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Modeling the prompt in inference judgment tasks

Julian Grove & Aaron Steven White*

Abstract. We show that when analyzing data from inference judgment tasks, it can be
important to incorporate into one’s data analysis regime an explicit representation of
the semantics of the natural language prompt used to guide participants on the task.
To demonstrate this, we conduct two experiments within an existing experimental
paradigm focused on measuring factive inferences, while manipulating the prompt
participants receive in small but semantically potent ways. In statistical model com-
parisons couched within the framework of probabilistic dynamic semantics, we find
that probabilistic models structured, in part, by the semantics of the prompt fit better to
data collected using that prompt than models that ignore the semantics of the prompt.
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1. Introduction. When collecting inference judgments in formal experiments, it is common for
trials to consist of the following pieces: (i) a target linguistic expression whose inferential affor-
dances one is interested in measuring; (ii) a description of some context which the expression
might be used in; (iii) a natural language prompt guiding participants on the relevant task; and
(iv) a response instrument, such as an ordinal or slider scale. When analyzing the data from such
experiments, one generally incorporates some representation of components (i), (ii), and (iv); but it
is relatively rare to incorporate a representation of component (iii)—Ilikely because this component
is typically constant across all experimental items.!

We show that it can be important to incorporate an explicit representation of the semantics of
natural language prompts used in inference judgment experiments into one’s data analysis regime.
To demonstrate this, we fix components (i), (ii), and (iv) of an experimental paradigm focused on
measuring factive inferences—such as the inference from (1a) to (1b)—and manipulate component
(ii1))—the natural language prompt—in small but semantically potent ways.

(1) a. Jo{loves, doesn’t love} that Mo left.
b. Mo left.

We collect data using two such manipulated prompts and show, through statistical model compar-
ison, that probabilistic models structured, in part, by the semantics of the prompt fit better to data
collected using that prompt than models that ignore its semantics.

In Section 2, we describe how we incorporate natural language prompts into statistical models
using the framework of probabilistic dynamic semantics (PDS; Grove & White 2024a,b). We then
review, in Section 3, the experimental paradigm and prior models within PDS of data collected

“We thank the organizers of ELM 3, as well as four anonymous reviewers. Authors: Julian Grove, University of
Rochester (julian.grove @ gmail.com) & Aaron Steven White, University of Rochester (aaron.white @rochester.edu).

!One might conceive of the way that hypotheses are modeled in the natural language inference (NLI) literature
(Cooper et al. 1996, Dagan, Glickman & Magnini 2006, MacCartney 2009, et seq.) as an exception; but most NLI
models assume a single ground truth label aggregated from possibly multiple participants responses (cf. Gantt, Kane &
White 2020), rather than modeling the distribution of reponses themselves, as we do here.
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under that paradigm. In Section 4, we describe our two modifications to this paradigm and the
two corresponding experiments. In Section 5, we describe our model implementations and report
model comparisons before concluding in Section 6.

2. Probabilistic dynamic semantics. We couch our modeling within the recently developed prob-
abilistic dynamic semantics (PDS) framework (Grove & White 2024b). One of the core ideas we
implement within this framework is that an inference judgment task may be characterized as a
kind of discourse: a target sentence and its context of interpretation may be analyzed as updates
to a common ground; meanwhile, the prompt may be regarded as contributing a new question un-
der discussion (QUD; Ginzburg 1996, Roberts 2012). The upshot is that once we fix these formal
components, we need only make linking assumptions—i.e., assumptions about how the probability
distribution over possible answers to the QUD (given a common ground, appropriately updated)
should manifest as a particular distribution of responses, given some response instrument. Our
approach is therefore analogous to standard analysis regimes, insofar as one is always making
linking assumptions via one’s choice of statistical model (see Jasbi, Waldon & Degen 2019), but
it has the additional benefit of providing an explicit interface between the formal semantics of an
experimental item and such linking assumptions. We provide certain crucial details below. For a
full introduction to PDS, see Grove & White 2024b.

2.1. DISTRIBUTIONS ON DISCOURSE CONSTRUCTS. In PDS, an ongoing discourse is repre-
sented by a map from an input state to a probability distribution over output states. States are
simply tuples of metalinguistic parameters; these include, e.g., the common ground (Stalnaker
1978) and the QUD, as well as other conversationally relevant features of discourse (e.g., possible
antecedents for elliptical constructions). One can view the state as akin to the context state of
Farkas & Bruce (2010); our state, however, is less constrained in principle, in the sense that it is
compatible with arbitrary representations of the context.> Notating the types of these state tuples
‘o’, ‘0’ etc., an ongoing discourse is of type ¢ — Po’, where Po’ is the type of probability dis-
tributions over states of type ¢’. (More generally, P« is the type of probability distributions over
values of type «.) In words, a discourse is a map from input states to probability distributions over
output states.

To perform updates of various types to some ongoing discourse, we use two operators—
bind and return—which allow probability distributions to be sampled (bind) and ordinary, non-
probabilistic values to be returned as degenerate distributions over those values (return).> To il-
lustrate, suppose we have some categorical distribution mammal : Pe on mammals (where e is the
type of entities). We can represent a distribution on mammals’ mothers as:

x ~ mammal
mother(z)

2Furthermore, as Grove & Bernardy (2023) show, typed frameworks for probabilistic semantics can be used to
encode Rational Speechs Acts (RSA) models, as laid out in Frank & Goodman 2012, Goodman & Frank 2016.
Frameworks like PDS diverge from common implementation assumptions in such settings, however, in the sense
that they have strong commitments to computational purity that often do not hold in practical applications of RSA (for
discussion, see Grove & Bernardy 2023, as well as Grove & White 2024b).

3Importantly, these operators conform to the monad laws. See Grove & Bernardy 2023, Grove & White 2024b for
why this fact is useful.
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Here, mother : e — e maps an entity to its mother. Meanwhile, z is sampled from mammal using
bind, and mother(x) is then returned, as notated by the orange box. The idea is that this distribution
assigns to any given entity y the probability Zwemother_l(y) Pmammal () (Where mother™! : e — ¢ —
t is the inverse of the mother function and pryamma () is the probability that mammal assigns to ).

In a similar fashion, given two discourses D, : ¢ — Po’ and D; : ¢/ — Po”, we can invoke
bind to sequence D; with D, and obtain a new discourse D3 : ¢ — Po”:

pos (i)

Somewhat metaphorically: given a starting state s, we sample an output state from D;(s) and
apply D, to this output state. Moreover, generalizing the previous example, given an input state s,
the probability pp,(s)(s”) that Ds(s) assigns to an output state s” is computed as:

Poy()(8") = Y P0a(e)(5") # Py ()

In words, sequencing two maps from input states to probability distributions over output states
involves doing pointwise multiplication of the probabilities assigned to intermediate states by the
first map and those assigned to an output state by the second map and then summing the result.

Finally, we represent the common ground as a probability distribution over indices represent-
ing information about possible worlds, along with certain linguistic parameters (which, for current
purposes, we keep fairly open ended); we refer to the type of indices as ‘¢’, so that common grounds
themselves are distributions of type P.. Given some index ¢ : ¢, we refer to the “world” of 7 as ‘w;’
and to what we call the “context” of ¢ as ‘c;’; contexts are what we use to encode useful linguistic
information. The idea is that worlds w determine, e.g., how tall a particular individual is, while
contexts ¢ determine, e.g., the vague threshold of height past which one’s height is considered tall.
Thus while a world-sensitive function such as height(w;) : e — r intuitively says something about
how tall an entity is at an index 4, the adjective’s threshold d.;(c;) : r only provides information
about an aspect of the lexical semantics of fall at that index, viz., what is required of an entity to
count as tall.

2.2. MAKING AN ASSERTION. Similar to discourses, the meanings of expressions are both prob-
abilistic and dynamic. Accordingly, we represent them as functions of type 0 — P(a x o'):
given an input state, the meaning of an expression produces a probability distribution over pairs
of ordinary meanings of type « and possible output states. Furthermore, given a sentence whose
probabilistic dynamic meaning ¢ is of type o — P((¢v — t) X ¢’), we can represent an assertion of
that sentence as a discourse which updates the common ground. Specifically, we have a function
assert with the following type:

assert : (6 = P((t = t) x 0')) = 0 — Po’

Given such a ¢, assert(¢) is a discourse of type ¢ — Po’ representing an assertion of ¢. For any
input state s : o, assert(¢)(s) samples a proposition p together with an output state s’ from ¢
and simply updates the common ground of s’ with p; in particular, it gives back a new state s” just
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like ', except that the common ground of s” (CG(s”)) updates the common ground of s’ (CG(s'))
with p. Ultimately, assertions modify an ongoing discourse so that its probability distribution over
output states involves common grounds in which the proposition returned by ¢ has been observed
to hold true (see Grove & White 2024b for details).

2.3. ASKING A QUESTION. We follow a categorial tradition by analyzing questions as denoting—
given an index—sets of true short answer meanings (Hausser & Zaefferer 1978, Hausser 1983,
Xiang 2021; cf. Karttunen 1977, Groenendijk & Stokhof 1984). For simplicity (but not by ne-
cessity), we assume that all questions are degree questions: given index, they denote sets of de-
grees of type r (real numbers). Questions therefore have probabilistic dynamic meanings of type
o—=P((r—=1—1t)xda).

Asking a question is a matter of pushing a question meaning onto the QUD stack (Roberts
2012, Farkas & Bruce 2010). Reflecting this, there is a function ask with the following type:

ask: (0 =P((r—=1—=1t)x (o] xdx0h)) = a—=>Ploy x((r—=1—1t)x3d) xoy)

Given a probabilistic dynamic question meaning x and an input state s, ask(x)(s) samples a pair
of a question meaning ¢ : r — ¢ — t and a state s’ : 0] X § X o), from £(s) and then updates the
QUD stack of s’ (something of type §) by pushing ¢ onto it. Thus it returns a new output state of
type o) X ((r — ¢ —t) X §) X o5,.

2.4. RESPONDING TO A QUESTION. PDS also models responses to questions; at any point in
an ongoing discourse, one can respond to the QUD at the top of the current QUD stack based on
one’s prior knowledge. Concretely, a given responder has some background knowledge bg : Po
constituting a prior distribution over starting states. The responder uses this prior, in conjuction
with the interim updates to the discourse, to derive a probability distribution over answers to the
QUD. This answer distribution is gotten by retrieving the QUD of any given state s'—resulting in
a distribution over QUDs—and then taking the maximum degree of which it is true at an index
sampled from the common ground—resulting, finally, in a distribution over degrees.*

2.5. LINKING ASSUMPTIONS. In practice (e.g., in the setting of a formal experiment), an answer
needs to be given using a particular testing instrument. We assume that a given testing instrument
may be modeled by a family f of distributions representing the likelihood, which is then fixed
by a collection ® of nuisance parameters. Thus we may define a family of response functions,
parametric in the testing instrument (i.e., likelihood function), each of which takes a distribution
bg representing one’s background knowledge, along with an ongoing discourse m:

respond®”" 7 Pg — (6 — Po’) — Pp

For a fixed likelihood function fg mapping any given real number answer onto a distribution over
possible responses of type p (for some p), the response function takes a distribution representing
background knowledge and a discourse to produce a response distribution. It does this by compos-
ing the discourse with background knowledge, as above, and then obtaining the maximum degree
answer to the current QUD, before applying the likelihood function f4 to this degree.

4See Grove & White 2024b for details.
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The testing instrument employed in our experiments, for example, is a slider scale that records
responses on the unit interval [0, 1]. A suitable likelihood would therefore be a truncated normal
distribution: f(x,®) = N(z,0)T[0,1] (so that f = A and ® = o). This likelihood—which
Grove & White (2024a) also employ in their models of factivity—can be viewed as allowing some
distribution of response errors, given the intended target response (i.e., the answer to the question).

These are the ingredients we need to model the effects of the fine-grained semantics of the tar-
get and question prompt, given a particular inference task. We provide further details in Section 5.

3. Factive inferences. To investigate how natural language prompts modulate the distribution of
participants responses, we modify an experimental paradigm developed by Degen & Tonhauser
(2021, 2022), which they use to experimentally investigate the projective inferences triggered by
factive predicates—henceforth, factive inferences. We describe the paradigm (Section 3.1), then
discuss previous modeling of their data within PDS (Section 3.2). The paradigm forms the basis
for our experiments in Section 4; we build directly on our previous modeling in Section 5.

3.1. MEASURING FACTIVE INFERENCES. Degen & Tonhauser’s (2021) main aim is to character-
ize the influence of world knowledge on factive inferences. To achieve this, they measure factive
inferences in the presence of a background fact whose content they manipulate (their experiment
2b). For example, participants are given trials of the form in (2) and are asked to respond using a
slider scale, with no on one end and yes on the other.

(2) a. Fact (which Elizabeth knows): Zoe is a math major.
b. Elizabeth asks: “Does Tim know that Zoe calculated the tip?”
c. Is Elizabeth certain that Zoe calculated the tip?

