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Abstract

Prosody—the melody of speech—conveys criti-
cal information often not captured by the words
or text of a message. In this paper, we propose
an information-theoretic approach to quantify
how much is conveyed by prosody that is not re-
coverable from text alone, and, crucially, what
prosody conveys. Our approach applies large
speech and language models to estimate the
mutual information between a particular di-
mension of an utterance’s meaning (e.g., its
emotion) and any of its communication chan-
nels (e.g., audio or text). We then use this ap-
proach to quantify the information conveyed
by audio and text about sarcasm, emotion, and
questionhood, using speech from television and
podcasts. We find that for sarcasm and emo-
tion, the audio channel, and by implication the
prosodic channel, transmits over an order of
magnitude more information about these fea-
tures than the text channel alone, at least when
long-term context beyond the current sentence
is unavailable. For questionhood, prosody pro-
vides comparatively less additional information.
We conclude by outlining a program applying
our approach to more dimensions of meaning,
communication channels, and languages.1

1 Introduction

Language is more than just the words and phrases
we speak, sign, or write down. Linguistic commu-
nication typically takes place over multiple modal-
ities and channels, including facial expression,
gesture, typography, and speech prosody (Aristotle,
1991; Kress, 2009; Patel-Grosz et al., 2023).
Prosody, in particular, encompasses the supraseg-
mental features of speech such as pitch, tempo, and
loudness, and plays an essential role in communica-
tion (Hirschberg, 2002). In written communication,
the audio channel containing the prosody is
completely removed, leaving behind mainly the

1We release the code for our framework here: https://
github.com/AdityaYadavalli1/convey-prosody
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Figure 1: The informational relationship between lin-
guistic channels – Text T, Prosody P, Audio A– and a
meaningful feature Y. Features are discrete properties
of a message, such as its syntax or the speaker’s affect.

lexical content, often referred to as the “segmental
information”, but which we refer to as the text.2
In this paper, we examine how much information
about an utterance’s meaning is contained in
the audio channel of speech, and how much
information is lost when only the text is available.

There is a growing trend of applying information
theory to questions in linguistics and language pro-
cessing (Levy, 2008; Piantadosi et al., 2011; Futrell
et al., 2020; Williams et al., 2021; Socolof et al.,
2022). Particularly relevant, some recent work has
investigated how information is distributed across
the prosodic and textual channels (Wolf et al., 2023;
Regev et al., 2025; Wilcox et al., 2025). However,

2The information conveyed by prosody is so critical to suc-
cessful communication that humans have developed numerous
typographical conventions to recover much of that information
loss, including commas, question marks, italics, and emojis
(Chafe, 1988; Holtgraves and Robinson, 2020).
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this prior work gives an incomplete picture: Its
focus has been entirely on using mutual informa-
tion estimation to quantify the overall redundancy
between text and prosody. While it is intriguing
that text and prosody convey overlapping infor-
mation, this methodology gives us no insight into
how much unique information prosody conveys
and what that information is about.

Here, we instead characterize how information
about a particular meaningful feature (Y, e.g.,
whether an utterance is sarcastic) is distributed over
distinct channels (prosody P, audio A, and text T).
Formally, a feature Y’s information is quantified
by its entropy, H(Y). As illustrated in fig. 1, this
entropy can be decomposed as the sum of several
information-theoretic terms (H(Y) = 2 + 3 +

5 + 7 ). Thus, estimating these terms gives us a
more complete picture of how information about Y
is distributed across prosody and text. Following Pi-
mentel et al. (2020), we estimate these information-
theoretic terms by fine-tuning pretrained models to
predict Y given one or more channels as input.3

As case studies, we apply our method to two
features which we predict are strongly associated
with prosodic signals—sarcasm and emotion—and
to one feature we predict to be less strongly asso-
ciated with prosody due to strong textual cues—
whether or not an utterance is a question, or “ques-
tionhood.” We find that the audio channel, includ-
ing the prosody, conveys roughly an order of mag-
nitude more information than text alone about the
two first linguistic features, at least when the length
of textual context is limited to a single sentence,
but only 2.4 times as much for the latter feature.

More broadly, our approach introduces a frame-
work that can be applied to many other research
questions. Prosody conveys crucial information
about syntax, lexical identity, speech act, and
discourse—all of which can be investigated using
our approach. Furthermore, any communication
channel, be it the pitch contour, gesture, or emoji
use, can be similarly explored, as long as a classifier
can be trained to accept input from that channel. Fi-
nally, languages differ significantly in the ways they
use prosody (Hyman, 2008; Wilcox et al., 2025)
as well as other communication channels. Our
approach can give fine-grained insight into the di-

3Choosing Y to be a discrete variable, MI estimation
largely consists of training simple classifiers and measuring
their cross-entropy loss on a dataset labeled for Y. When
using A as our channel, our classifiers are based on spoken
language models (SLM); when using T, they are based on
language models (LMs).

versity of strategies that can be used for distributing
information across communication channels.

