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Abstract

Humans naturally interpret numbers non-literally, effortlessly
combining context, world knowledge, and speaker intent. We
investigate whether large language models (LLMs) interpret
numbers similarly, focusing on hyperbole and pragmatic halo
effects. Through systematic comparison with human data and
computational models of pragmatic reasoning, we find that
LLMs diverge from human interpretation in striking ways. By
decomposing pragmatic reasoning into testable components,
grounded in the Rational Speech Act framework, we pinpoint
where LLM processing diverges from human cognition — not
in prior knowledge, but in reasoning with it. This insight leads
us to develop a targeted solution — chain-of-thought prompt-
ing inspired by an RSA model makes LLMs’ interpretations
more human-like. Our work demonstrates how computational
cognitive models can both diagnose AI-human differences and
guide development of more human-like language understanding
capabilities.
Keywords: hyperbole; pragmatic halo; large language models;
pragmatics; Rational Speech Act

Introduction
A friend exclaims, “This coffee cost me a million dollars!” We
instantly understand the intended meaning: the coffee was sur-
prisingly expensive (but not a million dollars). Humans often
interpret words non-literally, effortlessly integrating context,
world knowledge, and speaker intent to grasp the meaning
behind expressions (Gibbs Jr & Colston, 2006). As large lan-
guage models (LLMs) become increasingly integrated into
our daily lives, three crucial questions emerge: 1) Do LLMs
understand literal and non-literal utterances as humans do?
2) Can we use computational models of human cognition to
systematically analyze how LLMs interpret non-literal utter-
ances? 3) Can we use cognitive models of human pragmatic
language understanding to guide LLMs to interpret meaning
in a more human-like way?

In this work, we address these questions by focusing on two
common phenomena in the interpretation of number words:
hyperbole, the deliberate use of extreme numerical exagger-
ation to convey emotion or emphasis (see Ex. (1-a)), and the
pragmatic halo effect, the tendency to interpret round numbers
imprecisely (Ex. (1-b)) and sharp numbers precisely (Ex. (1-c))
(Lasersohn, 1999; Krifka, 2007):

(1) Bob bought a kettle. Bob said:

† These authors contributed equally to this work.
⇤polina.tsvilodub@uni-tuebingen.de

a. ‘It cost $10000.’  Too expensive. (hyperbole)
b. ‘It cost $50.’  It cost around $50. (imprecise)
c. ‘It cost $48.’  It cost exactly $48. (exact)

Language models trained to auto-regressively predict the next
word and subsequently fine-tuned through human feedback
have produced impressive performance in many areas (Srivas-
tava et al., 2022, among many others). However, it remains
unclear to what extent such training leads to nuanced distinc-
tion of literal and non-literal language in LLMs. Recent work
has explored non-literal language interpretation in LLMs, from
metaphor comprehension (Tong et al., 2021; Liu et al., 2022;
Carenini et al., 2023; Prystawski et al., 2023) to pragmatic
inference (Jeretic et al., 2020; Jian & Siddharth, 2024; Ruis et
al., 2024). While benchmarking efforts have revealed persis-
tent gaps between human and model performance (Sravanthi
et al., 2024), we still lack a comprehensive understanding
of when and why language models fail at interpreting non-
literal language. Understanding these limitations is crucial
both for improving models and for insights into how meaning
is captured through large-scale language modeling.

To investigate whether LLMs interpret number words in a
human-like way, as in Example (1), we compare their inter-
pretations with human judgment data from Kao et al. (2014).
Specifically, we elicit LLMs’ likelihood estimates for different
prices given an uttered number, allowing us to compute the
probability of hyperbolic interpretation (i.e., interpreting the
price as lower than the stated amount).

The cognitive model of non-literal language interpretation
in Kao et al. (2014), suggests that human interpretation is
driven by prior knowledge interacting with inferences about
the goals of the speaker. We find an interesting disconnect —
while LLMs demonstrate human-like prior knowledge about
typical prices and what constitutes “expensive”, they tend
toward more literal interpretations of numerical expressions.
This suggests that despite having acquired accurate world
knowledge through training, LLMs may lack the pragmatic
reasoning mechanisms that humans use to bridge between
literal meanings and intended interpretations.

We then explore whether insights from cognitive science
toward more human-like interpretations of hyperbole and
pragmatic halo, comparing two approaches: cognitive model-
inspired chain-of-thought prompting and direct implementa-
tion of computational reasoning steps with an LLM. Through
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Experiment Prompt

1: Hyperbole & Halo In each scenario, two friends are talking about the price of an item. Please read the scenarios carefully and provide the probability
that the item has the described price. Provide the estimates on a continuous scale between 0 and 1, where 0 stands for ”impossible”
and 1 stands for ”extremely likely”. Daniel bought a new electric kettle. A friend asked him, “Was it expensive?” Daniel said, “It
cost $47.” Please provide the probability that the electric kettle costs $50.

2: Affective Subtext In each scenario, a person has just bought an item and is talking to a friend about the price. Please read the scenarios carefully and
provide the probability that the person thinks that the item is expensive. Provide the estimates on a continuous scale between 0 and
1, where 0 stands for ”impossible” and 1 stands for ”absolutely certain”. Daniel bought a new electric kettle. It cost $47. A friend
asked him, “Was it expensive?” Daniel said, “It cost $47.” Please provide the probability that Daniel thinks that the electric kettle

is expensive.
3a: Price Prior Each scenario is about the price of an item. Please read the scenarios carefully and provide the probability that someone buys the

item with the given price. Provide the estimates on a continuous scale between 0 and 1, where 0 stands for ”impossible” and 1
stands for ”extremely likely”. Daniel bought a new electric kettle. It cost $50. Please provide the probability that someone buys
the electric kettle with this price.

3b: Affect Prior In each scenario, someone has just bought an item. Please read the scenarios carefully and provide the probability that the buyer
thinks that the item is expensive. Provide the estimates on a continuous scale between 0 and 1, where 0 stands for ”impossible”
and 1 stands for ”absolutely certain”. Daniel bought a new electric kettle. It cost $50. Please provide the probability that the buyer
thinks that the electric kettle is expensive.

Table 1: Example prompts used in each experiment. The constant sentences were used as the system prompt. Italicized segments
varied in each trial.

both methods—providing explicit reasoning chains and imple-
menting Rational Speech Act framework (Goodman & Frank,
2016) computations—we demonstrate that LLMs can achieve
more human-like interpretations of non-literal language.

Pragmatic Number Interpretation in Humans
Our work builds on the computational cognitive model devel-
oped by Kao et al. (2014) in the Rational Speech Act (RSA)
framework, which explains human interpretation of hyper-
bolic numerical expressions in terms of reasoning about the
speaker’s communicative intent and prior world knowledge.
Specifically, the RSA framework models pragmatic communi-
cation as recursive rational reasoning between speakers and
listeners (Goodman & Frank, 2016; Degen, 2023). In the basic
RSA model, a pragmatic speaker S1 chooses utterances u to
inform a literal listener L0 of a meaning m, minimizing the
listener’s surprisal:

S1(u | m) =
exp(log(P(m | [[u]])�C(u)))

Âu0 exp(log(P(m | [[u0]])�C(u0)))

where C(u) is the cost of the utterance and [[u]] is the set of
meanings compatible with u. A pragmatic listener L1 then per-
forms Bayesian inference over possible meanings by reasoning
about this speaker:

L1(m | u) µ S1(u | m)P(m)

where P(m) is the prior probability of a meaning.
To model hyperbolic interpretations like in our coffee ex-

ample, Kao et al. (2014) extend this framework to capture
how a single utterance can convey multiple meanings. Their
extended model represents a multi-dimensional meaning space
where an utterance about price conveys both the actual price
state s (e.g., the literal cost of the coffee) and the speaker’s
affect a (e.g., that it was surprisingly expensive). The model
also incorporates different communicative goals g, allowing

the speaker to emphasize either or both of these dimensions:

S1(u | s,a,g) µ Â
s0,a0

dg(s,a)=g(s0,a0)P(s
0,a0 | [[u]]) · e�c(u)

The pragmatic listener then interprets the utterance through
joint inference over the speaker’s goal and intended meaning:

L1(s,a | u) µ Â
g

S1(u | s,a,g)PS(s)PA(a | s)PG(g)

where PS represents prior beliefs about prices (e.g., how much
coffee typically costs), PA captures the relationship between
prices and affect (e.g., when a coffee price would be consid-
ered exasperating), and PG represents the prior over differ-
ent communicative goals, assumed to be uniform. Kao et al.
(2014) showed that this model successfully captures how hu-
mans interpret both hyperbolic expressions and the pragmatic
differences between round and precise numbers, with model
predictions strongly correlating with human judgments.

To explore whether the RSA model can guide LLMs to-
ward more human-like interpretations, we develop a chain-
of-thought (CoT) prompt that explicitly walks through key
reasoning steps: considering possible speaker intentions, eval-
uating prior price expectations, and interpreting the utterance
accordingly. We demonstrate this reasoning process with an
example item (see supplementary) before eliciting the model’s
interpretation.

Experiments
We closely follow the procedure and the scenarios presented in
Kao et al. (2014), about three daily items: an electric kettle, a
watch, and a laptop. We study three LLMs in our experiments:
GPT-4o-mini, Claude-3.5-sonnet, and and Gemini-1.5-pro.
We sample responses from the LLMs with temperature t = 1
for n = 10 times for each query and average predictions across
runs.1

1All materials and data are available at
https://sites.google.com/view/pragmatic-lms/home.
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GPT-4o-mini Claude-3.5 Sonnet Gemini-1.5-pro

Prompt 0-shot 1-shot RSA CoT 0-shot 1-shot RSA CoT 0-shot 1-shot RSA CoT

R with humans 0.41 0.579 0.528 0.558 0.365 0.603

Table 2: Correlations between human data and LLM predictions of probabilities of all utterance-meaning ((s,u)) pairs. 0-shot
indicates correlations of human results with LLM results under 0-shot prompting, 1-shot RSA CoT indicates correlations of
human results with LLM results under one-shot RSA-based CoT prompting.

Figure 1: Probability of hyperbolic interpretation, i.e., u > s, averaged over sharp and round values of u.

Experiment 1: Hyperbole and Halo
In this experiment, we examine how LLMs interpret price-
related utterances, comparing their behavior to human pat-
terns. For hyperbole understanding, we expect LLMs to as-
sign lower probabilities to literal interpretations when they
are contextually implausible—for instance, the likelihood of a
literal $10,000 interpretation should be low when discussing
an electric kettle’s price. To assess pragmatic halo effects,
we compare interpretations of sharp versus round numbers,
hypothesizing that exact interpretations should be more prob-
able for precise utterances (e.g., “$51”) than for round ones
(e.g., “$50”). To quantify human-likeness, we correlate the
LLMs’ probability distributions over different price states s

given an utterance u with human judgments collected by Kao
et al. (2014), for both hyperbolic and halo effects.

Materials and Procedure. The prompts for all experiments
were kept as close as possible to original human experiments.
Following Kao et al. (2014), we used the following sets of
price states and utterances U = S = {50 + k, 500 + k, 1000 +
k, 5000 + k, 10000 + k}, with k 2 {0,1,2,3} to create exact
and round prices. The same procedure was applied to all three
items. For each utterance with u 2 U of the form “It cost
$u.”, the LLMs were prompted to predict the probability that
the item had each price s 2 S. The probabilities were then
renormalized over S for each u 2U .

First, we use a zero-shot prompt to generate probabilities
of possible price states, given the utterance; examples are
presented in Tab. 1 (1: Hyperbole & Halo). Second, we guide
the models using a one-shot chain-of-thought (CoT) prompt

(Nye et al., 2021; Wei et al., 2022). We construct this prompt
by translating the computational steps of the RSA model into

natural language reasoning for an example scenario (following
Prystawski et al., 2023). This RSA-inspired chain-of-thought
is appended to our original system prompt as shown in Tab. 1
(1), followed by the context and target task.2

Results. Results from our zero-shot evaluation reveal signif-
icant disparities between LLM and human interpretations of
price-related utterances, as shown in Tab. 2. When examining
correlations with human data, we find that LLMs generally
default to literal interpretations, with even the best-performing
model (Claude-3.5-sonnet) achieving only moderate correla-
tion. Different models exhibited distinct behavioral patterns:
GPT-4o-mini tended to assign inflated probabilities to individ-
ual utterance-meaning pairs, while Gemini-1.5-pro generally
exhibited a bimodal distribution of ratings at the ends of the
scale.3 For hyperbolic interpretation (Fig. 1), we analyzed the
probability of hyperbolic meaning by summing probabilities
of states where the utterance exceeds the true state (u > s), av-
eraging across both round and sharp values (e.g., $50 and $49).
Only Claude-3.5-sonnet demonstrated a consistent pattern of
increasing hyperbolic interpretation probability with higher
utterances, though this pattern matched human behavior most
closely in the electric kettle domain (cf. Fig. 1, left). Other
models consistently underestimated hyperbolic interpretations
compared to human benchmarks.

The halo effect analysis (Fig. 2) revealed an even more strik-
ing divergence from human behavior. We quantified halo bias
by calculating the difference between exact interpretation prob-
abilities (s = u) and fuzzy interpretation probabilities (s 6= u

2The full CoT prompt is in our supplementary materials.
30-shot distributional results are in the supplementary materials.
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Figure 2: Bias towards pragmatic halo interpretation, calculated by subtracting the probability of a fuzzy interpretation from the
probability of the exact interpretation.

and s 2 [u�3,u+3]). While humans showed a small prefer-
ence for exact interpretations with sharp numbers, LLMs dis-
played a large effect in the opposite direction, favoring exact
interpretations for round numbers. These findings demonstrate
that contemporary LLMs fail to capture human-like pragmatic
reasoning in hyperbole and halo interpretation.

RSA-like Chain-of-Thought. We explored if a one-shot
Chain of Thought (CoT) prompt, describing the computational
process of an RSA model would make LLM responses more
human-like. We found that the 1-shot RSA prompt improved
correlations between model predictions and human data for
GPT-4o-mini and Gemini-1.5-pro (Tab. 2, 1-shot RSA CoT).
Interestingly, additional ablation studies showed that prompts
explaining only a few components of the RSA model (e.g.,
mentioning only speaker goals or only price priors) achieved
comparable improvements (see supplementary material for de-
tails). These ablation results suggest that while RSA-inspired
prompting can improve LLM performance, the minimal com-
ponents sufficient for this improvement differ from the full
computational process required to explain human behavior.

Experiment 2: Affective Subtext

Next, we assess the inferred probability that a speaker thinks
an item is strikingly expensive (i.e., expressed affect), given
the description of the true price s and the speaker’s statement
u. If the LLMs interpret hyperbole as conveying affect, the
likelihood of affect will be higher for hyperbolic utterances
(i.e., u > s) than for literal utterances (i.e., u = s).

Materials and Procedure. We use the same procedure as in
Experiment 1 to retrieve the probability of affect, given a zero-

shot prompt as exemplified in Tab. 1 (2). We use the same sets
S and U as in Experiment 1. Following the original experiment,
we then round all the states, since we do not predict differences
in affect between round and sharp utterances, and calculate
the average probabilities of affect for literal utterances (where
s = u) and hyperbolic utterances (where u > s).

Results. Results are shown in Fig. 3. While humans in the
experiment from Kao et al. (2014) robustly inferred a dis-
tinction between literal and hyperbolic utterances, predicting
higher probability of affect given hyperbolic than literal utter-
ances (leftmost facets), LLMs did not. GPT-4o-mini overesti-
mated affect compared to humans, mostly collapsing across
literal and hyperbolic utterances. Gemini-1.5-pro treated lit-
eral and non-literal utterances more distinctly, but also over-
estimated affect. Claude was more conservative than humans
for hyperbolic utterances, but overestimated affect for literal
utterances, with an opposite pattern to humans.

Overall, LLMs did not capture human patterns well when
predicting affect probability, given the true price, s, and the
uttered price, u. This suggests that LLMs do not map between
utterances and affect in a human-like way. This failure may be
ancillary to the failure to capture hyperbolic interpretations or
may reflect further difficulties with affect (though see Gandhi
et al. (2024), where LLMs demonstrate some human-like af-
fective cognition in other contexts).

LLM GPT Claude Gemini

Price prior 0.889 0.93 0.92

Affect prior 0.95 0.973 0.779

Table 3: Correlations of human judgments and different LLM
predictions, for price and conditional affect prior probabilities
of different prices, across items. These priors were used to fit
the respective LM-RSA models in Experiment 3.

Experiment 3: Price and Affect Priors
Given that Experiments 1 and 2 revealed significant differences
between LLM and human behavior in processing hyperbole,
halo effects, and affective predictions, we designed Experi-
ment 3 to investigate a potential root cause: the accuracy of
LLMs’ prior knowledge about price distributions and price-
affect relationships. Previous work by Kao et al. (2014) has
demonstrated that these priors strongly influence human prag-
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Figure 3: Probability of speaker affect (y-axis), given a price s and an utterance u, predicted by LLMs with zero-shot prompting
(with t = 1) and by humans in Experiment 2 (columns), for different items (rows). Affect is rated by for literal utterances where
u = s and hyperbolic utterances where u > s.

matic inference. Our experiment focuses on two key aspects:
(1) the probability distributions that LLMs assign to different
price states for each item, and (2) their predictions of affective
responses conditional on item prices. By comparing these
model-generated priors against human benchmarks, we can
assess whether deficiencies in base knowledge might explain
the models’ poor performance in pragmatic reasoning tasks.

Strong correlations between LLM and human probability
estimates would suggest that pragmatic failures stem from rea-
soning mechanisms rather than knowledge gaps, while weak
correlations would point to fundamental limitations in the
models’ basic priors about price and affect. By fitting an RSA
model using LLM-generated priors, we can quantitatively as-
sess the models’ internal consistency—specifically, whether
their predictions align with their own stated priors. This anal-
ysis provides a systematic approach for isolating reasoning
deficiencies independent of the accuracy of the priors them-
selves. To enable even more precise analysis of the LLMs’
priors and reasoning, we additionally fit an RSA model incor-
porating both LLM-generated priors and conditional utterance
likelihoods. If both RSA models demonstrate strong alignment
with human data, the reasoning deficiency could be localized
specifically to the model’s ability to reason about a speaker’s
intentions.

Materials and Procedure. We use a fixed set of price states
S = {50 + k, 500 + k, 1000 + k, 5000 + k, 10000 + k},
where k was selected from the set {0, 1}. For price priors, we
retrieve LLM predictions with the zero-shot prompt asking
the LLM to assess the probability of each price s 2 S (Tab. 1
(3a)). We renormalize the predictions over all prices S for each
item. To retrieve priors over affect, we prompt the LLM zero-

shot to provide the probability that a person thinks an item is
expensive, given the price s 2 S of that item (Tab. 1 (3b)). We
treat the predictions for each price s as the probability of affect
P(a | s). To retrieve the conditional probabilities of different
utterances, we construct a prompt verbalizing the state and
different goals of the RSA speaker S1.4 Finally, to investigate
to which extent LLMs are consistent with their own priors, we
use the predicted LLM priors for parameterizing the PS and PA

in the RSA model. We call the resulting models LM-RSA and
implement them using a probabilistic programming language
WebPPL (Goodman & Stuhlmüller, 2014).

Results. We find that LLM-predicted priors show strong cor-
relation with human data (r > 0.7) across price distributions
and affect relationships (Tab. 3). This indicates that LLMs pos-
sess the prior knowledge that should, in principle, enable them
to perform human-like pragmatic inference for both hyperbole
and halo effects. We observed a systematic relationship be-
tween prior accuracy and zero-shot performance: models with
stronger correlations to human priors (progressing from Gem-
ini to Claude) demonstrated correspondingly better zero-shot
performance. However, this alignment in prior knowledge,
while necessary, proved insufficient to guarantee human-like
pragmatic reasoning under prompt-based evaluation.

Do deviations in interpretation nonetheless derive from the
small deviations in prior knowledge? We compared mod-
els’ zero-shot behavior against predictions from RSA models
fitted to each LLM’s own priors (Fig. 4, upper panel). The re-
sults exposed a fundamental inconsistency: LLMs’ zero-shot
predictions showed relatively weak correlations with their cor-

4Details can be found in the supplementary materials.
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Figure 4: Correlation of predicted probabilities of each pair of (u,s). The plots in the upper panel show predictions of the RSA
model with LLM priors (x-axis) against predictions of the same LLM under zero-shot prompting (y-axis). The plot in the lower
panel shows predictions of the RSA model with LLM priors (x-axis) against human results (y-axis).

responding RSA predictions, with even the best-performing
model (GPT-4o-mini) achieving only moderate correlation
(0.635). Yet, these same RSA models showed strong corre-
lations with human judgments (Fig. 4, lower panel) showing
that LLM priors are aligned with human priors for price and
affect (R > 0.9). The LM-RSA models which also included
LLM-generated utterance probabilities showed comparable
correlations with human judgments (R > 0.7).5 This sug-
gests that the challenge in achieving human-like pragmatic
reasoning lies not in the models’ priors, but in their ability to
systematically apply them during inference.

Discussion
We compared human interpretation data for numerical utter-
ances to LLMs’ interpretations, finding substantial differences.
This manifests in LLMs’ tendency toward literal interpreta-
tions, reversed halo effects (preferring exact interpretations
for round rather than sharp numbers; Exp. 1), and inconsistent
affect attribution between literal and hyperbolic utterances
(Exp. 2), despite human-like prior representations (Exp. 3).
These findings point to a disconnect in LLM pragmatic rea-
soning — despite possessing accurate prior knowledge about
prices, affect and utterance probabilities — and despite this
knowledge being structured in a way that could support human-
like inference when processed through an RSA framework —
LLMs fail to consistently leverage this information when di-
rectly prompted to make pragmatic interpretations.

Our findings highlight an important methodological contri-
bution for understanding LLM behaviors: by systematically
decomposing pragmatic reasoning into testable components
(priors, affect mappings, utterance likelihoods, and interpreta-
tions), we can precisely locate differences between human and

5Full results are provided in the supplement.

AI reasoning. This approach extends beyond traditional behav-
ioral comparisons, allowing us to identify whether differences
stem from knowledge gaps or reasoning mechanisms. Such
detailed cognitive modeling approaches may prove valuable
for understanding other aspects of LLM behavior, particularly
in cases where surface-level performance masks deeper pro-
cessing differences from human cognition. Importantly, our
results demonstrate that cognitively-inspired chain-of-thought
prompting can help bridge this gap between knowledge and
application. We achieved improved correlations with human
judgments by decomposing the RSA model’s computational
steps into natural language reasoning chains. This success sug-
gests that while LLMs may not naturally develop human-like
pragmatic reasoning through training alone, they can success-
fully implement such reasoning when given appropriate com-
putational frameworks that mirror human cognitive processes.

Future research could address important follow-up ques-
tions. For instance, frequency effects of different non-literal
expressions (cf. McCoy et al., 2024) or potential training mod-
ifications to help LLMs better integrate their prior knowledge
and context when interpreting hyperbole could be analyzed.
Identifying factors that influence how LLMs apply this knowl-
edge in context is also an open question. Our supplementary
materials report exploratory analyses that begin to probe these
questions through variations in prompting of the models.

Ultimately, our work demonstrates that evaluating LLMs
through the lens of cognitive modeling provides a nuanced
understanding of how these models deviate from human under-
standing. By integrating LLMs with cognitive models of prag-
matic language use, we can both critically assess the models’
internal consistency and provide a framework for improving
their performance in interpreting non-literal language.
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