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Abstract. A major line of research in semantics concerns meaning-driven explanations of
combinatorial restrictions of various operators. Such explanations rely on a link from semantic
triviality to ungrammaticality, standardly explicated in terms of LOGICALITY. According to
the logicality approach, the grammar contains a natural deductive system that contributes to
speakers’ grammaticality judgments, besides the purely syntactic combinatorial system. How-
ever, this involves a non-trivial architectural assumption about the interaction between syntax
and semantics, and there is no consensus on the exact specification of the natural deductive
system. In this paper, we provide an alternative account of the link between semantic trivial-
ity and ungrammaticality based on ITERATED LEARNING, an independently motivated model
of language evolution. Within this model, it can be shown that for certain trivial sentences, a
population of speakers possessing a grammar that in principle generates them is overtaken by
learners who induce a grammar that rules them out after several generations. Crucially, our
account does not need to postulate an additional natural deductive system.

Keywords: triviality, logicality, ungrammaticality, iterated learning.

1. Introduction

A major line of research in the semantics of natural language concerns MEANING-DRIVEN

EXPLANATIONS of combinatorial restrictions of various operators in the natural language. Ac-
cording to a meaning-driven explanation, a combinatorial restriction arises if a composition of
operators is predicted to give rise to semantic triviality. This line of explanation can be given for
the definiteness effect of the English existential-there construction (Milsark, 1977; Barwise and
Cooper, 1981), restrictions on connected exceptives (von Fintel, 1993), weak islands (Abrusán,
2014; Schwarz and Simonenko, 2018), licensing of polarity-sensitive items (Chierchia, 2006,
2013) and selectional restrictions of clause-embedding predicates (Theiler et al., 2019) among
others.

Crucially, such explanations assume that there is a link from semantic triviality to ungram-
maticality. According to a prominent hypothesis, this assumption is explicated in terms of
the LOGICALITY of grammar. That is, the grammar contains a natural deductive system that
contributes to speakers’ grammaticality judgments, besides the purely syntactic combinatorial
system (e.g., Gajewski, 2002; Fox and Hackl, 2006; Chierchia, 2013). This deductive system,
or the ‘natural logic’, automatically computes logical properties of structures built by syntax
and filters out those that are logically trivial. Thus, according to this hypothesis, syntax together
with the deductive system determines the set of grammatical sentences. Following Del Pinal
(2019), we call this hypothesis the logicality hypothesis.

In this paper, we will provide an alternative account of the link between semantic triviality
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errors are our own. This work is supported by the UKRI Future Leaders Fellowship (MR/V023438/1).
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and ungrammaticality. Our alternative replaces the natural deductive system with ITERATED

LEARNING, an independently motivated model of language evolution (Kirby and Hurford,
2002). Within this model, it can be shown that for certain trivial sentences, a population of
speakers possessing a grammar that in principle generates them is overtaken by learners who
induce a grammar that rules them out after several generations. Crucially, our account does not
need to postulate an additional natural deductive system.

We would like to stress that our aim in this paper is not to provide an argument against the
logicality hypothesis. Rather, our aim is to put our hypothesis on the table as an alternative
and compare its predictions and assumptions with those of logicality-based theories. It is also
important to note that logicality and our model can co-exist. In particular, it is possible that
certain cases of meaning-driven ungrammaticality are accounted for by logicality while other
cases are accounted for by our alternative. We leave the discussion of such phenomenon-
specific considerations to another paper (Qing and Uegaki, prep).

This paper is structured as follows. In §2, we present examples of meaning-driven ungrammat-
icality. In particular, we will present how the definiteness effect of the English existential-there
construction is accounted for in terms of semantic triviality, following Barwise and Cooper
(1981). §3 reviews the logicality hypothesis and discusses how it deals with the issue of dis-
tinguishing between grammatical and ungrammatical triviality, following Gajewski (2002) and
Del Pinal (2019). We present our alternative in terms of iterated learning in §4. After present-
ing the architectural assumptions and the overview of the model, we will provide a toy model
that accounts for the evolution of the definiteness effect in the existential-there construction. In
§5 , we present how our account teases apart grammatical triviality from ungrammatical trivi-
ality. §6 compares assumptions and predictions of the logicality hypothesis and our alternative.
In §7, we discuss further nuances regarding the interpretation of our alternative as well as its
potential phenomenon-specificity. We conclude in §8.

2. Meaning-driven ungrammaticality

In this section, we will survey phenomena that have been argued to involve meaning-driven
ungrammaticality in the literature. Following the existing literature on logicality (e.g. Gajewski,
2002; Del Pinal, 2019), we will use Barwise and Cooper’s (1981) account of the definiteness
effect in the English existential-there construction (ETC) as our leading example. As such, the
toy model we will develop in §4 assumes Barwise and Cooper’s (1981) derivation of semantic
triviality for the ETC and explains how such semantic triviality leads to ungrammaticality.
However, the focus on this particular phenomenon is only for practical purposes and it is not
crucial for our general claim that Barwise and Cooper’s (1981) is ultimately correct. What is
crucial is that meaning-driven ungrammaticality exists (whether or not the definiteness effect
is its instance) and that it can be stated in terms of distributions of closed-class items. The
relevance of the latter condition in terms of closed-class items will be discussed in detail in §5.

As exemplified below, the English existential-there construction is compatible with some de-
terminers, but not others.

(1) a. There is { a / no / *every } smiling cat.
b. There are { a few / *most } smiling cats.

As observed by Milsark (1977), the distinction between the two classes of determiners cor-
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relates with the semantic distinction between STRONG and WEAK DETERMINERS. We take
Barwise and Cooper’s (1981) definition of positive and weak determiners, as follows:

(2) a. A determiner det is POSITIVE STRONG iff for every model M = ⟨[[ ]],De⟩ and every
A ⊆ De, if [[det]](A) is defined, then [[det]](A)(A) = 1.

b. A determiner det is NEGATIVE STRONG iff for every model M = ⟨[[ ]],De⟩ and
every A ⊆ De, if [[det]](A) is defined, then [[det]](A)(A) = 0.

c. A determiner det is WEAK if det is not strong.

For instance, every and most are positive strong while a, no, a few are weak.

Given these definitions of strong and weak determiners, it can be shown that strong determiners
in an ETC give rise to semantically trivial truth conditions. First, an ETC with a determiner det
is analyzed as involving generalized quantification as follows:

(3) [[there be det NP]] ⇔ [[det]]([[NP]])(D) (D: the domain of individuals).

We assume that [[NP]] ⊆ De. Given conservativity, [[det]]([[NP]])(D)⇔ [[det]]([[NP]])([[NP]]∩D)
⇔ [[det]]([[NP]])([[NP]]). If det is positive strong, by (2a), this is trivially true. If det is negative
strong, by (2b), this is trivially false. Thus, if det is strong, [[there be det NP]] is tautological
or contradictory, as long as [[NP]] ⊆ D. On the other hand, a weak determiner like no does not
give rise to semantic triviality. With conservativity, [[no]]([[NP]])(D) ⇔ [[no]]([[NP]])([[NP]]∩D)
⇔ [[no]]([[NP]])([[NP]]). This truth condition is contingent, as it depends on whether [[NP]] has a
member.

Assuming that semantically trivial sentences are filtered out from the set of grammatical sen-
tences in some way, this explains the ungrammaticality of strong determiners such as every and
most in the ETC, while the account rules in weak determiners in the same environment. Other
phenomena hypothesized to involve meaning-driven ungrammaticality include the following.

Connected exceptives As exemplified in (4), connected exceptive phrases of the form Det
but NP only allow universal determiners such as all and no. von Fintel (1993) shows that this
pattern can be explained by semantics, as non-universal determiners give rise to triviality in this
environment.

(4) a. All students but Sue passed the exam.
b. *Few students but Sue passed the exam.

Licensing of polarity items Negative polarity items such as any is licensed under the scope
of negation among other downward-entailing environments, as in (5a), while it is anti-licensed
in an episodic positive environment, as in (5b).

(5) a. Sue doesn’t have any eggs.
b. *Sue has any eggs.

Chierchia (2006, 2013) provides a meaning-driven explanation of this pattern based on an
obligatory exhaustification operator which, roughly, negates all subdomain alternatives for the
polarity item (cf. Krifka, 1994; Lahiri, 1998).
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Negative islands in comparatives Than-clauses in English comparatives permit quantifica-
tion by certain determiners, but not by others, as can be seen in (6).

(6) a. Mary is taller than every other student is.
b. *Mary is taller than no other student is.

Gajewski (2008) offers the generalization that determiners which are (right) downward entail-
ing are ruled out in this environment while the others are ruled in. He provides a meaning-driven
explanation of the distribution.

Weak islands in manner questions Manner questions that involve a wh-movement from
within the complement of a factive predicate yields ungrammaticality while those that involve
a movement from within the complement of a non-factive predicate are grammatical. Abrusán
(2014) shows that this pattern can be explained in terms of triviality of the presupposition
predicated for the factive case.

(7) a. How does John hope that Peter fixed the car?
b. *How does John regret that Peter fixed the car?

See also Oshima (2007) and Schwarz and Simonenko (2018) for extensions of the generaliza-
tion and modified views on the nature of the semantic triviality involved in the ungrammatical
cases.

Selectional restrictions of clause-embedding predicates Certain clause-embedding pred-
icates exhibit selectional restrictions with respect to the types of clausal complements they
combine with (Grimshaw, 1979). For example, whereas know can combine with both declar-
ative and interrogative complements, think can only combine with declarative complements.
This pattern is exemplified below:

(8) a. Xander knows { that Silver / which horse } won the race.
b. Xander thinks { that Silver / *which horse } won the race.

Zuber (1982) offers the generalization that this pattern is partly correlated with the NEG-
RAISING PROPERTY of predicates—neg-raising predicates are incompatible with interrogative
complements. Theiler et al. (2019) and Mayr (2019) provide a meaning-driven explanation for
the generalization, in terms of semantic triviality predicted for the combination of neg-raising
predicates and interrogative complements. See also Uegaki (2023) and Uegaki and Sudo (2019)
for meaning-driven accounts of the selectional restrictions of other classes of predicates.

3. The logicality hypothesis

3.1. Overall architecture

The accounts of meaning-driven ungrammaticality surveyed in the previous section all assume
that there is a link between semantic triviality and ungrammaticality. This assumption is a
nontrivial one, given separation between syntax and semantics, as standardly assumed. In this
section, we will review the logicality hypothesis, which is designed to explicate the link in
terms of an additional logical deductive component in grammar.

The architectural assumptions of the logicality hypothesis are as follows. Grammar contains
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syntax as well as NATURAL LOGIC, i.e., a logical deductive system that automatically computes
whether structures built by syntax are logically trivial or contingent. Natural logic filters out
logically trivial structures from the set of grammatical sentences. By positing this automatic
filtering mechanism, the hypothesis accounts for the fact that certain semantic triviality leads
to ungrammaticality.

3.2. Grammatical vs. ungrammatical triviality

An issue with any account of the triviality-ungrammaticality link concerns the distinction be-
tween grammatical and ungrammatical triviality. Not all semantically trivial sentences are
ungrammatical. The following sentences, for example, can be taken to be semantically trivial
yet grammatical.

(9) a. This atom is bivalent and is not bivalent. (contradictory)
b. This atom is bivalent and is trivalent. (contradictory)
c. It is raining or it is not raining. (tautological)

Under the logicality hypothesis, natural logic should rule out meaning-driven ungrammaticality
of the kind mentioned in §2 but rule in the grammatical triviality of the kind in (9). How
can natural logic be specified to make this distinction? An analytical intuition pursued in the
literature to address this issue is this: ungrammatical triviality involves triviality that arises
purely from the logical words in the structure, whereas grammatical triviality as in (9), arises
due to the meaning of content words. Below, we will review two prominent solutions based on
this analytical intuition—one based on LOGICAL SKELETONS (Gajewski, 2002, 2009) and the
other based on the RESCALE operation (Del Pinal, 2019).

A remark is in order at this point regarding the distinction between logical and content vocab-
ularies. For the purpose of this paper, we will not delve into the nature of this distinction.2

Rather, we—along with proponents of logicality such as Gajewski and Del Pinal—will assume
that such a distinction exists and that it corresponds to the functional/lexical distinction and/or
the closed/open-class distinction traditionally assumed in syntax. However, in §5 below, we
will speculate on the possibility of departing from the dichotomous view and adopting a more
gradient distinction between the two classes.

Logical skeletons Gajewski (2002, 2009) proposes that natural logic operates on the logical
skeleton of a sentence, which is a syntactic representation where each token of a content word
is replaced with a new variable. Natural logic determines a sentence to be logically trivial iff
its logical skeleton is necessarily true or necessarily false under all variable assignments. To
see how this analysis makes the correct distinction between grammatical and ungrammatical
triviality, consider the following pair of examples.

(10) a. *There is every cat.
b. Hydrogen is bivalent and is not bivalent.

In (10a), we have an ungrammatical example with the violation of the definiteness constraint
in the ETC. In (10b), we have grammatical triviality. The logical skeletons of (10) can be

2See van Benthem (1989); van Benthem (2002) for a possible definition of logical vocabulary in terms of permu-
tation invariance, and Bonnay (2008) for its refinement.
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represented as follows, with x/Xi representing distinct variables replacing the content words:

(11) a. there is every X1.
b. x1 is X2 and is not X3.

Here, (11a) is necessarily true, regardless of the value we assign to the variable X1, following
the derivation of triviality presented in §2. On the other hand, (11b) is contingent, crucially
because X2 and X3 are distinct variables. Note that each token of a content word in the original
sentence—even if they are the same lexeme—is replaced with a new variable. Thus, Gajewski
(2002, 2009) allows the account to make an appropriate distinction between grammatical and
ungrammatical triviality by restricting natural logic to operate on logical skeletons.

Rescaling Del Pinal (2019) problematizes the non-standard nature of natural logic under the
skeleton view. In particular, according to the skeleton view, natural logic does not validate the
classical inference rules such as Law of Non-Contradiction and Modus Ponens. This motivates
Del Pinal to adopt an alternative view within the logicality hypothesis in terms of a meaning
modulation mechanism dubbed RESCALING. According to this view, natural logic is equipped
with the RESCALE operator, which narrows down the meaning of an open class term. The
operator is defined as follows:

(12) For any open class term P, argument of suitable type x and context c,
{x|RESCALEc(P)(x)} ⊆ {x|P(x)}. (Del Pinal, 2019: 11)

That is, the meaning modulation based on RESCALE is constrained to narrow down meanings,
where the precise refinement depends on the context parameter c. Crucially, Del Pinal assumes
the dichotomy between closed-class and open-class vocabularies (in a way parallel to Gajew-
ski’s reliance on the logical vs. content vocabulary distinction) and stipulates RESCALE to be
only applicable to the open-class terms.

With the RESCALE operator in place, one can distinguish grammatical triviality and ungram-
matical triviality—grammatical cases are those that allow a non-trivial interpretation when
RESCALE is inserted while ungrammatical cases are those that remain trivial even after in-
sertion of RESCALE. For example, the pair in (10) can be distinguished based on the following
logical forms:

(13) a. There is every RESCALEc(cat).
b. Hydrogen is bivalent and is not RESCALEc(bivalent).

Even with rescaling, (13a) remains to be trivial, given Barwise and Cooper’s (1981) derivation
we sketched in §2. On the other hand, (13b) is non-trivial, as the meaning of bivalent can
be modulated to something narrower, making the statement consistent and contingent. Thus,
Del Pinal (2019) captures the distinction between grammatical and ungrammatical triviality by
postulating the additional rescale operator within natural logic, without making the logic itself
non-standard as in the skeleton view.

3.3. Upshot

In this section, we provided an overview of the logicality hypothesis as a theory designed to
explain the link between semantic triviality and ungrammaticality. The hypothesis assumes
that grammar contains a natural deductive system, natural logic, which filters out logically
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trivial structures. We have discussed two specific views within the logicality hypothesis on
how to tease apart grammatical triviality and ungrammatical triviality: the skeleton view due to
Gajewski (2002, 2009) and the rescaling view due to Del Pinal (2019).

Regardless of the specific stance one adopts within the logicality hypothesis, the hypoth-
esis entails a substantial architectural assumption about the interaction between syntax and
semantics—namely, that the grammar contains a logic with its own deductive system, which
acts as a filter for grammatical structures. Furthermore, as we have seen, there is currently no
consensus on the exact specification of this natural deductive system. See e.g., Abrusán (2019);
Del Pinal (2019); Pistoia-Reda and Sauerland (2021) for further discussion of the latter issue.

As we have emphasized in the introduction, our aim is not to provide an argument against the
logicality hypothesis per se. Nonetheless, we believe that the significant architectural assump-
tions it entails justify exploring an alternative that does not rely on such assumptions. In the
following sections, we present our alternative, which seeks to replace natural logic with an
independently motivated model of language evolution based on iterated learning.

4. An alternative: Meaning-driven ungrammaticality through iterated learning

In this section, we propose an alternative analysis of how semantic triviality can lead to un-
grammaticality, without assuming that natural logic is a part of the grammar. Instead, we
assume that the process of ITERATED LEARNING filters out (certain but not all) semantically
trivial sentences in the diachronic process.3 Specificially, our iterated learning model makes
the following architectural assumptions (14).

(14) a. Separation of syntax and semantics: The syntax module only concerns possible
combinations of forms without reference to their meanings.4

b. Constrained hypothesis space of grammars: The language faculty defines the
space of possible grammars that learners can in principle entertain. Furthermore,
learners may have initial preferences for certain grammars than others.

c. Iterated learning: Learners acquire/induce a grammar based on the input pro-
duced by the speakers of the previous generation together with their initial pref-
erences. Then they produce sentences according to their grammar, which in turn
will serve as input for the learners in the next generation.

d. Pragmatic speakers: Each generation of speakers are pragmatic speakers, who
produce utterances that maximize the chance of a listener choosing the intended
meaning.

e. Bayesian syntax learning: Learners induce (through a Bayesian induction pro-
cess) a syntax that fits the linguistic input the previous generation produces.

As a proof of concept, we introduce below a toy iterated-learning model of the definiteness ef-
fect. In this case, learners’ hypothesis space contains various possible grammars with different
combinatorial restrictions about what types of DPs may appear in an existential-there construc-

3Iterated learning is developed in the theory of language evolution and has been used to model a variety of phe-
nomena, such as emergence of compositionality (Kirby and Hurford, 2002; Kirby et al., 2008, 2015), emergence
of morphological regularity (Smith and Wonnacott, 2010), and word-order harmony (Culbertson and Kirby, 2016).
4Note that this assumption does not preclude speakers from noticing and making use of certain aspects of meanings
of an expression that correlate with its formal (morpho-syntactic) features, e.g., gender or number agreement.
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:G+          :G-every

Gen 1 
Learner, 
who then 
becomes

Gen2 
Learner

Gen 0 
Speaker

There is no cat.
There is a dog.
There is a boy.

 …

There is no cat.
There is a dog.

There is every boy.
…

Gen 1 
Speaker

every ∉ O every ∈ O

There is no cat.
There is a dog.
There is a boy.

 …

There is no cat.
There is a dog.
There is a boy.

 …

There is no cat.
There is a dog.

There is every boy.
…

… …      ……

Figure 1. A schematic illustration of the iterated learning model for the definiteness effect.

tion. For simplicity, we focus on the following two hypotheses that will be the most relevant
for our purposes (15).

(15) a. G+: existential there is compatible with a, no, and every.
b. G−every: existential there is compatible with a and no but not with every.

As an overview, our interated-learning analysis of the definiteness effect is schematically illus-
trated in Fig. 1. Speakers of generation 0 possess G+, i.e., they consider every in an existential
there construction to be well-formed.5 However, under our assumption that they are pragmatic
speakers, they almost never produce every in existential there constructions, as it would be
tautogical and thus informationally useless. Consequently, some learners in generation 1 never
encounter every in existential there as part of their input data. Assuming that these learners are
Bayesian when they are learning syntax, they are likely to induce G−every instead of G+ since
the likelihood of observing an input without any occurrence of every in existential there is sig-
nificantly greater in G−every than in G+. When such learners become the speakers who produce
utterances that serve as the input for the learners in the next generation, they will not produce
every in existential there constructions because it is simply ill-formed according to their gram-
mar. The effect of the grammar induction can amplify as the leaning process is iterated through
generations.

Below, we spell out the technical details of the iterated learning model.

4.1. Pragmatic speakers in a coordination game

We start with a population whose speakers all have the grammar G+, i.e., they consider all 3
determiners no, a, and every syntactically compatible with ETCs. They need to use ETCs to

5This is a simplifying assumption and not a crucial commitment of our analysis. We will return to this issue in §7.
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communicate to each other facts about the world. Let uD be the utterance there is D NP. For
concreteness, we consider 4 possible worlds and use wi (i = 0,1,2,3) to represent the world
where the cardinality of the set of the relevant entities denoted by the NP is i. Given the
semantics of the determiners and ETCs, we have the following truth conditions (16).

(16) JunoK = {w0}, JuaK = {w1,w2,w3}, JueveryK = {w0,w1,w2,w3}.

In order to communicate with each other effectively about the actual world, pragmatic speakers
will tend to choose a true utterance that is most informative. Concretely, we adopt a proba-
bilistic pragmatic speaker model from the Rational Speech Act (RSA) framework (Goodman
and Frank, 2016), according to which a literal listener randomly chooses a world where the
utterance is true (17) and a pragmatic speaker favors utterances that maximize the chance of a
literal listener choosing the actual world (18).

(17) Llit(w | u) = K ·Pr(w) if w ∈ JuK, and 0 otherwise
(where Pr(w) is the prior probability of w, and K is a normalizing constant ensuring
that literal listener’s probabilities over worlds add up to 1).

(18) S(u | w) = K′ · [Llit(w | u)]α

(where α is a free parameter controlling how much the pragmatic speaker favors ut-
terances that are more informative, and K′ is a normalizing constant ensuring that
speaker’s probabilities over utterances add up to 1).

For concreteness, we assume a uniform prior over worlds and α = 10. Now, as an example,
suppose w3 is the actual world. The probability of the literal listener choosing w3 is 0 after
hearing uno (since uno is not true in w3), 1

3 after hearing ua (since ua is true in w1, w2 and w3),
and 1

4 after hearing uevery (since uevery is true in all the worlds). Then, the probability of the
pragmatic speaker choosing ua in w3 is

S(ua | w3) =
(1

3)
10

010 +(1
3)

10 +(1
4)

10
≈ 0.947.

That is, even though ua and uevery are both true in w3, a pragmatic speaker would nevertheless
prefer ua because it is more informative. In general, since tautological expressions are, by
definition, true in every possible world, they are the least likely to be used by the pragmatic
speaker among the true expressions.6

Similarly, suppose w0 is the actual world. The probability of the literal listener choosing w0 is
1 after hearing uno (since uno is only true in w0), 0 after hearing ua (since ua is not true in w0),
and 1

4 after hearing uevery (since uevery is true in all the worlds). Then, the probability of the
pragmatic speaker choosing uno in w0 is

S(uno | w0) =
110

110 +010 +(1
4)

10
≈ 0.999999.

6Technically, the standard formulation of a literal listener (17) is undefined for a contradictory utterance. One
quick fix is to assume that the literal listener will default to the prior in this case, i.e., when they hear a contradictory
utterance they simply ignore it. This way, contradictory and tautological utterances are treated in parallel.
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The probability of a pragmatic speaker using an utterance in a given world is summarized below
in Table 1. The main takeaway is that a pragmatic speaker is very unlikely to use every in an
ETC because the resulting meaning is tautological and hence uninformative.

Table 1. The probability of a pragmatic speaker choosing utterance u in world w.

S(u | w) w0 w1 w2 w3
uno 0.999999 0 0 0
ua 0 0.947 0.947 0.947

uevery 0.000001 0.053 0.053 0.053

It is worth reiterating that this point does not hinge on the specific RSA framework we adopted
here. Any satisfactory pragmatic theory should make qualitatively the same prediction.

4.2. Bayesian learners

So far our pragmatic speaker model provides the production probabilities in one instance of a
coordination game. We further assume that learners in the next generation observe the outputs
of pragmatic speakers playing the coordination game N times for each world. For concreteness
we assume N = 10, which means that a learner observes 40 utterances of ETCs. The probability
that every is never used among these 40 utterances is

P(uevery ̸∈ O) = [S(uno | w0)]
10 · [S(ua | w1)]

10 · [S(ua | w2)]
10 · [S(ua | w3)]

10 ≈ 0.195.

That is, about 80% of the learners in the next generation observes every in an ETC at least once
in their input. Such learners will acquire the same grammar G+ as the previous generation,
since this is the only grammar compatible with the input. In contrast, the remaining 20% of the
learners never observe every in an ETC in their input. For such learners, both G+ and G−every
are compatible with their input data. As we will see, assuming that they are Bayesian learners,
they will take their input data to overwhelmingly favor G−every.

Before introducing the technical details of Bayesian learning, let us start with a simple example
that helps illustrate the intuition behind it. Suppose you can observe random samples (with
replacement) from an unknown set of single-digit numbers. For simplicity, let us assume that
you know the set either contains all the digits (i.e., from 0 to 9; call it H1) or only contains the
even numbers (call it H2). Now, suppose you observe the following sequence of samples (19).

(19) 2, 4, 8, 4, 0, 6, 2, . . .

How would you weigh the two hypotheses as you observe more and more samples? Presum-
ably, when you observe the first sample, you will not form a very strong preference for either
hypothesis. However, as you observe more and more samples, e.g., 7 even numbers in a row
in the case above, you will probably think that the evidence strongly favors H2 (according to
which the set only contains even numbers), even though technically your observations are still
compatible with both hypotheses. Intuitively, the reason is that if the set contained both even
and odd numbers, it would be quite surprising that you observed 7 even numbers in a row,
whereas if the set only contained even numbers, then 7 even numbers in a row would be to-
tally expected. Formally, we can use Bayes’ theorem to calculate the posterior probability of a
hypothesis H given observation O as follows (20).
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(20) P(H | O) = 1
P(O) ·P(H) ·P(O | H).

Here, P(H) is the prior probability of the hypothesis, P(O | H) is the likelihood of the obser-
vation under the hypothesis, and P(O) is the probability of the observation. When we compare
two hypotheses, we can use (20) to calculate the odds between their posterior probabilities as
follows (21).