They focus on the set of twenty clause-embedding predicates listed in (3).

(3) Twenty clause-embedding predicates (Degen & Tonhauser 2022, p. 559, ex. 13)
a. canonically factive: be annoyed, discover, know, reveal, see

b. non-factive
(1) non-veridical non-factive: pretend, say, suggest, think
(i1) veridical non-factive: be right, demonstrate

c. optionally factive: acknowledge, admit, announce, confess, confirm, establish, hear, in-
form, prove

Each embedded clause in their experiment is paired with one of two facts: either a fact intended
to make the clause likely to be true (as in the example above), or a fact intended to make the
clause unlikely to be true. To validate the use of these background facts for this purpose, Degen &
Tonhauser (2021) conduct a norming experiment, in which the prior certainties about the truth of
the complement clauses featured in their projection experiment are assessed independently, given

The grouping in (3) is due to Degen & Tonhauser 2022 and is based on the prior literature on factivity (Kiparsky &
Kiparsky 1970, Karttunen 1971, et seq.).
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the same background facts (their experiment 2a). Trials in this experiment ask participants to judge
how likely the relevant clause is to be true, given one of the two background facts constructed for
it. For example, participants are given trials of the form in (4) and are asked to respond using a
slider scale, with impossible on one end and definitely on the other.

(4) a. Fact: Zoe is a math major.

b. How likely is it that Zoe calculated the tip?

Degen & Tonhauser find that the by-item means for the forty pairs of complement clauses and
background facts, as assessed in their norming experiment, are a good predictor of the inference
ratings for items featuring the same complement clauses and facts which they obtain in their ex-
periment investigating projective inferences.

3.2. MODELING FACTIVE INFERENCES. Degen & Tonhauser (2022) and others (White & Rawl-
ins 2018) observe that measures of a predicate’s factivity derived from the sort of judgment data
Degen & Tonhauser (2021) collect display gradience when the data is aggregated.®

Using models developed in PDS, Grove & White (2024a) ask whether this apparent gradi-
ence arises due to metalinguistic uncertainty—uncertainty about whether a predicate is factive or
not—or occasional uncertainty—uncertainty inherently associated with predicate meanings.” Un-
der a metalinguistic uncertainty account, different predicates differ in the frequencies with which
they trigger factive inferences across uses. Under an occasional uncertainty account, predicates
would license inferences with varying degrees of certainty on particular uses, similar to the man-
ner in which a vague predicate, such as tall, can license uncertain inferences about the heights of
individuals of which it is predicated.

Grove & White fit four models to Degen & Tonhauser’s data, varying whether uncertainty
about either background world knowledge or factivity is encoded as metalinguistic or occasional.
We extend their models here by adding an explicit model of the semantics of the natural language
prompt. In Degen & Tonhauser’s (2021) original paradigm, this prompt is the one in (5).

(5) Is PERSON certain that CLAUSE?

Following Grove & White’s suggestion that no extant proposal posits that world knowledge should
display metalinguistic uncertainty—a suggestion consistent with their modeling results—we focus
specifically on two of their models: the discrete-factivity model (DF), which regards uncertainty
about factivity as metalinguistic and uncertainty about world knowledge as occasional, and the
wholly-gradient model (WG), which regards both kinds of uncertainty as occasional.

Grove & White find that DF performs the best in a model comparison pitting all four of their
models against each other, as assessed by expected log pointwise predictive densities (ELPDs).

®Degen & Tonhauser (2022) argue that this gradience is evidence that there is no distinct classes of factive predi-
cates. This argument is based on an apparent lack of clear clustering in the aggregate measures of different predicates’
ratings, as derived from inference judgment data collected using this and similar paradigms (White & Rawlins 2018,
Ross & Pavlick 2019). This lack of clear clustering, however, is likely a product of measurement noise: when such
noise is appropriately modeled, distinct classes of factive predicates reveal themselves (Kane, Gantt & White 2022).
’See Grove & White 2024a for the full formal details of their models.
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They argue that this finding lends support to a view of factivity whereon it is a fundamentally
discrete phenomenon, and they discuss how both conventionalist and conversationalist accounts
might approach this sort of discreteness.

4. Modifying the prompt. While Grove & White’s results are promising, they are consistent with
the possibility that the nature of Degen & Tonhauser’s prompt biased experimental participants to-
ward making discrete ‘yes’ or ‘no’ judgments, even while the contribution to inference judgments
made by factive predicates may be gradient. Because the prompt is a polar question, and yes and
no label the slider scale, participants may effectively treat their response as a binary forced choice
by providing an answer near yes if they are sufficiently certain about the relevant inference, and
an answer near no if they are not. If so, an a priori advantage is conferred on models regard-
ing the contribution to inference of factive predicates as discrete and, thus, models which regard
uncertainty about factive inferences as metalinguistic.

To assess the effect the prompt has on participants’ responses, we conduct two experiments
identical to Degen & Tonhauser’s, but which vary the prompt. In both, participants are provided
with a degree question, which is either about the speaker’s degree of certainty (6a) or the degree of
likelihood that the speaker is certain (6b).

(6) a. How certain is PERSON that CLAUSE?

b. How likely is it that PERSON is certain that CLAUSE?

The prompt in (6a) was paired with a slider labeled not at all certain on the left and completely
certain on the right, while the prompt in (6b) was paired with a slider labeled impossible and
definitely (following Degen & Tonhauser’s norming experiment).

The idea behind using the degree questions in (6), which involve the modal adjectives certain
and/or likely, is that insofar as factivity is fundamentally gradient in nature, such degree questions
should encourage participants to contact that fundamentally gradient representation, whatever it
may consist in. At the very least, they should not discourage participants from relying on such a
gradient representation (as a polar question might), and furthermore, they should not encourage
them to discretize it. In PDS, these degree questions can be seen as driving inferences based on the
gradience encoded in the common ground. If factivity is fundamentally gradient in nature, factive
predicates should contribute correspondingly gradient updates.

All aspects of the experimental materials and methods (besides the prompts) match Degen &
Tonhauser’s. We recruited 300 participants to give judgments for each prompt. Data from 15
participants was removed in the experiment employing (6a), and data from 7 participants was
removed in the experiment employing (6b); for both, we followed Degen & Tonhauser’s criteria.
Both groups of participants were recruited through Amazon Mechanical Turk and paid $2.

5. Modeling the prompt.

5.1. ADDING A PROMPT MODEL. We fit both the DF and WG models of Grove & White 2024a,
while manipulating the semantics of the question prompt for both.® Specifically, to model the

8We specifically use the variants of Grove & White’s models that employ a truncated normal likelihood and that
incorporate an anti-veridicality component. See their appendix for details.
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prompt in (6a), we assume that the degree introduced by certain ranges over degrees of confidence
rather than degrees of probability (see Klecha 2012, Goodman 2023), and thus that its scale is
truncated relative to that of likely. We refer to this model as the confidence scale model.

20
(A, d, 1. PO tennl6)) > g )

1—0certain (3)

(7) [certain] = Xs. f ~ |)\¢.pr ( i ~ CG(s) )

The type of the expressionin (7)iso — P(((¢ — t) — r — ¢ — t) X 0): it maps a proposition onto
a question meaning that returns T for threshold degrees less than or equal to a degree of confidence
obtained from the probability that the proposition is true in the common ground of the current state;
in particular, A is certain that S is true at a threshold d if the probability of S is greater than d added
to a fixed cutoff point determined by the current state, where this probability is further scaled by
the size of the interval determined by the cutoff point.

To model the prompt in (6b), we assign a semantics to /ikely according to which it introduces
a degree corresponding to a probability (as opposed to a degree of confidence; see (8)), and where
this degree is computed based on the corresponding semantics for certain. We refer to this model
as the probability of confidence scale model.

<)\¢, d,i.Pr ( ibg,)CG(s) ) > d,s>|

Note that to compute the meaning of likely [ certain S ], the degree threshold of certain needs to be
saturated, in order to obtain a proposition of type ¢« — ¢ which can be fed to likely. To accomplish
this, we effectively assume two things: (a) that this threshold is a metalinguistic parameter; and
(b) that the probability that the certainty about the prejacent S is greater than the threshold is deter-
mined by a distribution centered at the actual probability of S, which may vary by both participant
and prejacent. Thus we effectively attribute to each experimental participant uncertainty about the
epistemic state of the propositional attitude holder denoted by the relevant embedded subject; this
uncertainty, furthermore, is represented by a distribution centered at a value estimated about the
participant’s background world knowledge. In the end, we effectively attribute to the bare form of
certain the semantics of an (e.g., maximum standard) absolute gradable adjective.

Both models contrast with Grove & White’s original model, which encodes a meaning for the
prompt (5) according to which it asks for a value on a probability scale. We refer to this model as
the probability scale model.

(8) [likely] = As.

5.2. MODEL FITTING. We fit all models using Hamiltonian Monte Carlo sampling as imple-
mented in STAN—specifically, CmdSt anR (Gabry & Cesnovar 2023). Four chains were sampled
for each model to assess convergence, with at least 6,000 warmup samples and at least 6,000 sam-
ples kept per chain. All convergence diagnostics implemented in CmdStanR were conducted. In
cases where a model did not converge for reasons that can be solved by drawing more samples, the
number of samples was increased until convergence was reached. Even after substantial increases
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Experiment 1: 'how certain is X that p' Experiment 2: 'how likely is it that X is certain that p'
E 2100

2400 E E E
2000

1 E ® metalinguistic

D 2200 Gradience
W ® occasional
2000 I 1900
1800 I
Probability Confidence  Probability of confidence Probability Confidence  Probability of confidence
scale scale scale scale scale scale

Semantics of prompt

Figure 1: ELPDs for the models of the data collected using the prompts (6a) and (6b). We do not
show the probability of confidence scale models encoding gradience as occasional in nature, since
they do not converge. Error bars indicate standard errors of the ELPD, as well as of the pointwise
differences from the best-performing model in each facet.

in the number of samples, we were unable to fit to convergence the probability of confidence scale
models encoding gradience as occasional in nature. We do not show the results for this model here
for this reason.’

5.3. RESULTS. We follow Grove & White in reporting model comparisons using ELPD. Figure 1
shows the ELPD for the models of the data collected using the prompts (6a) and (6b). Error
bars indicate standard errors of the ELPD, as well as of the pointwise differences from the best-
performing model in each facet.

Recall that the DF models are those which regard factive inferences as giving rise to metalin-
guistic gradience, while the WG models are those regarding it as giving rise to occasional gradi-
ence. The y-axes of each plot provide the three variants of the semantics of the prompt discussed
above.

Across the board, the DF models continue to perform the best on both datasets. Meanwhile,
we find that confidence scale model performs the best on the dataset containing the prompt in (6a),
as expected, while the confidence scale and probability of confidence scale models perform about
equally on the dataset containing the prompt in (6b) and better than Grove & White’s original
prompt model (the probability scale model). This result might suggest that, while we may approx-
imate the denotation of likely well, the denotation we assign to certain is not quite correct, even
if it ends up providing the correct question meaning for the prompt in (6a). We take this result
to highlight the benefits of developing models in the PDS framework, since it makes it straight-
forward to quantitatively evaluate alternative denotations, including those not considered in prior
literature.

6. Conclusion. Our results suggest that, when analyzing data from an inference judgment task,
it can be important to incorporate into one’s data analysis regime an explicit representation of the

The fits we obtained show extremely poor performance on both datasets, though we cannot read too much into
this fact, given that these models did not converge.

Julian Grove and Aaron Steven White:
Modeling the prompt in inference judgment tasks. 184


https://journals.linguisticsociety.org/proceedings/index.php/ELM/issue/archive
https://www.elm-conference.net/

Proceedings of ELM 3: 176-187, 2025 | E LM

semantics of the natural language prompt used to guide participants on the task. They additionally
confirm (i) that the model comparisons obtained by Grove & White (2024a) do not reflect an a pri-
ori bias conferred on the discrete models by the experimental task, but rather these models’ abilities
to capture the distributions of degrees of certainty associated with the inferences generated by the
predicates and complement clauses tested; and (ii) that while prior work has potentially provided
a good approximation to the correct semantics for predicates like certain and likely, better ap-
proximations may potentially help in studying their semantic contributions to complex inferences
involving both.

Future research in this line will aim to leverage PDS to explore the space of possible deno-
tations for such predicates via explicit model comparison of the form we employ here. Beyond
improving our understanding of the semantics of predicates like likely, we believe that the ap-
proach we have taken here can help us to better understand the fine-grained semantics of attitude
predicates like certain, as well—a point supported by our success in modeling (6a). One clear
opportunity for improving the denotation of predicates like certain is to investigate whether or not
our current denotation takes the attitude holder’s epistemic state into account in the right way: here
we assume that the relevant contextual standard is fixed, while degrees of certainty vary according
to a distribution determined by a given participant’s background knowledge. Further investigating
how an attitude holder’s epistemic state should be incorporated into the semantics of certain is thus
a potentially interesting future direction that is imminently feasible within PDS.
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