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Abstract

Human communication is often implicit, con-
veying tone, identity, and intent beyond literal
meanings. While large language models have
achieved strong performance on explicit tasks
such as summarization and reasoning, their ca-
pacity for expressivity, or implicit communica-
tion, remains underexplored. We introduce Ex-
pressivityBench, a framework for evaluating
the expressivity of LLMs using information-
theoretic communication models. Our ap-
proach quantifies how well LLM-generated
text communicates target properties without
explicit mention, across nine tasks spanning
emotion, identity, and tone. To enable scal-
able and reproducible evaluation, we employ
LLM-based graders validated against human
judgments. Our results reveal that while mod-
els are adept at expressing affective content,
they struggle with sociolinguistic signals, lag-
ging behind human baselines. This study pro-
vides a necessary step to evaluate human-like
implicit communication, with implications for
applications such as education, mental health
support, and socially-aware dialogue systems.
We provide code and data for our benchmark
alongside our paper.

1 Introduction

Much of human communication is implicit. The
phrasing and tone of a message can convey a num-
ber of topics beyond its literal meaning: shaping
tone, signaling social identity, or subtly guiding in-
terpretation (Knepper et al., 2017). When a doctor
tells a patient, “You should make some lifestyle
changes,” versus, “There are some adjustments that
could really benefit your health,” the explicit mes-
sage remains the same, but the implied tone and
emotional impact differ. This ability to communi-
cate implicitly is a core aspect of natural language

*This work was completed prior to affiliation with Ama-
zon.

use, yet it remains underexplored in Large Lan-
guage Models (LLMs).

LLMs (OpenAI, 2023; Touvron et al., 2023)
have transformed fields reliant on human commu-
nication, including education (OpenAI, 2023), cus-
tomer support (Radford et al., 2019), legal services
(Chern et al., 2024), and healthcare (Bubeck et al.,
2023). Chatbots in these fields interact with hu-
mans in potentially sensitive and stressful situa-
tions, demanding user trust, which is most freely
given if the LLM behaves in a human-like way
(Huang et al., 2024; Ding et al., 2025). As models
grow in size and capability, their performance is
typically evaluated on explicit tasks like transla-
tion, summarization, and question-answering (De-
vlin et al., 2018; Brown et al., 2020), or on basic
linguistic competence or reasoning tasks (Davies
et al., 2023; Ziyu et al., 2023; Hao et al., 2024).
However, true human-like communication requires
more than factual accuracy—it requires expres-
sivity, the ability to convey implicit information
(Apresyan, 2018).

Expressivity influences not only tone but also
social meaning. A model’s word choice (e.g. for-
mal, colloquial, or slang) can implicitly commu-
nicate a speaker’s regional background, educa-
tion level, or identity (Green, 2016). Recogniz-
ing this, developers have begun incorporating con-
trols for persona-based expressivity; OpenAI, for
example, introduced a feature into its ChatGPT
models in Janurary 2025 allowing users to adjust
“personalities” with settings like “chatty” or “Gen-
Z” (Ferguson, 2025). Despite these advances, ex-
pressivity remains poorly understood in LLMs, in
particular whether models can accurately convey
these implicit tones and signals. Studying how
models communicate implicitly is critical for im-
proving their ability to generate “human-like” re-
sponses—enhancing trust, usability, and alignment
with human expectations (Huang et al., 2024).

This study aims to quantitatively measure the ex-
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Figure 1: ExpressivityBench tests LLMs on their ability to implicitly express information using an information
theoretic channel method, measuring a generator’s ability to faithfully convey implicit signal to a grader.

pressivity of state-of-the-art LLMs. To this end, we
focus on the following research question: How ex-
pressive are LLMs when compared to humans?

In order to answer this question, we present Ex-
pressivityBench, a framework to evaluate expres-
sivity in LLMs. We use information theoretic com-
munication models to measure quantitatively the
level of expressivity in LLM generated text. Our
method employs a grader to evaluate (Benedetto
et al., 2013) outputs generated by target LLMs on
nine tasks. For reproducibility and scalability (Lee
et al., 2023; Bai et al., 2024; Chern et al., 2024), we
use LLMs as evaluators to determine how strongly
implicit signals are expressed. We perform our task
and grader selection through a human study and
establish human-written text as a baseline, in order
to understand how LLMs compare to humans. We
find that LLMs perform strongly on commonplace
expressivity tasks like emotional text generation,
but perform much poorer on more complex identity
or sociolinguistic-related tasks.

2 Related Work

2.1 Defining Expressivity

In this section, we explore the literature for defi-
nitions of expressivity related to natural language
processing in order to formalize our own definition
of expressivity. Study of expressivity in NLP is
typically limited to emotions, as studied in affec-
tive computing devices (Pyreddy and Zaman, 2025;
Hu et al., 2024). This includes recognizing and
emulating emotions from written language (Plaza-
del Arco et al., 2024). However, this limited focus
does not capture other aspects that we use in our
day-to-day communication, such as tone, metaphor,
stylistic variation, and implicit social cues. We
build a definition inclusive of this variation.

Thus, we adapt a definition from linguistics,

to term “expressivity” as the state of commu-
nicating information implicitly: showing, not
telling (Sanders; and Taniguchi, 2022). To fur-
ther clarify, Yus distinguishes implicit from ex-
plicit communication by noting that implicit mean-
ing must be inferred using context and pragmatics,
whereas explicit meaning is directly represented
in semantics (Yus, 1999). For example, “cheap”
and “affordable” share a literal meaning but differ
in connotation, while “greetings” conveys more
formality than “hello.” Since LLMs may struggle
with contextual interpretation, studying expressiv-
ity helps reveal their linguistic limitations (Zhu
et al., 2024). Other factors are often implicitly in-
ferred as they are read, including sociolinguistic
traits (Stecker, 2001). A writer’s intended audi-
ence is often implicitly communicated as well, for
instance one would speak differently to children
rather than to adults (Gutt, 1996). From the litera-
ture, we note four broad categories of expressivity:
communicating the speaker’s intention (e.g. in-
tended genre), speaker’s audience (e.g. level of
formality), speaker’s identity (e.g. age and gender)
and speaker’s current state (e.g. current emotion)
(Deckert and Kosecki, 2023; Choi et al., 2020).

2.2 Evaluating Large Language Models

Existing benchmarks for LLMs evaluate their per-
formance across diverse tasks, including mathemat-
ics (Collins et al., 2023), logical reasoning (Parmar
et al., 2024), and education (Dai et al., 2023). These
benchmarks typically rely on either automated eval-
uation using external LLMs (Lin and Chen, 2023;
Verga et al., 2024) or human feedback, as seen in
Chatbot Arena (Chiang et al., 2024). Automated
evaluation has gained traction due to its scalability
and efficiency (Chang et al., 2024), and AI feed-
back has been proposed as a scalable alternative
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to RLHF (Tunstall et al., 2023; Lee et al., 2023).
While automated evaluation can induce biases, it
also improves reproducibility (Sharma et al., 2024).
In order to mitigate weaknesses of automated eval-
uation, Laskar et al. (2024) recommends reporting
detailed model versions, validating grader models
on gold labels, and sharing evaluation data, which
we practice for this study.

Evaluating language models’ understanding of
pragmatic communication and non-literal language
remains challenging. Studies on figurative lan-
guage comprehension have explored scene mod-
eling for interpreting metaphors and idioms, and
related tasks like dereferencing metonomies (Gu
et al., 2022; Chakrabarty et al., 2022; Sravanthi
et al., 2024). Benchmarks such as SocKET as-
sess social communication aspects like humor and
sarcasm (Choi et al., 2023), while DailyDialog
evaluates conversational abilities (Li et al., 2017).
Research has highlighted difficulties in teaching
models empathy due to data limitations (Rashkin
et al., 2019) and their tendency to favor literal
interpretations over pragmatic understanding (Hu
et al., 2023). However, most pragmatics-oriented
benchmarks are largely discriminative, focusing
on LLMs’ ability to discern pragmatic information
(Ma et al., 2025).

2.3 Constrained Generation Tasks

Constrained generation tasks assess models’ abil-
ity to produce text which satisfies natural-language
conditions, for example generating text which must
implicitly communicate a signal. Recent work has
introduced modular frameworks like COLLIE (Yao
et al., 2023) to define compositional constraints
across multiple linguistic levels, enabling more in-
terpretable and flexible experimentation. Neverthe-
less, integrating complex constraints into LLMs
remains a substantial challenge. Several studies
highlight limitations in the ability of autoregressive
models to maintain multiple constraints over longer
generations (Chen and Wan, 2024; Garbacea and
Mei, 2025), and the difficulty of balancing fluency
and constraint satisfaction (Liu et al., 2024). These
challenges are especially salient in expressive gen-
eration tasks, where models must not only satisfy
abstract stylistic or sociolinguistic constraints but
do so in a manner that appears natural and contex-
tually appropriate to human readers.

3 ExpressivityBench

3.1 Overview

We take an information-theoretic approach to un-
derstanding expressivity, adopting a method de-
rived from the “encoder-channel-decoder” model.
Classically, these setups involve an “encoder”
mechanism that communicates a signal through
a channel, which must then be received and in-
terpreted by a “decoder.” The channel’s capacity
to communicate information can be derived from
the similarity of the final transcribed message to
its original signal. We adapt this to measure how
well a model can communicate an implicit signal
in a piece of natural language text. Formally, the
goal of an expressivity experiment is to measure
whether a generator, fgen(·) can produce a piece
of text in the domain d, implicitly containing a sig-
nal s strongly enough that it can be discerned by a
grader fgrade(·) from a set of other signals S.

To start, our benchmark has a domain d, which is
a string representing the type of text that the model
must generate (e.g. “song,” or “recipe”) and a sig-
nal category S, a set which contains all possible
signals which might be communicated in the exper-
iment. A particular signal s ∈ S is selected, and
the generator fgen(·) is used to generate text with
the following prompt W :

“Write a ⟨d⟩ which conveys ⟨s⟩. Do not ex-
plicitly mention ⟨s⟩ in your response. Do
not convey any of the following signals:
⟨S \ s⟩”

The result, X = fgen(W ), is the text that must
be evaluated by the grader. To avoid unintention-
ally leaking s in the response, if X contains the
signal s, then the response is regenerated. The
blind grader, fgrade(·) is then prompted to select,
of all the signals in S, which one is present in X ,
using the following prompt:

“Which of the following is conveyed in the
text: ⟨S⟩? Here is the text: ⟨X⟩ Now re-
spond ONLY with one of the terms from
this list (do not say none) and answer with
no preamble: ⟨S⟩?”

Its selection is the estimated signal ŝ. We re-

4502



peat these experiments for a fixed number of times
over all signals in S in order to create an induced
probability distribution p(s|ŝ), i.e., the probabil-
ity that, given the grader guessed some estimated
signal ŝ, the intended signal was actually s. In
order to measure how expressive the generator
fgen(·) is, we take the mutual information over
this distribution I(s; ŝ) (A worked example of mu-
tual information is in Appendix 9.4). This repre-
sents the number of bits of information that the
signal s communicates towards the grader’s guess,
or equivalently, the number of bits of information
that the grader’s guess tells us about which signal
was originally communicated. A high mutual infor-
mation score indicates that the generator can com-
municate implicit signals with strong fidelity. We
also compute the normalized mutual information,
N = I(s; ŝ)/H(s), where H(s) is the entropy
of the ground truth labels. This normalized value
represents the proportion of the total possible infor-
mation that is actually attributable to the signal. A
score of 1 would indicate perfect communication
fidelity, while a score of 0 would indicate no signal
transfer.

3.2 Human Study

In order to extend this experiment structure into
a benchmark, we needed to select a set of tasks
and a grader to evaluate with. In the interest of
modeling human expressivity as closely as possi-
ble, we rooted these decisions in a human study
that evaluated the ability of humans to recognize
expressivity in a variety of tasks. This serves two
purposes: understanding which types of expressive
signals can be discerned by real humans, and un-
derstanding how closely various automated graders
match real human graders’ decisions.

To select an initial list of tasks for this human
study, we sought out datasets of text annotated with
signals. The criteria for inclusion were:

1. Text in the dataset had to be written by humans

2. The signal annotation had to be performed by
humans

3. The type of signal used had to correspond to
some dimension of expressivity: i.e., convey
implicit information about the speakers’ inten-
tion, audience, background or state. Many
datasets fell under multiple of these cate-
gories.

We selected 10 datasets covering a diverse range
of text domains and types of expressivity. Addition-
ally, we were strongly motivated to include fiction
genre as an expressivity category due to its preva-
lence in creative generation (Li et al., 2025), but
we were unable to find a dataset that matched our
criteria, so we collected one from the Goodreads
website. Details about this dataset collection can
be found in Appendix 9.2.

In the interest of keeping our tasks tractable
and ensuring high automated grader quality, we
limited the number of signals in each task. For
tasks that had large numbers of signals annotated
in the dataset (hobby, profession, genre, emotions,
and tones), we used an algorithm described in Ap-
pendix 1 to extract a set of maximally distinct
labels. For instance, the original Tone Analysis
dataset had over 20 labels; we extracted 4. Some
datasets had well over 5,000 entries (register, tones,
skill level, political slant, age, and gender), so these
had random samples of 500 texts taken.

For emotion, we drew from the PERC dataset,
which contains poems labeled with one of seven
emotions. There are many datasets of emotion-
tagged text, but we chose this poetry-based one
because poetry is typically thought of as a very
expressive domain, and because it would add more
diversity to the domains used in the benchmark
(Sreeja and Mahalakshmi, 2019). The register
task was constructed using a 500-sample subset
of text messages from the Pavlick Formality Scores
dataset, which contains messages annotated as “for-
mal” or “casual” (Pavlick and Tetreault, 2016). For-
mality is particularly useful for analyzing stylistic
nuance (Yus, 1999). For genre, we identified five
literary categories from Goodreads, leveraging a
random sample of 300 short story excerpts to as-
sess narrative inference (see Appendix 9.2). To
examine expressivity with respect to intended au-
dience, we included an MPAA category task us-
ing 500 excerpts from the CLEAR Corpus, which
consists of short stories and narrative texts written
for U.S. schoolchildren of various ages (Crossley
et al., 2021). Each excerpt is labeled with a rat-
ing analogous to the Motion Picture Association
of America (MPAA) system: G (appropriate gen-
eral audiences), PG (parental guidance suggested),
or PG-13 (some material may be inappropriate for
children under 13). For tone, we utilized 554 lines
of dialogue labeled with pragmatic attitudes like
cautionary, witty, or apologetic, sourced from the
Tone Analysis dataset (Atif, 2023). In contrast to
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Table 1: List of tasks used in the human study

Signal category Signals Text domain # Samples Source

emotion sad, love, peace, joy, courage, surprise,
hate

poem 450 [56]

register formal, casual text message 500 [46]
genre science fiction, thriller, romance, humor,

fantasy
short story
excerpt

300 Goodreads

MPAA rating PG, G, PG-13 short story
excerpt

500 [16]

tone cautionary, witty, apathetic, apologetic line of dia-
logue

554 [3]

skill level high writing quality, low writing quality argumentative
essay

500 [17]

political slant left, center, right news head-
line

500 [30]

age author under 20 years old, author be-
tween 20 and 30 years old, author above
30 years old

blog post 500 [53]

gender author is male, author is female blog post 500 [53]
hobby (not used in
benchmark)

author likes to cook, author likes to vol-
unteer, author likes to hike, author likes
to travel

line of dia-
logue

505 [64]

profession (not
used in benchmark)

author is an engineer, author is a man-
ager, author is a lawyer, author is a mu-
sician

line of dia-
logue

504 [64]

emotions, tone is a more intentional reflection of an
author’s attitude towards a subject (Greene, 2023).
The skill level task was framed around writing qual-
ity, with samples from argumentative essays in the
ASAP-2.0 dataset which were labeled according to
grades received in an essay competition (Crossley
et al.). In the original dataset, essays were scored
from 1-6. We assigned natural-language labels
“low quality writing” to essays with a score ≤ 2
and “high quality writing” to essays with a score ≥
4. Essays with a score of 3 exactly were discarded.
This categorization scheme corresponds as closely
as possible with the top third and bottom third of
essays. Political slant was assessed on 500 news
headlines from the QBias dataset, which were la-
beled as leaning left, center, or right (Haak and
Schaer, 2023). Our final four categories focus on
testing the ability of models to infer personal infor-
mation embedded in narrative voice. For age and
gender, we used 500 blog posts each from the Blog
Authorship Corpus, labeled according to three age
brackets (under 20, 20–30, over 30) and binary
gender (male, female), respectively (Schler et al.,
2006). While many text datasets are annotated by

gender and age, we chose this blogging-based cor-
pus because blogging is a more personal medium,
and therefore personal traits may be better reflected
by it. Finally, we used the PersonaChat dataset
for two classification tasks; this dataset consists
of human-human conversations tagged by details
of each interlocutor’s persona. From these we cre-
ated a hobby task, based on speakers’ preferences
like cooking or traveling, and profession such as
engineer or musician (Zhang et al., 2018). Across
all categories, we filtered out samples which con-
tained the name of the signal in the text, matching
the regeneration criteria for automated generation.
A summary of the tasks can be found in Table 1.
We provide all the human text samples as part of
our benchmark along with our paper.

For our human study, each participant was pre-
sented with two random text samples from each of
the 11 datasets. The questions in the study were
resampled from a question pool of 50 per task so
that each question would have the opportunity to
be graded multiple times by multiple graders. The
graders were asked to select, from each of the pos-
sible signals for that task, which one was conveyed
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in the sample. We presented our study to students
at Arizona State University. All participants were
fluent English speakers. 70% were in STEM pro-
grams, 8% were in humanities programs, and 22%
were in business or finance programs. 62% were
undergraduates, 16% were in Master’s programs,
and 22% were in PhD programs. We did not collect
any other demographic information on participants.
We collected 814 graded questions, 74 grades for
each task. Among questions that had responses
from three or more graders, our Fleiss’s Kappa
score was 0.85, indicating very strong agreement.

3.3 Task Selection

To identify tasks where expressivity could actually
be perceived, we computed the normalized mutual
information scores N = I(ŝ; s)/H(s) between
the grader’s guesses and the ground truth signals.
We rejected tasks where N was below 0.1. This
eliminated two tasks: profession and hobby. Our
complete results for this task can be seen in Table
2. Of the tasks that ultimately made it through this
selection process, none had an N score below 0.15.

Table 2: Entropy scores for human graders across all
tasks

Task I(s; ŝ) (b) H(s) (b) N

tone 1.92 1.99 0.97
skill level 0.72 1.00 0.72
genre 0.78 2.32 0.34
age 0.43 1.42 0.30
register 0.26 1.00 0.26
emotion 0.66 2.78 0.24
MPAA rating 0.23 1.21 0.19
gender 0.15 0.78 0.19
political slant 0.22 1.49 0.15
hobby 0.05 1.63 0.03
profession 0.04 1.44 0.03

3.4 Grader Selection

We also used the results of our human study to
identify which model would best serve as an auto-
mated grader. Our goal was to find a model which
would behave in the most “human-like” manner;
the one that would give the same response as a
human most often. We selected graders this way
rather than selecting the one that inferred the cor-
rect signal most often in order to capture a more
human-centric picture of expressivity; a grader that

is more sensitive than a human at identifying ex-
pressive signals would give more forgiving scores
to less-expressive models. This selection method
also negates the possibility that models would be
sensitive to signals in qualitatively different ways.

In order to measure each model’s “accuracy”
compared to human graders, we set ground truth
labels for each of the unique texts that received a re-
sponse in our human study. For texts that received
more than one response, we accepted only the most-
frequently answered one as correct. In the case of
a tie, we accepted any of the tied signals as correct.
We then applied 5 models in a grader setup to return
their inferred signals. The 5 models were: GPT-4.1-
2025-04-14, GPT-4o-2024-11-20, LLaMA 3.1-8b,
Mistral v0.3-7b and Gemma 3-12b, hereafter re-
ferred to simply as GPT-4.1, GPT-4o, LLaMA 3.1,
Mistral and Gemma 3. Models’ responses were
assigned a similarity score: the proportion of re-
sponses that matched the “correct” human label(s).
Full similarity scores are reported in Table 3. Given
that GPT-4o achieved the highest performance, we
selected it as our grader.

Table 3: Similarities of models tested to human answers

Model Similarity

GPT-4.1 0.87
GPT-4o 0.92
LLaMA 3.1 0.72
Mistral 0.79
Gemma 3 0.85

4 Evaluation Results

Table 4: Baseline N scores for human-written text used
for normalization

Task N Score

MPAA rating 0.15
age 0.30
emotions 0.23
gender 0.18
genre 0.29
political_slant 0.15
register 0.24
skill 0.62
tones 0.94

We evaluated 7 models using ExpressivityBench.
These were LLaMA 3.1, GPT-4.1, GPT-4o, Mis-
tral, and Gemma 3, as well as LLaMA 2-7b and
Gemma 2-9b, hereafter referred to as LLaMA 2
and Gemma 2. We computed two scores per task
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Table 5: Expressivity scores for each model tested across all tasks. Scores which indicate performance at or above
human level have been set in bold. See Table 6 for bootstrap sampling.

Model
Expressivity Score

MPAA rating age emotions gender genre political slant register skill tones

Gemma 2 0.88 0.73 2.94 0.08 1.83 0.14 0.00 0.38 1.01
Gemma 3 0.92 0.96 2.91 0.14 1.89 0.14 0.78 0.36 1.04
LLaMA 2 1.48 0.83 2.18 0.37 2.29 0.49 0.83 0.03 0.84
LLaMA 3.1 2.28 0.57 2.50 0.54 2.43 0.31 1.05 0.16 0.99
GPT-4.1 2.47 0.64 2.55 0.56 2.27 0.56 1.00 0.64 1.00
GPT-4o 2.29 0.65 3.32 1.34 3.22 0.92 0.82 0.05 1.06
Mistral 3.67 1.06 3.00 1.21 2.87 0.38 0.47 0.00 0.97

per model: one raw mutual information score, and
one human-normalized score. Each model was
used to generate 50 samples per label per task for
evaluation; this was 1550 samples in all. To com-
pute a score normalized to human performance, we
passed our human-written text through our bench-
mark to compute mutual entropy scores. Note that
these differ from the scores computed in Table 2,
as those scores were given by human graders. For
consistency, we computed human baseline scores
using the GPT-4o automated grader. The normal-
ized N scores for human-written text on each task
can be seen in Table 4. Models’ mutual information
scores were then divided by these human scores to
get a baseline normalized for human performance.
We dubbed these final values “expressivity scores.”
A value of 1 indicates a performance on par with
human expressivity in a given task; higher values
indicate more expressivity. The complete results,
in expressivity score, for each model can be seen
in Table 5. The unnormalized mutual information
scores can be seen in Figure 2.

5 Discussion

Our evaluation using ExpressivityBench reveals
that modern language models have mixed capabili-
ties in generating stylistically expressive language,
completely failing some tasks while outperforming
human-written text in others. Specifically, tasks
like MPAA rating and genre identification saw mul-
tiple models achieve scores exceeding human base-
lines by large margins. However, this trend does
not generalize: in tasks rooted in identity expres-
sion, such as political slant, age, gender, and skill,
most models performed significantly below human
levels. No model consistently excelled across both
stylistic and sociolinguistic dimensions.

Interestingly, two of the easiest tasks for mod-

els, MPAA ratings and genre, were both related
to narrative structures. Tasks centered on stylistic
genre mimicry leverage overt linguistic cues and
benefit from extensive training data. These tasks
often involve clear markers like specific vocabu-
lary and sentence structures, enabling models to
excel by amplifying these features [Example 1]
(Cuevas-Alonso and Míguez-Álvarez, 2021). Tone
and emotion are often communicated through simi-
lar syntax- or lexicon-level stylistic markers, per-
haps explaining LLM overperformance in these
domains as well (Orekhova et al., 2022). For in-
stance, instruction-tuned models have been shown
to overuse certain stylistic elements, leading to out-
puts that are more formulaic and less nuanced than
human-authored texts (Reinhart et al., 2025).

In contrast, tasks that require understanding and
conveying implied identity (e.g. political slant, skill
level, gender, age) demand a deeper grasp of social
context, cultural nuances, and interpersonal dynam-
ics (Andersen, 2001). Current LLMs often struggle
with these tasks, as they lack the social awareness
and contextual grounding that humans naturally
possess (Yang et al., 2025). These results show
that most LLMs are capable of surface-level ex-
pressivity, conveying emotions or tones quite well,
but will falter when given more persona-oriented
generation tasks, where an LLM must more fully
emulate a human [Example 2].

Among the models tested, Mistral and GPT-4o
stand out for their expressivity, especially in narra-
tive and emotional dimensions. They are the only
two models to score above human performance in
five different tasks. However, their performance
collapses on more subtle pragmatic tasks such as
register and skill, where Mistral’s score in partic-
ular falls to 0.00. Mistral and GPT-4o are among
the worst in these tasks, suggesting that high per-
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Figure 2: Raw mutual information scores I(ŝ; s) for each model across different ExpressivityBench tasks.
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formance in very broad kinds of signals, such as
emotion and tone, may come at a cost of expres-
sivity in these more nuanced tasks. Indeed, the
three highest-performing models on the register
task (LLaMA 2, LLaMA 3.1, and GPT-4.1) are
also the three lowest-performing models on the
emotions task. Gemma 2 and 3 are among the least
expressive models across most dimensions, with
particularly low scores in gender and political slant.

One surprising outcome is that on some tasks,
models may be vastly more expressive than hu-
mans. For example, in the emotion task, GPT-4o
and Mistral achieved scores over triple the human
baseline. Yet at that level, it is unclear whether
overuse of emotional keywords may indeed make
a text less humanesque and natural [Example 3].
Particularly given that models which perform ex-
cessively high on the emotions task seem to have
poorer performance on others, like register and
skill level, it may be that extremely high perfor-
mance on any given task is undesirable. Future
research could integrate human evaluation of LLM-
generated text to explore whether there is a region
of hyper-expressivity above which text no longer
feels natural to readers.

6 Conclusion

This study introduces ExpressivityBench, a com-
prehensive benchmark designed to evaluate lan-
guage models’ ability to generate expressive,
human-like text across multiple dimensions. Our
evaluation spanned nine diverse tasks, assessing
models on attributes ranging from emotion and
tone to age, gender, and political slant. We tested
a range of state-of-the-art models, including GPT-
4.1, Mistral, LLaMA 3.1. Each task was paired
with a human-authored control, allowing for direct
comparisons between model output and natural lan-
guage usage. Results show that while LLMs are
capable of high performance in certain expressive
tasks, their strengths are uneven and deeply task-
dependent.

Models generally excelled in tasks related to
emotion and narrative style, where surface-level
cues and abundant training data provide strong sig-
nals. In these domains, models such as GPT-4o and
Mistral even surpassed human-written baselines.
However, the same models performed significantly
worse on tasks requiring a nuanced grasp of im-
plied identity, such as political slant, skill level,
and register. These findings support a key insight:
expressivity alone is not sufficient for human-like
communication. While models can mimic overt

4507



stylistic traits, they struggle to balance expressiv-
ity with contextual appropriateness, which is es-
sential for conveying identity and social meaning.
Furthermore, our findings raise the possibility of
“hyper-expressivity,” where excessive signaling of
attributes like emotion leads to outputs that read as
unnatural or inauthentic. As models become more
expressive, future research must extend this work
to understand how human readers react to this level
of expressivity.

7 Limitations

While our study offers a new framework for evaluat-
ing implicit communication in LLMs, we recognize
several limitations and provide responses below.

Using LLMs to evaluate other LLMs raises valid
concerns about evaluation bias and circularity. To
address this, we validate our graders against hu-
man annotations collected through a controlled
user study. We also compute inter-rater reliabil-
ity between human and model-based evaluators,
finding strong agreement. We additionally follow
Laskar et al. (2024)’s best practices with regards
to sharing grader versioning details and underlying
data, which are provided alongside our paper. Hu-
man baselines further contextualize performance
to avoid overreliance on automated graders.

We agree that implicit meaning varies across
individuals and contexts. However, our approach
operationalizes expressivity using an information-
theoretic framework: we define expressivity as the
reduction in uncertainty about an intended target
property given a model’s output. This enables us to
quantify expressivity as a measurable communica-
tive effect, not just a stylistic artifact. Our method-
ology is inspired by communication theory and
recent work in computational pragmatics, and sup-
ports consistent evaluation across a range of tasks
while allowing for human-grounded variation.

This initial version of ExpressivityBench focuses
on English-language expressivity, which may not
reflect norms or phenomena in other cultures and
languages. However, the benchmark is designed to
be modular and extensible. Many of our tasks, in-
cluding tone modulation and identity-marked vari-
ation, have analogues in other linguistic and cul-
tural settings. Future work could explore extending
ExpressivityBench with multilingual LLMs in col-
laboration with domain experts to ensure cultural
validity

8 Ethical Statement

Since our paper is a generic algorithmic evaluation,
we do not foresee direct negative societal impacts.
Our study was ruled exempt by the Arizona State
University IRB. Human graders who were surveyed
for experiment 1 were all given a privacy statement
notifying them of their confidentiality and of the
purpose of the experiment. No identifying informa-
tion was solicited or collected. Information given to
survey participants on confidentiality can be found
in Appendix 9.5.
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9 Appendix

9.1 Example Generations

1. Amplified stylistic markers in genre tasks.
Over-stylization can yield high expressivity
but low naturalness:

(GPT-4o, genre = science fiction)
“When the twin suns rose over the
drowned megacity, Mira’s reflec-
tion in the nanoglass tide wasn’t
her own—it was a quantum echo
of someone who hadn’t yet been in-
stantiated in the chrono-net.” (Hu-
man example, genre = science fic-
tion) “Levity is a universal constant.
Comedy is one of the basic forces
of the Universe. Mankind latches
onto comedy, because levity is the
expanding principle that keeps the
whole bubble inflating.”

The model exaggerates genre cues such as
imagery and lexical intensity.

2. (Gemma 3, political slant = left,
excerpt) “Government waste must
stop, but compassion matters”

This sample juxtaposed two viewpoints to
add nuance, but was graded as being on the
left rather than the right. This is an instance
where the LLM produced text which misap-
plied common talking points to realistically
create a persona. It’s possible that the model
qualified its point to seem more human, but
ended up undermining its position.

3. (GPT-4o, emotion = joy) “My heart
bursts with radiant sunshine and
glittering laughter spilling through
every pore.”

This is an example where the model produces
text which is repetitive in its use of emotion-
signals. In particular, constructions like “ra-
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diant sunshine” are redundant, and “laugh-
ter” spilling out through pores is nonstandard–
laughter is not usually said to come out of
pores.

9.2 Goodreads Genre Data

Goodreads is a widely used social cataloging plat-
form where users can track their reading, review
books, and assign genre-specific tags. These
user-generated tags form a rich and large-scale
dataset that offers insight into how readers perceive
genre distinctions. For our study, we leveraged
Goodreads’ genre tagging system to construct a
representative dataset of literary text associated
with specific genres.

We began by examining Goodreads’ publicly
listed genres and identifying the ten genres with
the highest number of user-tagged books. To focus
our analysis on the most semantically distinct cate-
gories, we then applied the winnowing algorithm
described in Appendix 1 to this top-ten list. This
process yielded five genres with the most differenti-
ated language patterns: “science fiction,” “thriller,”
“romance,” “humor,” and “fantasy.”

For each of these five genres, we used
Goodreads’ internal search functionality to retrieve
a list of books tagged exclusively with the target
genre, excluding any works that also bore tags from
the remaining four target genres. From within the
top 1000 search results for each genre, we selected
books at random. For each selected book, we at-
tempted to extract a quote of between 3 and 7 sen-
tences from the user-contributed “Quotes” section.
Quotes were eliminated if they contained a genre
name. If no such quote was available, the book was
discarded, and another was sampled. This process
was repeated iteratively until we had collected 60
qualifying quotes for each genre, yielding a total
corpus of 300 genre-specific excerpts.

9.3 Algorithm for Winnowing Signal
Categories

To select k semantically distinct categories from
a set of candidate labels, we employed a form
of farthest point sampling (FPS) over the high-
dimensional embedding space. Each genre was
represented by an embedding generated using the
LLaMA 3.1 model, producing a point in the latent
space. Our goal was to identify k points that are
maximally separated from each other, in order to
ensure conceptual distinctiveness across categories.

Standard FPS selects k points by iteratively
adding the point that is farthest from the current
set. However, since FPS can be sensitive to the ini-
tial starting point, we repeated the algorithm from
every possible starting point in the set. We then
tallied how often each point appeared in the final
k-element selections across all runs, and selected
the k most frequently chosen points.

Input: Set of signal embeddings
G = {g1, g2, . . . , gn}, number of
categories k

Output: Subset S ⊆ G with |S| = k
maximally distinct categories

Initialize frequency map F [g]← 0 for all
g ∈ G;

foreach gstart ∈ G do
Initialize S ← {gstart};
while |S| < k do

gnext ←
arg max

g∈G\S
min
s∈S

cosine_dist(g, s);

S ← S ∪ {gnext};
end
foreach g ∈ S do

F [g]← F [g] + 1;
end

end
Let Sfinal be the k genres with highest

frequency in F ;
Break ties randomly if needed;
return Sfinal;

Algorithm 1: Winnowing via FPS

9.4 Worked Example: Mutual Information
over Induced Guess Distributions

We define I(s; ŝ) as the mutual information be-
tween the true signal s and a model’s guess ŝ,
computed over the induced conditional distribution
p(s | ŝ). Intuitively, this quantity measures how
informative a model’s guesses are about the under-
lying ground-truth labels: how often a particular
guess ŝ corresponds to each true signal s.

As a toy example, consider a binary attribute
with values informal and formal. Suppose that,
over a dataset, the joint counts of true labels (rows)
and model guesses (columns) are as follows:
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Actual \ Guessed informal formal
informal 40 10
formal 10 40

From these counts we can estimate the condi-
tional distribution p(s | ŝ). For example,

p(s = formal | ŝ = informal) =
10

40 + 10
= 0.2,

p(s = formal | ŝ = formal) =
40

10 + 40
= 0.8,

and analogously for the remaining entries.
Given the joint distribution p(s, ŝ) and the

marginals p(s), we compute mutual information
as

I(s; ŝ) =
∑

s

∑

ŝ

p(s, ŝ) log
p(s | ŝ)
p(s)

.

For the distribution above, this yields

I(s; ŝ) = 0.27 bits,

indicating that the model’s guesses reduce uncer-
tainty about the true label by approximately a quar-
ter of a bit on average. Higher values correspond
to stronger alignment between guesses and ground
truth, while values near zero indicate that ŝ carries
little information about s.

9.5 Human Study

See Figure 3 for an unfilled example survey.
Participants were given an introductory state-

ment, which read as follows:

Thank you for participating in this study.
Please read the following information
carefully before proceeding.

In this task, you will read short texts and
answer questions about what each text
expresses implicitly. This could include
the emotion it conveys, the tone it’s writ-
ten in, the author’s intent, or even a char-
acteristic of the author, such as their pro-
fession or personality. You will have to
infer this signal from the text.

Each question will present you with a
short passage and ask you to choose the
best-fitting signal from a list of options.
Please read each text carefully and se-
lect the signal you believe it is trying to
express or reflect.

For the final question, you will be asked
to assign a MPAA-style age rating (like
those used for movies: G, PG, PG-13)
based on the content and tone of the text.
If you’re unfamiliar with MPAA ratings,
you can click here for a quick guide be-
fore answering [this link pointed to the
MPAA rating guide].

Pease answer thoughtfully. Your input
will help us understand how people per-
ceive different signals in language. En-
glish proficiency is required to complete
this task.

Confidentiality: Your responses will be
treated with the utmost confidentiality.
No individual data will be disclosed pub-
licly. Aggregate data may be disclosed.

This task is estimated to take 5-10 min-
utes.

9.6 Bootstrap Sampling on I(s; ŝ)

See Table 6. Note. Entries report the 2.5th and
97.5th percentiles (p02.5–p97.5) of I(s; ŝ) ob-
tained from 10,000 iterations of full-sized bootstrap
sampling with replacement.
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Model MPAA rating Age Emotions Gender Genre
LLaMA 3 0.4584–0.6365 0.2310–0.3933 1.6050–1.7616 0.0557–0.1318 1.5767–1.7494
LLaMA 2 0.2894–0.4291 0.3360–0.5272 1.4253–1.5900 0.0279–0.1319 1.4926–1.6627
Gemma 2 0.1713–0.2836 0.2938–0.4563 1.8652–2.0202 0.0028–0.0486 1.1752–1.3599
Gemma 3 0.1774–0.3210 0.3967–0.5579 1.8492–1.9937 0.0048–0.0687 1.2062–1.3930
GPT 4.1 0.5192–0.6332 0.2555–0.3864 1.6512–1.7965 0.0466–0.1780 1.4631–1.6567
GPT-4o 0.4443–0.6165 0.2429–0.3871 2.1237–2.2415 0.1549–0.3472 2.1053–2.1872
Human 0.1486–0.2300 0.3754–0.4824 0.7167–0.8501 0.1139–0.1658 0.7203–0.9831
Mistral 0.7866–0.9204 0.4573–0.6364 1.9282–2.0712 0.1387–0.3141 1.8667–2.0125

Model Political slant Register Skill Tones
LLaMA 3 0.0450–0.1134 0.1689–0.3435 0.0460–0.1736 1.7884–1.9168
LLaMA 2 0.0983–0.1652 0.1286–0.2911 0.0000–0.0366 1.5175–1.6757
Gemma 2 0.0000–0.0544 0.0000–0.0000 0.1764–0.2956 1.8478–1.9463
Gemma 3 0.0000–0.0508 0.1318–0.2676 0.1618–0.2830 1.9148–1.9892
GPT 4.1 0.0897–0.1860 0.1764–0.2956 0.3160–0.4698 1.8197–1.9161
GPT-4o 0.1759–0.2919 0.1445–0.2506 0.0000–0.0491 1.9661–1.9926
Human 0.1907–0.2653 0.1975–0.2788 0.5820–0.6651 1.8355–1.8953
Mistral 0.0503–0.1217 0.0564–0.1825 0.0000–0.0000 1.7748–1.9167

Table 6: Bootstrap confidence intervals for I(s; ŝ) across models and attributes.
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(a) (b)

Figure 3: Unfilled copy of the human study survey used in our evaluation.
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