(21) P(H2|O)
P(H1|O) =

P(H2)
P(H1)

· P(O|H2)
P(O|H1)

.

On the right-hand side of the equation, the first term P(H2)
P(H1)

is the ratio between the prior prob-
abilities of the two hypotheses, which corresponds to our initial preference between the two
hypotheses. The second term P(O|H2)

P(O|H1)
is the ratio between the likelihoods of the observation un-

der the two hypotheses, which reflects the extent to which the observation O provides evidence
for H2 over H1: the higher this ratio, the stronger the observation favors H2 over H1.

For instance, let O1 be the initial observation of a single sample 2. The probability of observing
O1 is 1/10 under H1, and 1/5 under H2. The strength of the evidence P(O1|H2)

P(O1|H1)
is 1/5

1/10 = 2, which
only slightly favors H2 over H1.

In contrast, let O7 be the observation of the 7 samples in (19). The probability of observing O7

is (1/10)7 under H1, and (1/5)7 under H2. The strength of the evidence P(O7|H2)
P(O7|H1)

is (1/5)7

(1/10)7 =

27 = 128, which strongly favors H2 over H1. Even if we have a rather strong initial preference
for H1, e.g., we initially believe that H1 is 10 times as likely as H2, after observing O7, the ratio
between the posterior probabilities is P(H2|O7)

P(H1|O7)
= P(H2)

P(H1)
· P(O7|H2)

P(O7|H1)
= 1

10 ·128 = 12.8. That is, now
we instead believe that H2 is over 10 times more likely than H1.

The discussion above illustrates how Bayesian learning can capture our intuition about different
hypotheses as evidence accumulates in this simple example. More generally, Bayesian learning
has been applied to concept learning and word learning (e.g., Xu and Tenenbaum, 2007). A
distinctive feature of Bayesian learning is that learners can take lack of occurrences of certain
instances in the input to be evidence that such instances are not possible. This allows them to
switch between hypotheses even when both hypotheses are compatible with the input.

Now we return to the case of ETCs. We assume that, similar to the case above, learners treat
their input as random samples (with replacement) from the underlying grammar. For those
learners who never observe every among the 40 instances of ETCs in their input, the likelihood
is (1/3)40 under G+ and (1/2)40 under G−every.7 We can then calculate the ratio between the
posterior probabilities as follows (22).

(22) P(G−every|O)
P(G+|O) =

P(G−every)
P(G+)

· P(O|G−every)
P(O|G+)

=
P(G−every)

P(G+)
· (1/2)40

(1/3)40 ≈
P(G−every)

P(G+)
∗ (1.1∗107).

We can see that the second term P(O|G−every)
P(G+)

, whose value is 1.1 ∗ 107, overwhelmingly favors
G−every over G+. As a result, even if the learners have a high initial preference for G+, practi-
cally all the learners will switch to G−every. For instance, suppose the learners initially believe

7In general, the sentences generated by a grammar are not assumed to be drawn with equal probabilities, but here
a uniform distribution is a reasonable first approximation given that the relevant sentences are similar enough to
each other, which only differ in terms of the quantifier used in the DP.
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G+ is 1000 times as likely as G−every, they will end up believing instead that G−every is over
10000 times more likely than G+.

In sum, among Generation 1 learners, about 20% of them never encounter every in an ETC in
their input. Assuming that they are Bayesian learners, they will end up inducing a grammar
that rules out such expressions. As discussed above, when such learners become speakers and
produce ETCs that will serve as input to learners in the next generation, they will never produce
every in an ETC since it is simply not part of their grammar. Consequently, learners in the next
generation are more likely to observe no instances of every in an ETC and induce G−every. As
this process iterates over generations, G−every will take over within the population.

5. Grammatical triviality

In the previous section, we illustrated how meaning-driven ungrammaticality can arise through
iterated learning. However, recall that there are semantically trivial sentences that are neverthe-
less grammatical, such as the ones below (23).

(23) a. Alice is vegetarian and is not vegetarian.
b. It is raining or it is not raining.

Given that such sentences are semantically trivial, pragmatic speakers are also highly unlikely
to produce them, and therefore it is quite likely that learners in the next generation will never
encounter them in their input. This naturally raises important questions: Why do learners still
consider such sentences grammatical? More generally, how does the iterated learning analysis
account for the contrast between semantically trivial sentences that are grammatical and those
that are ungrammatical?

The key difference, we suggest, lies in the prior probability distribution over the space of gram-
mars that learners entertain. To see the role of prior probabilities in learning, let us return to
the earlier example where one observes a sequence of digits and tries to figure out the set from
which these numbers were randomly sampled. This time we drop the simplifying assumption
that the set either contains all the digits or only contains even numbers. That is, in principle
the set can be any subset of the set of digits. In this more general setting, if you observe the
following sequence (24), which is the same as before (19) and has 7 even numbers in a row,
presumably you would still think that the set is most likely the set of even digits. It is easy
to check that this hypothesis is the one that maximizes the likelihood of the observation, and
therefore it is unsurprising that we also intuitively find this hypothesis the most plausible.

(24) 2, 4, 8, 4, 0, 6, 2, . . . (repeated from (19))

However, suppose you observe the following sequence (25) instead.

(25) 1, 9, 8, 9, 3, 4, 1, . . .

Presumably, you are unlikely to think that the set is {1,3,4,8,9}, i.e., it contains exactly the five
digits that you observe. Note that this set also maximizes the likelihood of the observation, just
as the set of even digits does in the previous example. What accounts for the difference between
the two cases? Intuitively, this is because in the latter case the set {1,3,4,8,9}, unlike the set
of even digits, is a much more unnatural possibility to consider. Formally, this corresponds to a
much lower prior probability for the hypothesis H{1,3,4,8,9} than the hypothesis H{0,2,4,6,8}. As
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a result, more evidence is required before we begin to favor the hypothesis H{1,3,4,8,9}.

The main takeaway from the discussion above is that even though Bayesian learners may take
the lack of occurrences of certain instances in the input to be evidence for the hypothesis that
such instances are impossible, they will not necessarily consider such a hypothesis the most
likely. If a hypothesis is considered highly unlikely a priori, or in the extreme case it is simply
not part of the space of hypotheses learners entertain, then learners will not conclude that the
missing instances in the observation are impossible.

Therefore, by placing constraints on the grammars in the learners’ hypothesis space, our ap-
proach can also account for the existence of semantically trivial sentences that are presumably
absent in the learners’ input but nevertheless grammatical. Specifically, to account for cases
such as (26a), we suggest that the candidate grammars in the learners’ hypothesis space do not
distinguish between items from an open class. As a result, given that vegetarian, tired, and hun-
gry all belong to the open class of adjectives, when learners acquire a grammar that generates
attested non-trivial sentences such as (26b), it will also generate (26a).

(26) a. Alice is vegetarian and is not vegetarian.
b. Alice is tired and is not hungry.

A couple of remarks are in order. First, our approach need not assume a sharp distinction
between open- and closed-class items. The difference can be more gradient in that learners
have higher prior probabilities over grammars that distinguish between closed-class items than
between open-class ones. And such a difference may be further derivable from the difference in
the size of the class. When a class has k items that can be distinguished in terms of whether they
are ruled in or not by a grammar, there are 2k possibilities. For open-class items, the number of
actual members is very large and there can be even more members added to the class. It would
be intractable to consider all the possible fine-grained distinctions and therefore learners are
more likely to assume that the grammar does not distinguish between items of an open class.

Second, we do not claim that the contrast between open- and closed-class items can account for
all cases of grammatical constructions that presumably are not in a learner’s input. Consider
parasitic gaps such as (27). They are very rare: Pearl and Sprouse (2013) found no attested
examples among nine child-directed speech corpora that contain approximately 675,000 words.

(27) Which book did you judge before reading ?

While strictly speaking it is still an open empirical question whether parasitic gaps are com-
pletely absent in children’s input and they still manage to deem such constructions grammat-
ical, for the sake of the argument let us assume that this is indeed the case. This cannot be
captured by the contrast between open- and closed-class items, but our approach is compatible
with there being additional constraints on the learners’ hypothesis space such that they may be
able to induce a grammar that rules in parasitic gaps based on observations of other grammat-
ical constructions attested in their input. For instance, Pearl and Sprouse (2013) suggest that
Across-The-Board constructions such as (28), which do occur in children’s input, may facilitate
the acquisition of parasitic gaps.

(28) What did you read and then review ?
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6. Comparison with the Logicality approach

In terms of the theoretical assumption about the architecture of natural language grammar, our
proposal is crucially different from the logicality approach in that it maintains the classic sepa-
ration of syntax and semantics. According to our approach, ungrammatical trivial sentences are
simply syntactically ill-formed according to the synchronic grammar. This straightforwardly
accounts for the empirical fact that their predicted trivial meanings are opaque to non-specialist
speakers (29), because strictly speaking, such expressions cannot be interpreted according to
the synchronic grammar.

(29) Opacity of the trivial meanings: The predicted trivial meanings of ungrammatical
sentences are not intuitively accessible by non-specialist speakers.

For instance, after hearing a grammatical tautological sentence, one can use duh to express
that it is trivially true (30a). However, it is infelicitous to use duh in response to every in an
existential there construction (30b).

(30) a. A: Alice is vegetarian or not vegetarian.
B: Duh.

b. A: *There is every smiling cat.
B: #Duh.

In contrast, according to the logicality approach, ungrammatical trivial sentences are syntacti-
cally well-formed and interpretable according to the synchronic grammar. Their unacceptabil-
ity is due to natural logic filtering out certain sentences with trivial meanings. To account for
the opacity of the trivial meanings of such sentences, proponents of natural logic will have to
stipulate that this module operates at the subconscious level that blocks intuitive access to the
trivial meanings. Note that the issue is not about the effability of the meanings of the relevant
expressions. It is not at all problematic to assume that non-specialist native speakers under-
stand the meaning of every smiling cat as a generalized quantifier and the meanings of or and
not as Boolean functions at the subconscious level, without being able to articulate what such
expressions mean. The crucial point is that in the case of grammatical sentences such as every
smiling cat left and Alice is vegetarian or not vegetarian, speakers are able to intuitively access
the truth conditions that allow them to form truth value judgments and identify the trivial truth
conditions the latter has. This is not the case for ungrammatical trivial sentences such as *there
is every smiling cat. The truth conditions of such sentences are opaque to the speakers. Un-
der the logicality view, it is unclear why we should expect this correlation between logicality
(however it is to be characterized) and opacity to hold.8 We do not take this to be a knockdown
argument against the logicality approach, but we point out that the correlation between opacity
and logicality is largely left unexplained.9

Despite this major difference, our iterated-learning analysis also shares similar assumptions

8Relatedly, the rescaling-based account needs to resort to the possibility of a RESCALE-based interpretation to
account for some cases of grammatical triviality, even if it is not the intuitive interpretation of the sentence. Our
account does not require computation of such a non-actualized alternative interpretation to account for grammati-
cal triviality. They are simply grammatical according to the synchronic grammar.
9Chierchia (2013: 53) attempts to explain the correlation by appealing to the complexity of the relevant expres-
sions. However, the correlation between complexity and opacity is tentatively suggested and remains to be worked
out in full detail.
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with the logicality approach. In particular, to account for the contrast between grammatical and
ungrammatical sentences with trivial meanings, we make use of the distinction between open-
and closed-class expressions. This distinction is also made by Del Pinal (2019) and is closely
related to the distinction between logical and non-logical vocabulary in the logical-skeleton-
based approach. However, as mentioned earlier, our approach is amenable to a more gradient
view of the open- and closed-class contrast.

Finally, our approach can go beyond cases that involve strict propositional triviality (cf. Schwarz
and Simonenko, 2018). The iterated learning process can filter out a construction as long as
(i) it is highly unlikely to be used by pragmatic speakers so that learners in the next generation
are likely to encounter no instances in their input, and (ii) the hypothesis space of the learners’
grammars and the prior probabilities are such that Bayesian learners will conclude from the
lack of occurrences of the construction that the construction is ungrammatical. A construc-
tion can satisfy these conditions without being strictly speaking semantically tautological or
contradictory. For instance, Theiler et al.’s (2019) meaning-driven explanation of the incom-
patibility between neg-raising predicates and interrogative complements (8b) is based on the
triviality of the propositional content of the construction relative to its Excluded Middle pre-
supposition. In order to apply the logicality approach, they need to make strong theoretical
assumptions about the nature of the excluded middle presupposition, including postulation of
a null logical term contributing the presupposition (Theiler et al., 2019: 108-110). However,
under the iterated learning approach, the core insight of their analysis can be maintained with-
out such commitments. Regardless of the nature of the excluded middle inference triggered by
neg-raising predicates, i.e., whether or not it is a presupposition and whether or not it is instan-
tiated by a null logical term, it is in tension with the propositional content when neg-raisers take
interrogative clauses by making it uninformative. This is enough to make such constructions
highly unlikely to be produced by pragmatic speakers, and consequently they end up being
ungrammatical after the iterated learning process.

7. Further discussion

7.1. Assumptions about the initial stage of iterated learning

The iterated learning model presented in §4 assumes that semantically trivial sentences started
out grammatical in the initial population and gradually became ungrammatical through iterated
learning. That is, the model assumes that there was a point in the past where sentences such
as *there is every smiling cat were considered grammatical by the English speakers back then,
and only became ungrammatical for speakers at later stages through language change. This
assumption can feel quite implausible, since intuitively it seems unlikely that there was a stage
where all English speakers would consider such sentences grammatical with a trivial meaning.

However, this assumption is for expository purpose only and not a crucial commitment. The
iterated learning approach is compatible with different assumptions about the initial stage. For
instance, we may instead assume that in the initial stage, existential there-constructions had
not been introduced to the English grammar of the vast majority in the population, and a small
group of speakers started the linguistic innovation by using various DPs in such constructions,
with the following meaning (31), repeated from (3).

(31) [[there be det NP]] ⇔ [[det]]([[NP]])(D) (D: the domain of individuals).
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Given that determiners such as a and no would lead to informative utterances that facilitate
successful communication, such constructions would be used a lot and gradually picked up by
the rest of the population. In contrast, given that every in an existential there construction has a
trivial meaning, it was unlikely to be used. Consequently, it would be unlikely to be picked up
by the rest of the population. And even if a small fraction of speakers did pick it up, it would
eventually die out through the same iterated learning process in §4.

7.2. Phenomena of meaning-driven unacceptability may be heterogeneous

The iterated learning approach crucially assumes that the target combinatorial restrictions can
be accounted for in terms of syntax in the synchronic grammar. In some cases, e.g., the selec-
tional restrictions of clause-embedding predicates, it is straightforward to spell out the relevant
syntactic rules. However, this might not be a reasonable assumption for some of the phenomena
discussed in §2. For example, it is broadly agreed in the linguistic community that the distribu-
tion of NPIs is semantic/pragmatic in nature (e.g., Kadmon and Landman, 1993; Krifka, 1994;
Chierchia, 2013).

We consider it possible that the phenomena of meaning-driven ungrammaticality are heteroge-
neous and our iterated learning approach is applicable to only a subset of such cases.

8. Conclusion

In this paper, we proposed a new analysis of the link from semantic triviality to ungrammat-
icality, which models the iterated learning process in diachronic change. The model involves
two main ingredients. First, pragmatic speakers are unlikely to produce semantically trivial
sentences, and as a result such sentences are lacking in the linguistic input for the learners in
the next generation. Second, Bayesian syntax learners may induce a grammar that rules out
certain trivial sentences from their lack of occurrences—although this is not always the case
due to constraints on the hypothesis space of grammars, allowing for grammatical sentences
with trivial meanings. The effect amplifies through generations.

Our account does away with natural logic as an additional grammatical module assumed in the
logicality hypothesis. It straightfowardly accounts for the opacity of the predicted trivial mean-
ings of the ungrammatical constructions. The account may be further extended to allow for a
more gradient view of the open- and closed-class contrast and apply to grammatical restrictions
that concerning sentences that are not strictly trivial.
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