2 Background

2.1 Prosody

Prosody is the suprasegmental component of
speech, including all the auditory features of the
speech signal apart from those that signal to seg-
mental features (i.e., phonemes). This encompasses
pitch (fundamental frequency), tempo (duration
and pauses), and loudness, but also more subtle
spectral properties, such as harmonics-to-noise ra-
tio or resonance changes affecting voice quality
(Cheang and Pell, 2008). Prosodic cues can con-
vey critical information, including the locations
of word boundaries (Cutler, 2014), syntactic dis-
ambiguation (Pauker et al., 2011; Snedeker and
Trueswell, 2003), information about lexical iden-
tity (Wilcox et al., 2025), grammatical marking
(e.g., whether or not an utterance is a question;
Cole, 2015; Hellbernd and Sammler, 2016), and
information structure in a sentence (Breen et al.,
2010; Roettger et al., 2019). Speakers can also use
prosody to convey paralinguistic information, such
as affect (Fernandez and Picard, 2011), intent, and
signals that they are about to end their turn in a con-
versation (Cutler and Pearson, 2018). Importantly
for this study, much of the information conveyed
by prosody is absent in written language.

2.2 Spoken Language Models

Transformers (Vaswani et al., 2017) have made effi-
cient processing of sequential data possible. While
they were initially used for text processing (Devlin
et al., 2019; Radford et al., 2019), they have also
enabled many recent advancements in spoken
language modeling. The speech representations
output by Transformer-based models pretrained on
unlabeled audio data such as wav2vec (Schneider
et al., 2019; Baevski et al., 2020), HuBERT (Hsu
et al., 2021), and many others (e.g., Conneau et al.,
2021; Babu et al., 2022; Pratap et al., 2024) have
been successfully applied to tasks such as speech
recognition, speaker identification, and affect
classification with a limited amount of labeled
training data. In particular, the Whisper models
(Radford et al., 2023) were trained on 680,000
hours of audio data across speech recognition and
other speech-to-text tasks, and at the time of their
release, they showed state-of-the-art performance
on many of these tasks across accents, languages,
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acoustic conditions, and speaker variability,
leading to their widespread adoption (Radford
et al., 2023; Olatunji et al., 2023; Javed et al.,
2023; Bhogale et al., 2023; Talafha et al., 2023).

These advances in spoken language modeling
have significant implications for human-computer
interaction. As Large Language Models (LLMs)
are increasingly being used in user-facing ap-
plications, they require capabilities beyond text
understanding—particularly the ability to detect
users’ affect and intents from vocal cues. While
text-only models can infer affect only from orthog-
raphy, audio-based models have access to crucial
paralinguistic features like tone, pitch variations,
and speech rate that often convey more reliable af-
fective signals. This is why spoken language under-
standing, which integrates these audio capabilities
with classical language understanding approaches,
has emerged as a critical field bridging the gap be-
tween spoken language processing advancements
and practical applications in conversational AI sys-
tems (Shon et al., 2023, 2022, 2024; Arora et al.,
2024). In addition to serving many practical pur-
poses, the goal of our contribution is to demonstrate
how speech models can also enable us to address
fundamental scientific questions about language.

3 Information Content of Prosody

Formally, our objective is to study how information
is distributed among four random variables: T, a
text-valued random variable; P, prosody-valued;
A, which is audio-valued; and Y, which assumes
values of a target feature of interest (e.g., affect
or sarcasm). We represent each of these random
variables as upper-case letters (e.g., T), and their
instances with lower-case letters (e.g., t). We also
use X to denote any random variable representing a
communication channel (or a combination thereof).
For our purposes, a text t is an orthographic repre-
sentation of a single utterance. A prosody-valued
instance p is a joint representation of all the val-
ues of each prosodic feature across an entire utter-
ance. An audio-valued instance a represents the
full waveform for an utterance. Finally, a target
feature y represents the value this feature takes in
an utterance, for instance, whether the entire utter-
ance is sarcastic. All utterances we will consider
contain a single sentence in English.

3.1 Mutual Information Estimation

The mutual information (MI) between random
variables X and Y, with supports X and Y , is de-
fined as:

MI(X;Y) =
∑

x∈X ,y∈Y
p(x, y) log

p(x, y)

p(x)p(y)
. (1)

Mutual information is an information-theoretic
measure that quantifies (e.g., in bits) how much
the uncertainty about one random variable can be
reduced when another random variable is observed
(Shannon, 1948, 1951). More informally, MI is
the amount of overlap in information between two
variables (e.g., between sarcasm and prosody).

Due to the difficulty of estimating the joint dis-
tribution p(X,Y), Pimentel et al. (2020) propose
to analyze mutual information as a difference of
two entropies, given the following identity,

MI(X;Y) = H(Y)−H(Y | X), (2)

where these Shannon entropies H (Shannon, 1948)
are defined as follows:

H(Y) = −
∑

y∈Y
p(y) log p(y), (3)

H(Y | X) = −
∑

x∈X ,y∈Y
p(x, y) log p(y | x). (4)

Wolf et al. (2023) recently adopted this mutual
information decomposition to measure MI(T;P),
the redundancy between text T and prosody P.4

While quantifying this redundancy can provide
some insight, it does not tell us what this infor-
mation is actually about.

3.2 Our Approach

Here, we seek to quantify how much information
of a specific type is shared by text and prosody, and
how much is conveyed by them separately. The
central idea is that, rather than estimate the mutual
information of prosody and text directly MI(T;P),
we can estimate their mutual information with
some meaningful feature Y instead.

Our approach is summarized in fig. 1. This dia-
gram illustrates how different information-theoretic
quantities of interest relate to one another. As dis-
cussed above, the quantity measured by Wolf et al.
(2023), MI(T;P), is 1 . We are interested in a

4Wolf et al. formulate P as ranging over the prosody of a
single word. This difference does not affect our discussion.
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larger set of quantities. We ultimately aim to char-
acterize the relationship of the text T, prosody P,
and some meaningful feature Y. To estimate these
values, however, we train classifiers to predict Y
from channel X. While we can effectively train
audio-based classifiers (using existing audio en-
coder models, see Section 2.2), no such architec-
ture exists for prosody (see Section 8 for further
discussion). We thus choose to estimate these terms
using the full audio signal A instead of P.

Fortunately, we can estimate many (but not all)
of the relevant quantities for prosody by studying
just the text and the full audio signal. The infor-
mation conveyed by audio H(A) contains all of the
information conveyed by text H(T) and prosody
H(P). Thus, 4 MI(Y;A) contains information
about Y that can be obtained from either text,
prosody, or some other aspect of the audio. We
estimate this quantity using the following identity

MI(Y;A) = H(Y)−H(Y | A). (5)

In the same way, we can estimate 3 MI(Y;T) as

MI(Y;T) = H(Y)−H(Y | T), (6)

Then, we can approximate 2 MI(Y;P | T)
given the above MIs. This quantity tells us how
much information prosody conveys about Y that is
not conveyed through the text. In practice, though,
we compute a different conditional MI,5

MI(Y;A | T) = MI(Y;A)−MI(Y;T). (7)

We argue that the quantity 6 MI(Y;A | T) is a
good approximation for 2 MI(Y;P | T). This
is because 6 overestimates 2 only by the term

7 MI(Y;A | T,P). In other words, 7 is all
the information in the audio signal about Y that
is not conveyed by either text or prosody. We
reason that this quantity is minimal: Most of the
information in audio that does not fall under text
or prosody is likely to be irrelevant information
about background noise, accent, or other qualities
of speaker identity.6 Thus, we can approximately
isolate the unique contribution of the prosodic
channel to communication about a particular kind
of meaning, such as sarcasm, without requiring
access to a specialized pretrained prosody model.

5Following the definition of MI, technically MI(Y;A | T)
= MI(Y;A,T)−MI(Y;T). However, this can be simplified
to eq. (7) under our assumption that A fully determines T.

6This quantity may arguably include relevant content such
as laughter, filler words, and small variations in phoneme
production which may or may not be defined as prosodic.

4 Estimating Mutual Information

Prior work (Pimentel et al., 2020; Williams
et al., 2021; Wolf et al., 2023) has used neural
network-based classifiers to estimate the mutual
informations above. In particular, Pimentel et al.
(2020) propose a method to estimate MI(X;Y)
given a dataset D, composed of pairs (xi, yi)
sampled from the joint distribution p(X,Y). We
follow their approach here.

Relying on the decomposition in eq. (2), we must
estimate two entropies. First, the unconditional
entropy H(Y) is estimated from the dataset non-
parametrically using a plug-in estimation:

p(y) ≈ 1

|D|

|D|∑

i=1

1y(yi). (8)

Second, the conditional entropy H(Y | X) is esti-
mated using a neural network with parameters θ
optimized on a separate dataset Dtrain to predict
each yi from each xi. This model learns a condi-
tional distribution pθ(Y | X), which can be used to
compute the cross-entropy Hθ(Y | X) as follows:

Hθ(Y | X) ≈ − 1

|Dtest|

|Dtest|∑

i=1

log pθ(yi | xi).

(9)
As Hθ(Y | X) ≥ H(Y | X), we want to obtain
a tight upper bound on H(Y | X) by training the
best model possible. In our case, this means fine-
tuning all the weights of a large foundation model
to predict Y from X.

Comparison to Prior Work Estimating MI
with Prosody. Our estimation technique largely
consists of training simple neural network clas-
sifiers to predict meaningful features like sar-
casm from some input channel like text or audio.
Prior information-theoretic approaches to studying
prosody (Wolf et al., 2023; Wilcox et al., 2025;
Regev et al., 2025) estimate MI(T;P) by decom-
posing it into H(P) and H(P | T), which requires
predicting the continuous variable P. By treating
the discrete variable Y as the dependent variable,
our method avoids two key pitfalls of prior work:

First, the entropy of continuous variables, known
as differential entropy, can be negative and does
not have an intuitive interpretation. While the dif-
ference of H(P | T) and H(P) can still be inter-
preted as the MI,7 the differential entropies on their

7In such cases where one measures the MI of a continuous
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own are not meaningful. By contrast, the entropies
we measure, namely H(Y) and H(Y | X) can be
directly interpreted as the expected information (in
bits) gained when learning the value of Y for a
given sentence-length utterance, with or without
access to the channel X.

Second, learning probability density functions
for continuous variables introduces several compli-
cations. These prior works estimate H(P) using
Gaussian kernel density estimator (KDE) models
(Sheather, 2004), and they estimate H(P | T) by
fitting a neural network to output a parametrized
distribution pθ(P | t) given an input text t. Be-
cause the KDE for pθ(P) is nonparametric, it can fit
highly complex density functions, while pθ(P | t)
is a parametric probability density function. This
can lead to overestimates of H(P | T) and even
negative estimates for MI, unless specialized meth-
ods like Mixture Density Networks (Bishop, 1994)
are used (Wilcox et al., 2025). On the other hand,
our approach simply requires training standard neu-
ral network classifiers with cross-entropy loss.

The main advantage of the prior approach (Wolf
et al., 2023; Wilcox et al., 2025; Regev et al., 2025)
is that their models are text-only LMs and their
data consists of prosodic features automatically ex-
tracted from aligned text-audio data. Our approach
requires models that accept input from the rele-
vant channels (e.g., speech models, or multimodal
text/prosody models which are currently unavail-
able), as well as aligned text-audio data with gold
labels for the target feature Y.

5 Case Studies

We apply our mutual information estimation meth-
ods to three tasks: sarcasm, affect, and question-
hood classification. We choose the first two tasks
because, besides being meaning domains that are
expected to depend on prosody, they both have
high-quality pre-existing datasets that pair audio,
transcriptions, and labeled class data. For the third
task, we curate a new dataset from existing re-
sources.

5.1 Tasks & Datasets

Sarcasm Detection Sarcasm plays an important
role in daily communication. It can be defined

and a discrete variable, the equality in eq. (2) requires addi-
tional definitions and assumptions (namely, the good mixed
pair assumption; see Wolf et al., 2023 for details). This caveat
applies not only to prior work, but also to our work in estimat-
ing quantities such as MI(Y;A|T).

as an individual expressing the opposite of what
they believe (Haverkate, 1990), therefore setting up
incongruity between a context, an utterance, and
how it is expressed (i.e., its prosody; Matsui et al.,
2016). Sarcasm serves several purposes, including
modulating in-group status through humor, and
its use varies between social groups (Dress et al.,
2008).

One property of sarcasm that is useful for our
purpose is that its relationship with text is highly
ambiguous: Some sentences are obviously sarcas-
tic from their text (and world knowledge) alone,
while others are not easy to categorize without
additional prosodic information. For example, the
sentence Wow, the dog smells amazing after rolling
around in the garbage! can easily be inferred to
be sarcastic. However, the sentence I really love
this place! could be sarcastic or not, and context,
gesture, or prosody can help to disambiguate this.
Such variance makes sarcasm an ideal testing
bed for studying how information is distributed
through different communicative channels.

There is extensive prior work on sarcasm detec-
tion (Farabi et al., 2024), but much of it was con-
ducted in the text-only domain (Kreuz and Caucci,
2007; Filatova, 2012; Joshi et al., 2016; Abercrom-
bie and Hovy, 2016). While initial contributions
have been made using multimodal models (Tepper-
man et al., 2006; Cheang and Pell, 2008; Rakov and
Rosenberg, 2013), they relied on smaller datasets.
In our study, we use the publicly available Mul-
timodal Sarcasm Detection Dataset (MUStARD)
released by Castro et al. (2019). The dataset in-
cludes 690 utterances annotated for the presence
of sarcasm, drawn from a variety of situational
comedy TV shows. The classes are balanced.

Affect Classification Affect is conveyed through
multiple communicative channels, including text,
audio, and vision (Frick, 1985; Mozziconacci,
2002; