language models re-
liably represent quantifier-meanings. Cilleruelo
et al. (2025a) also use a surprisal-based method
to compare quantifiers and generics, but do so on
a small manually annotated set of sentences (less
than 3000), only for three quantifiers and don’t
discuss the implications of their work for the wide
range of views in linguistics and philosophy of
language.

Some recent works argue that modern language
models don’t reliably model quantifier meanings.
(Collacciani et al., 2024; Enyan et al., 2024; Mon-
tero et al., 2025). However, they fail to con-
sider the crucial role of context in quantification.
Context sensitivity is central to linguistic theo-
ries of quantification (Lewis, 1975; Barwise and
Cooper, 1981; Lappin, 2000; Lassiter and Good-
man, 2017) and has been empirically verified in
cognitive science (Urbach et al., 2015; Heim et al.,
2015; Macuch Silva et al., 2024). Nevertheless,
these previous works evaluate language models
mostly on single sentences without any context
or with minimal context, and they use synthetic
data, which may not be in-distribution for the lan-
guage model. In contrast, we experiment on real-
world sentences, extracted from the internet and
scientific publications, along with three left-side
context sentences. In §5.1 we show that seman-
tic facts about quantifiers can be reliably extracted
from the language models we use, thus vindicating

our method and its application to Quantificational-
ism.

4 Methodology

This work presents an empirical argument about
the meaning of a particular linguistic phenomenon
through a distributional analysis enabled by an
autoregressive language model. Since there’s no
firmly established methodological framework for
this kind of argument, we will first briefly dis-
cuss existing approaches, then present our im-
proved method based on KL-divergence (§4.1),
and finally detail the experimental setup (§4.2).
We use the term operator for both quantifiers and
quantifier-free generic noun phrases.

4.1 Meaning in models of language

Computational approaches to the study of lan-
guage fundamentally changed with the introduc-
tion of systems that represent words (or tokens)
with dense vectors, notably word2vec (Mikolov
et al., 2013). They changed again with the first
transformer-based bi-directional text encoders,
such as BERT (Devlin et al., 2018). Much of
this literature focused on vector representations of
words, reproducing semantic phenomena by oper-
ating on them (Rogers et al., 2020; Grindrod and
Grindrod, 2025). Adapting these methods to mod-
ern autoregressive language models isn’t straight-
forward, as their next-token prediction objective
makes it less clear what should be the represen-
tation of a token, and their autoregressive nature
means those representations don’t have informa-
tion from their right context. This is exacerbated
in the case of generics because there’s no overt
genericity-expressing token to be represented.

To overcome these issues, thereby making the
use of autoregressive language models a sound
strategy, researchers are shifting the focus from
how a word is represented in an embedding space
to how interventions on that position affect the to-
ken probability distributions in subsequent tokens
of the sentence. This idea has been operationalized
by looking at how interventions on a given token
affect the surprisal of tokens that follow.3 For ex-
ample, Cilleruelo et al. (2025a) and Gupta (2023)
modify the quantifier and measure surprisal of the
predicate and Liu et al. (2025) studies discourse

3Given a language model θ and a context c, the sur-
prisal (or self-information) of a token t is the negative log-
probability θ assigns to that token: − log pθ(t|c).

21878



connectives by averaging the surprisal of text after
the expression (i.e., otherwise).

Although these prior works successfully re-
cover semantic facts about the phenomena they
study, we identify a weakness in their approach.
The tail of the token probability distribution of an
autoregressive language model is often driven by
spurious and noisy correlations on the data (Holtz-
man et al., 2020). When comparing surprisal, if
the tokens in the sentence are assigned a low-
probability by the language model, the compari-
son ceases to be meaningful.

In this work, we modify sentences like QUANTI-
FIER⌢Ks⌢VERB⌢F by changing or removing the
quantifier and measuring which modifications are
synonymous with the original sentence. To over-
come the previous drawback, we propose that two
quantifiers are synonymous for a given sentence
if the maximum Kullback-Leibler divergence in
all post-verb tokens is bounded by a threshold t.
Given two discrete probability distributions, p and
q, their KL-divergence is

D(p||q) =
∑

x∈V
p(x) log

p(x)

q(x)
. (1)

This measures how much information is lost by
assuming q given that the true distribution is p.
Let pi be the probability distribution over tokens
at position i in the original sentence and let qi be
the probability distribution when the word at the
quantifier position has been modified. Then:

max
i∈P

D(pi||qi) < τ, (2)

where the members of P are the positions oc-
cupied by the post-verb tokens. Two expres-
sions will be close (relative to τ ) only when ev-
ery single KL-divergence on the post-verb tokens
is below the threshold. If this threshold is low
enough, then modifying the sentence-initial phrase
doesn’t affect token probability distributions later
on. Equivalently, the language model treats pre-
and post-modification phrases as interchangeable.
Because we are taking a maximum, notable differ-
ences in a single token will be enough to separate
interventions. More importantly, KL-divergence
is asymmetrical: it compares the probability dis-
tributions on the modified sentence q over tokens
that are high probability in the same position in
the original sentence p. Even if the token is it-
self low-probability given the language model, the

comparison is made over the high-probability to-
kens at that position in the original sentence (not
only the actual token itself, as with surprisal).

4.2 Experimental setup
For each sentence in the subset of MGEN that we
test (Table 1), we construct modified counterparts
by adding or subtracting a quantifier for each of
the other 11 operators considered (generic, all,
most, many, some, few, no, often, generally, typ-
ically, usually, normally). For each pair consist-
ing of the original sentence and a modified coun-
terpart, we compute the KL-divergence at each
token following the verb,4 with three additional
sentences providing subsequent context. We in-
coroporate this additional context because it’s well
known that both generics and quantificational sen-
tences can be highly context sensitive (Sterken,
2015; Almotahari, 2024). We then take the maxi-
mum KL-divergence and, for a threshold τ , mea-
sure whether the operator in the modified sentence
is synonymous with that of the original, that is, the
new operator doesn’t disturb the post-verb token
distributions beyond τ . There is no obvious crite-
rion for selecting the value of τ . We set τ = 0.15,
as that surfaces many of the semantic features as-
sociated with quantifiers, but we also present re-
sults across thresholds in Figure 2.

5 Results

In this section, we argue that our method, applied
to current language models, successfully recov-
ers a wide range of semantic facts and intuitions
(§5.1). Then, we show how generics differ from
their quantificational counterparts (§5.2). Results
are similar across models. For a comparison, see
Appendix B.

5.1 Quantifier semantics in language models
Language models are good at modeling quantifier
meanings. We’ll argue for this as a precursor to
arguing for our central claim in Section 5.2.

Figure 1 plots the proportion of sentences for
which each alternative operator is synonymous to
the original. We interpret higher percentages as
relative closeness between operator meanings —
how often they’re interchangeable. We now list
many properties derived from this understanding
of similarity that are predicted by works in theo-
retical linguistics (§2.2).

4We align words and tokens and find the first token after
the last token corresponding to the verb.
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Figure 1: Proportion of sentences with original operator q that, after substituting q with another operator q′, yield
a KL-divergence on every post-verb token below τ = 0.15 (OLMO3-32B).

Although it’s semantically different from the
rest of the operators we consider, all can some-
times be interpreted as most (Hallman, 2016).
Similarly, universals can be interpreted as gener-
ics, as seen in the generic overgeneralization ef-
fect (Leslie et al., 2011). In agreement with these
expectations, we see that most and generic are the
only two operators that are interchangeable with
all in over 20% of sentences.

Both most and many indicate a large number of
instances. And, unsurprisingly, we see that they’re
interchangeable around 50% of the time. But most
implies a majority of instances and we observe that
it has more overlap with the adverbial quantifiers
ending in -ally, which also imply a majority. In
contrast, many has more overlap than most with
some and often, neither of which imply majority.

Adverbs ending in -ally seem to express roughly
the same quantificational force (majority), and our
results reflect this quite strongly. Of the adverbs
considered, often and usually are the two with a
more temporal flavor (Lewis, 1975), and we ob-
serve that often is more interchangeable with usu-
ally than with the other -ally adverbs (and vice-
versa).

The quantificational strength of no and few dif-

fers markedly from the other operators considered.
This difference is reflected in the plot: they’re sel-
dom interchangeable with any other operator, with
the noticeable exception of some which shares the
minority flavor with few.

We interpret the recovery of these semantic
facts as evidence that language models provide in-
sight into quantifier meanings by virtue of their
sensitivity to large-scale distributional patterns.

5.2 Generics and quantifiers
In the previous section we argued that language
models recover a variety of semantic facts about
quantifiers. Now we shift our attention to generic
sentences.

Because generics are often thought to convey
majority or prevalence (§2.1), we would expect
that, in many cases, the insertion of most, many,
often, generally, typically, usually, or normally
won’t significantly change their meaning. In cases
where they have a universal flavor, the insertion
of all should keep things roughly the same. And
in cases where they have weak quantificational
strength (Almotahari, 2022), the insertion of some
shouldn’t be terribly disruptive semantically.

Our results show that while generics are syn-
onymous with every prevalence quantifier around
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20% of the time, there is no single quantifier syn-
onymous to the generic for more than 30% of sen-
tences. This is a first distributional contrast be-
tween generics and the rest of the prevalence quan-
tifiers considered: the generic is not similar to any
one of them at the same rate that they are to each
other. Note how, for each prevalence quantifier,
there is always another for which they are synony-
mous roughly 50% of the time (most with many;
many with most and some; often with many; the
-ally adverbs with each other).

Now we consider the percentage of sentences
that, for every given threshold τ , have no synony-
mous quantifier: they express a quantificational
force unique with respect to the others (Figure 2).
We comment on τ = 0.15, as that corresponds
with Figure 1.

The ranking in terms of percentage of sentences
that have no synonyms in Figure 2 gives a notion
of how unique each quantifier is. As we noted
before, no and few have a very distinct meaning
from the rest, and indeed 75% of those sentences
are unique. On the other extreme, the quantifica-
tional adverbs are very similar to each other, and
as we increase the threshold, they rapidly go to
no unique sentences: they are always synonymous
with each other or another operator. More inter-
esting is the case of all and some, which in GQT
denote distinct set relationships, and have unique
meanings for over 50% of the evaluated sentences.

Generic sentences are unique at a rate similar
to those containing some and all. This result is
striking because Quantificationalists predict that
at least one of the quantifiers considered should
preserve the meaning of any given generic sen-
tence (Carlson and Pelletier, 1995; Cohen, 1999a;
Sterken, 2015; Nguyen, 2020). In contrast, our re-
sults empirically show a majority (58%) of generic
sentences for which this is not true.

In conclusion, we observe two major distribu-
tional differences between generics and the quan-
tifiers that are commonly thought to preserve their
meaning: (i) generics are less similar in general to
the rest of the quantifiers (while still being some-
times synonymous to every one of them), and (ii)
for a majority of generic sentences we find no syn-
onymous quantifier.

6 Discussion

In this section, we’ll discuss the theoretical upshot
of our experimental results.
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Figure 2: Percentage of sentences with no synony-
mous operator, that is, for which no other operator has
a KL-divergence on every post-verb token below the
given threshold τ (OLMO3-32B). The black vertical
line marks τ = 0.15.

Given §5.1, there’s good reason to think that
language models successfully model the meanings
of quantifiers. So, if generics are semantically
quantificational, language models should reflect
a corresponding distributional similarity. Given
§5.2, the model of quantifier meanings we obtain
from OLMO3-32B enables us to formulate our
central argument:

I. There’s a significant difference in the pat-
tern of distribution within the MGEN dataset
between generics and their quantificational
counterparts (significant enough, at least, to
make for massive KL-divergence relative to a
threshold with respect to which roughly syn-
onymous quantifiers converge; see Figure 2).

II. MGEN is sufficiently representative to have
evidential value.

III. Therefore, we have defeasible but non-
negligible reason to think there’s an equally
significant semantic difference between
generics and their quantificational counter-
parts.

If Quantificationalism were true, and sameness
of meaning were correlated with similarity of dis-
tribution within a representative corpus, then we
should expect the curve for generic expressions in
Figure 2 to cluster with the curves for quantifiers
that approximate genericity. After all, Quantifica-
tionalists maintain that, in context, at least one of
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the nine prevalence-expressing quantifiers should
have a similar meaning.5 But, contrary to this ex-
pectation, the curve for generics is actually closer
to the curve for no and few.

For about half a million generics, we find almost
as little congruence with the prevalence quanti-
fiers as there is between no and few. But quanti-
fier phrases that express prevalence are supposed
to be roughly synonymous with generic nouns.
Nevertheless, they consistently fail to elicit similar
token predictions for naturally occurring generic
sentences.

Perhaps the most straightforward way to meet
the challenge would be to retreat to a weaker form
of Quantificationalism, according to which gener-
ics are semantically quantificational in context,
they’re just not similar in meaning to any lexi-
calized quantifier. But this would be a bad idea;
it would surrender the methodological ground for
holding the view. In effect, it would concede that
generics are semantically sui generis. If gener-
ics are semantically distinctive, it would be bet-
ter to view their distinctiveness in a way that
makes it predictable from a broader theoretical
perspective. Leslie (2007, 2008) and Leslie et al.
(2011) provide one such perspective. In line with
their framework, our results indicate that generics
aren’t quantificational.

Admittedly, the principle that sameness of
meaning correlates with sameness of distribution
is defeasible; it holds generally but not without
exception. It is, after all, a generic. There may
be room here for Quantificationalists to maneuver.
They might point to a potential defeater and claim
that, with respect to the sentences we consider,
the presumptive correlation is undermined. But
it’s not clear to us what this story would look like
in detail. And we remain confident that the sheer
volume of data tested goes a considerable way to-
ward circumventing this worry. In any case, noth-
ing we’ve said rule out the possibility once and for
all, which is why we present our central argument
as a challenge for Quantificationalism rather than
a refutation.

Our central argument, (I)-(III), suggests a
method for advancing other debates in the sci-
ence of language. For example, consider the dis-
pute about definite descriptions: are they quanti-
fiers (Russell, 1905; Neale, 1990) or singular re-

5Nickel (2016) is the exception. Discussing the matter in
detail would unnecessarily complicate our presentation. We
hope to address the issue elsewhere.

ferring terms (Frege, 1892; Strawson, 1950; El-
bourne, 2013)? Perhaps they have two basic kinds
of use, one quantificational and one referential
(Donnellan, 1966). A model-based distribution ar-
gument akin to (I)-(III) might shed new light on
the issue.

7 Conclusion

This paper argues that generics are not quantifi-
cational from a novel empirical perspective: by
analyzing token probability distributions extracted
from language models on hundreds of thousands
of sentences. Our argument is relevant to linguists,
philosophers of language, and psychologists. Al-
though its upshot is negative, the method we em-
ployed to frame it is constructive. It has the poten-
tial to advance other interdisciplinary debates.

Limitations

Information measures. While we compare sen-
tences only using KL-divergence, there is a fam-
ily of information-theoretic measures that could
inform these comparisons, with different connec-
tions to aspects of human language processing
Giulianelli et al. (2024).

Language models. We run our experiments on
language models with a similar autoregressive
architecture. Different aspects of the language
model, such as training regime, architecture, or pa-
rameter size, could potentially affect the results.

Oral communication. The generics we use for
the experiments come from written sources, such
as websites or academic publications. We leave an
exploration of the use of generics in spoken lan-
guage for future work.

Multilinguality. The present study shows re-
sults only on English, as multilingual data collec-
tion was beyond the current scope. For some non-
English studies of generics, see Castroviejo et al.
(2022) and Lazaridou-Chatzigoga et al. (2019).
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A Supplementary Experiments

This section of the appendix includes two experi-
ments that point in the same direction as the main
paper, for the reader that wants to get a more com-
plete feel for the comparison between generics and
quantified sentences.

A.1 Binary classification on generics and
quantificational sentences

This section briefly reports the result of a prelimi-
nary experiment that also investigates the relation-
ship between genericity and quantity.

If the meaning of a generic comes close, in
context, to a counterpart quantificational sentence,
then we would expect a binary classifier to strug-
gle in predicting whether it’s a generic or the quan-
tificational counterpart. On the other hand, for
quantifiers that don’t come close in meaning (e.g.,
no), a binary classifier should be able to separate
them from a generic sentence just based on their
contents.

Setup. In this experiment, we take a balanced
sample from MGEN, with the same number of
generic and quantificational sentences. And,
within the category of quantificational sentences,
the 11 different quantifiers are similarly repre-
sented. For quantificational sentences, we remove
the quantifier, thus all the sentences of the dataset
have the same syntactic structure: roughly, Ks are
F.

The final dataset has 45, 331 samples for each
label, GEN and QUANT. We have an 85/15
train/test split. We don’t include validation set
because the objective of this experiment is to
qualitatively motivate that generics could be non-
quantificational by virtue of their discriminability
based on content. We make a single run of the
experiment with standard hyperparameters, rather
than fine-tuning for better performance.

Hyperparameter Value

Model Name roberta-base
Max Length 128
Batch Size 256
Learning Rate 2e− 5
Number of Epochs 3
Warmup Steps 500
Weight Decay 0.01

Table A.1: Hyperparameters for training run

Quantifier N train N test Accuracy

GEN 42034 7418 0.79
QUANT 38531 6800 0.77

Binary accuracies by original quantifier:

FEW 3481 640 0.93
NO 3482 639 0.88
MANY 3519 602 0.82
SOME 3498 623 0.81
MOST 3516 605 0.80
TYPICALLY 3518 603 0.75
ALL 3505 616 0.72
USUALLY 3495 626 0.72
OFTEN 3512 609 0.71
NORMALLY 3519 602 0.69
GENERALLY 3486 635 0.63

Table A.2: Quantifier data summary

We train a ROBERTA classifier with a binary
classification head on a single training run with
standard hyperparameters (see Table A.1) and re-
port its accuracy in Table A.2. As baseline, a ran-
dom classifier would achieve 0.5 accuracy in the
task. For each of the 11 quantifiers, we also re-
port the binary accuracy on the sentences origi-
nally containing that quantifier, that is, the per-
centage of those that were classified as QUANT.

Results. This experiment suggests that adver-
bial quantifiers are closer to generics in meaning
than quantificational determiners and that the stud-
ied quantifiers have, at most, a limited overlap in
meaning with the generic.

High accuracies correspond to quantifiers that
are used in sentences easily distinguishable from
generics, even if the quantifier itself is omitted.
Indeed, few and no have the higher accuracies, as
the quantificational forces they convey can’t be ex-
pressed by a generic (Lee and Nguyen, 2022).

Interestingly, quantificational determiners that
express a notion of prevalence, like many and
most, have accuracies of over 0.80: in most cases
they can be distinguished from a generic just by
their content. We find this interesting because
genericity is often identified with prevalence of
a specific kind (Carlson and Pelletier, 1995; Co-
hen, 1999a). For quantificational determiners, all
has the lowest accuracy. Previous work also finds
that all (as opposed to most and some) is the
most appropriate candidate to describe the implicit
quantificational force in many generics (Cilleruelo
et al., 2025a).
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Figure A.1: Percentage of sentence-initial terms selected as p-acceptable for each original phrase (MISTRAL-7B).

A.2 Scaling up the surprisal experiments in
Cilleruelo et al. (2025a)

This experiment indicates that generics and their
quantificational counterparts differ in meaning.
It does so by considering how the insertion
of a quantifier affects the measurement of p-
acceptability (§4.1).

Setup. For each sentence in the dataset, we con-
struct a minimal set resembling the one we con-
sidered in section 4.1. If the original sentence
had been a generic, we include 11 other sen-
tences, one beginning with each of the other quan-
tifiers. If the original sentence had been quantifi-
cational, we include its generic counterpart along
with ten other sentences fronted by the remaining
quantifiers. The sentence-initial phrase (either the
generic noun phrase or one of the 11 quantifier
phrases) with the lowest average surprisal on the
post-verb tokens is p-acceptable.

Results. Figure A.1 represents the frequency of
p-acceptability for each quantifier, given the quan-
tifier of the original sentence, which is specified by
the label at the top of each plot. These results were
produced for texts that consisted of three-sentence
contexts followed by the relevant member of the
minimal set (Appendix C). Results are qualita-
tively similar for any number of context sentences,
but not when there’s no context (Cilleruelo et al.,
2025a).

A higher percentage of sentences for which the
p-acceptable quantifier is the original quantifier
suggests that there’s a bigger difference in mean-
ing with respect to the others. Only for all, few,
some, no and the generic is the original quanti-
fier p-acceptable over 40% of the time. Quanti-
fiers that express a prevalence reading have very

flat spreads, with the original quantifier still hav-
ing the highest percentage.

In the case of generics, the plot resembles
that of quantifiers with clear distinctive meanings
(all, some, few, and no). We unpack the signif-
icance of this observation in Section 6. In al-
most 50% of sentences, there’s no quantifier that
would make the post-verb tokens easier to predict
given the original generic subject phrase. This is
particularly remarkable because, roughly speak-
ing, generics are often paraphrased in terms of a
prevalence-expressing quantifier (Carlson and Pel-
letier, 1995; Cohen, 1999b).

B Model comparison for KL-divergence
experiment

To show that the results presented in the paper gen-
eralize across a variety of language models, we re-
port the Spearman’s correlation between all mod-
els on the linearized matrix of data for the heatmap
in Figure 1. All correlations are above 0.9 (see Ta-
ble B.3), suggesting that results are similar across
language models.

C Further details on the MGEN dataset

This appendix includes an expert evaluation of the
MGEN dataset conducted as part of verifying its
quality for this work, as well as examples of sen-
tences in-context as used in the experiments.

C.1 Expert evaluation of MGEN

Not every sentence beginning with a bare-plural
noun phrase is a generic (Leslie, 2008; Nickel,
2016; Almotahari, 2024). Some express existen-
tial or highly restricted universal generalizations
(e.g., Ravens are on the roof means that there are
ravens on this roof).
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OLMO3-7B 1.00 0.95 0.97 0.95 0.98 0.98 0.93
OLMO3-32B 0.95 1.00 0.98 0.96 0.98 0.98 0.90
MISTRAL-7B 0.97 0.98 1.00 0.96 0.99 0.99 0.91

MIXTRAL-8×22B 0.95 0.96 0.96 1.00 0.95 0.95 0.94
LLAMA3.1-8B 0.98 0.98 0.99 0.95 1.00 0.99 0.92

QWEN3-8B 0.98 0.98 0.99 0.95 0.99 1.00 0.91
GEMMA-7B 0.93 0.90 0.91 0.94 0.92 0.91 1.00

Table B.3: Spearman’s correlations between different models are all above 0.9.

To have a better understanding of the gener-
ics in MGEN, we undertake an annotation
of randomly sampled generic sentences and
label them as Generic, Particular, or Un-
clear. A linguistics graduate student and the
first author both annotated each of 200 dis-
tinct, randomly sampled generic sentences, result-
ing in 80.5/7.5/12% and 88/3.5/8.5% respec-
tively (Generic/Particular/Unclear). The inter-
annotator agreement on a subset of 20 sentences
is 85%.

Some examples of false generic sentences in
MGEN (labeled Particular or Unclear by the an-
notators):

1. Descriptions of scientific plots. Cells appear
red in accordance with Ca2+ levels.

2. Complex bare plural existentials. Lead gui-
tars are of the quality one would find in a
well-trained hard rock band, with a good un-
derstanding of technique and some advanced
tonal and rhythmic ideas, but without stand-
ing out.

3. Uncommon quantifiers. Young children fre-
quently use play to work through everyday
stresses and anxieties.

4. Some idiomatic bare plurals (e.g., Studies
show...). Studies show that flavonoids can ex-
ert a neurological response.

While this annotation could be used to refine the
generics in the dataset, we use MGEN as is and
leave these refinements for future work. Neverthe-
less, the annotation corroborates that the generics
in MGEN are, overwhelmingly, indeed generics.

The annotator guidelines are as follows.

In this experiment, you will read
short English sentences about groups of

things (for example: tigers, cells in the
brain, crayons in the play area, ...) that
describe the members of these groups in
various ways.

You will be asked to label each sentence
in two ways:

> whether the sentence is generic, par-
ticular, or unclear;

> whether the sentence is true of all, a
majority, or a minority of the members
of the group in question.

Choose generic if the sentence makes
a general statement about the group in
question by specifying characteristics
you might expect to find mentioned in
an encyclopedia entry for it. For exam-
ple: you would expect to find Ravens
are black but not Ravens are on the roof
of the Dugald Stewart Building. Choose
particular if the sentence is not a gen-
eral statement or doesn’t belong in an
encyclopedia because the information is
overly idiosyncratic or parochial (for ex-
ample: Crayons here go in the box).
Choose unclear if the sentence is incom-
plete or ungrammatical or you’re just
not sure.

Choose all if there are absolutely no
exceptions to the generalization (e.g.,
Tigers are mammals). Choose majority
if the generalization is true of more than
half of the group’s members but not all
(e.g., Tigers are orange). Choose minor-
ity if the sentence is true of just a few of
the members of the group (Tigers die of
pulmonary diseases). If you don’t know,
choose unclear.
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In the labeling task, you will see sen-
tences that you need to label based on
the criteria above. They will appear in
black. Text in gray will provide contex-
tual information. The criteria above will
remain accessible throughout the task.
Select unclear only if necessary.

Once you begin, you will see six sam-
ple sentences, about which you will re-
ceive additional feedback and explana-
tion. Afterward, you will label new sen-
tences on your own.

C.2 Examples from MGEN

Examples of text from the MGEN dataset, with
three sentences of left-context, as sampled ran-
domly from our filtered split. We include two
samples for each quantifier and the generic.
Context has been greyed out.

Preterm births have been reported in preg-
nant women infected with SARS-CoV-2
[120,121,130,138,139]. Viruses are capable
of changing the trophoblast cell response to com-
mensal bacteria from the microbiota present on
the mother-fetus interface. Under normal condi-
tions, these cells secrete IFN-β, which influences
receptivity to the fetus and can prevent vertical
transmission of virus [140]. Viral infections
decrease the levels of IFN-β from trophoblastic
cells, changing the inflammatory profile of the
mother-fetus interface.

As the snakes mature, they change from a
blotchy grey to orange or sometimes red, with
four standard stripes resembling their background
color — with striking red eyes and a matching red
tongue (the red eye can be seen in this picture).
Their natural habitats are grasslands, wetlands,
and swamps. Whenever we see snakes around
our home, they’re usually non-venemous; and we
ensure that they’re protected from lawnmowers
and the like. Snakes keep rodent populations
down — and if you live anywhere near water, you
realize how large water rats can become.

Many women are encouraged by medical
personnel to be frightened into being manipulated
by the threat of pain. I am a homebirth Certified
Nurse-Midwife in Missouri. My job is to dispell
myths regarding pain from labor vs pain from
Cesarean Birth. All moms want what is best for

their unborn child.

It’s an illusion. The early Tibetan practition-
ers knew this. They viewed their own pantheon of
semi-gods and gods as provisional—just another
cosmology—and they expected their students to
eventually realize this is well. All cosmologies
and symbols are inventions.

It is possible to achieve collective impact
without established relationships, but church lead-
ers collaborating within trusted, interconnected
relationships can catalyze collective impact into
community transformation. Houston Responds
brings together these two dynamics: strong rela-
tionships and collective impact. Collective Impact
Collaborative Ministry Pastoral Connections
Relational Strength Community Transformation
Houston Responds focuses on three areas of
impact: UNITING CHURCH LEADERS We see
building trusting relationships not only as a means
for catalyzing community transformation but as
who we are created to be. Most church leaders
desire to stand together but lack ways to connect.

The free gambling account they create will
guarantee that they have a constant source of in-
come via gambling winnings. They can then take
pleasure in the match and put up a photograph of
the prize they won on Instagram so that everybody
who wants to try their luck can see. Players may
find free slots machines inside the official site of
a certified casino as well as third-party websites
that promote internet slot games. Most casinos
offer some type of promotions or bonuses to be
able to attract new customers.

Routines enable you to prepare all areas that
impact your sport directly. They empower elite
athletes to be mentally, physically, tactically and
technically fit to perform their best. A routine
creates a mindset that allows you to perform to
your talents and capabilities consistently. Many
athletes love to prepare themselves for what is to
come.

Our treatment of "objects" here does not fit
in this definition, but neither do most languages
that are typically called "object-oriented". In
particular, "late-binding" here means that methods
are not looked up until runtime: in a proper
SmallTalk-like system, this would be done by
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name, meaning that even virtual dispatch in a
language like C++ or Java does not count. You
can use languages like Ruby or Python in a
way that matches this definition, but they’re not
typically used this way. Many object-oriented
languages are also somewhat lax with respect
to protection of local information: Python is a
big offender here, as its instance variables are
typically made private by convention rather than a
language mechanism!

Success comes from hard work and consis-
tency. Our staff, directed at helping guys develop
why they should feel confident. Show them why
they believe in themselves. Some guys have it,
some need to see why important.

Games are classified right into several sub-
categories, relying on the objective and preferred
end result. Many single-player video games
need the gamer to do a particular job, such as
hitting an offered number of balloons, preventing
obstacles or running around an area. Lots of
games involve competing against one more gamer
or a computer. Some games are single-player
only; nevertheless, there are several multiplayer
video games available, where 2 or more players
might complete against each other in a race or
competitors.

The conditions require that you actually believe
the product works, giving you more confidence.
Confident people are more attractive to the
opposite sex. To actually know if a pheromone
product works, you need double blind placebo
controlled testing. Few companies do double
blind testing, meaning that some of the people
had the pheromones and some did not, but no one
knew who did.

Baccarat is the one betting hall betting gae
in whhich a bettor could beneft from a yeary six
fgure pay. 6) Gabmling Tournaments Gambling
eventts can be orgainzed with any on line gaming
hall gaame, howeer they‘re really a unqiue type
of betting. Gaming Tournnament strateiges are
extremely complex pus professional gabling is
almost not possible as duing the majority of the
tme even a skilled paticipant is gonig to finish to
the bottom of the ranknig. Few gamblers hve the
bankroll to survive throughoout the majoritty of
lost competitions, theey enetr the game till they

soner or ltaer win a tournamnet and their gan
balances the equation.

I can’t think of one famous success in America
that got to the pinnacle by sheer accident. I can’t
help but wonder why so few people in practice
have a crisp list of goals jotted down in black
and white. Here are five great quotes / reminders
regarding goals and why it is worth working on
your personal list this coming weekend: Big goals
get big results. No goals get no results or someone
else’s results.

It is significant to know what type of mobile
on line casino is available to you — browser or
app. This is as a end result of browser variations
take up less space on your telephone however can
have inferior graphics, whereas apps can have
superior gameplay but use extra of your phone’s
storage capacity. Our team is made up of folks
that love playing on line casino video games and
wagering on sports teams and players. No deposit
promotions are much less widespread because
they award a set bonus amount just for registering
or taking part in an event.

Bright and golden am I, Mightier than time.
If you wish to know of God, you cannot be timid.
You cannot be bound to the chain of human
failings - our rampant ego, our hubris, our pride
and jealousy, our anger and envy, our need to be
right and all others wrong, our sarcastic remarks at
other people’s religion, our roving eyes that pluck
imperfection in others, our grudging forgiveness,
our forgetful ingratitude. Often people look to
God in themselves.

When crimes do occur, they can be violent
in nature. Additionally, the lack of a free media
and infrequent government outreach through the
media do not provide the average citizen with cur-
rent and accurate information to make informed
decisions about safety. Government statistics are
typically inaccurate because many crimes are not
reported to law enforcement organizations. Often
police refuse to open minor or routine cases that
seem too difficult to resolve.

You can often find unique cultivars to taste
at U-pick farms, farmers markets, or through
your county’s OSU Master Gardener Program.
Depending on the cultivar, fruit may be suited for
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fresh eating, juice, raisins, jellies, or wine. Some
cultivars suit more than one purpose. Generally,
sweet seedless grapes with tender skins are best
for raisins.

Sun and yogurt are the best sources of vita-
min D. Supplements are also recommended
to fuel the body with significant amounts of
vitamin D. Omega-3 fatty acids help in reducing
inflammation and improving the immune system.
These essential fatty acids increase the blood
flow, reduce joint pains, inflammation, tenderness,
swelling, and discomfort in the joints and knees.
Seafood is an excellent source of omega-3 fatty
acids. Generally, supplements of omega-3 fatty
acids are also recommended for those who do not
eat fish.

"It’s just been the most hideous season,” Ms
Stanford said. ”We have had a huge season for
pups; we’ve probably had three times more pups
than we usually do and we just haven’t been
able to cope . . . and now the heat has just made
everything worse again." Advertisement WIRES
volunteers provide ”halfway houses” where sick
or injured bats can recover in safety, regaining
their strength before being released. Typically,
flying foxes start to die if the temperature climbs
above 42 degrees, meaning the record-breaking
temperatures throughout January have also led
to record numbers of at-risk bats and flying foxes.

The on-going cost for energy and regular
maintenance is a factor. You should have room
in your budget for annual service as well as the
higher electricity bills in the warmer months.
Maintenance: Because summer is short in most
parts of the country, you won’t have to worry
about paying to run the AC year-round. Typically,
homeowners run their air conditioning units from
June into September.

The public cloud customers of these compa-
nies can be measured in millions. Private Cloud
As the name suggests, the resources such as cloud
infrastructure, software, network capabilities,
storage etc – can be provided to only a single
customer. It mixes up features of public cloud
computing like scalability, flexibility and ease
of deliver – with better security options, con-
trolling who can access your resources and also
customization of the particular resources that the

organisation may need. Usually, Private clouds
build an infrastructure that is on-premise in the
customer’s data center.

The Ginzburg-Landau coherence length mea-
sured in MAT4G (see Extended DataFig. 3for
other devices) is short and around 20 nm, sug-
gesting a relatively strong coupling, as observed
in MATTG 4 . The weak linear-in-T behaviour
observed might be the result of contributions
stemming from both the flat bands and dispersive
bands (the latter being very weakly T dependent
42 ), although further theoretical work and
experiments are needed to determine if there are
signatures of strange metal behavior in these large
N devices. FIG. 3 : 3dimensional (2D) plane
of the sample (B ). Typically, magnetic fields
suppress superconductivity either by inducing vor-
tices or by closing the gap via the Zeeman effect
acting on the spin component of the Cooper pairs.

INTRODUCTION Every year university bound
graduating high school students are faced with the
problem of selecting a post-secondary institution.
The selection process typically spans a number
of years and involves considering many factors.
Identifying those factors that influence students
during the selection process was the goal of this
study. Normally tuition fees are the deciding
criteria for most of the students’ enrolment to join
a specific university or not.

Dolphins speak with whistle-like sounds handled
by vibrating connective tissue, comparative to
the way human vocal ropes capacity. Dolphin
relations happens tummy to stomach; however
numerous species participate in long foreplay, the
true demonstration is more often than not short,
yet may be rehashed a few times inside a short
timespan. The development period changes with
species; for the modest Tucuxi dolphin, this period
is around 11 to 12 months, while for the orca, the
growth period is around 17 months. Normally
dolphins conceive a solitary calf, which is, unlike
generally different vertebrates, conceived tail first
as a rule.
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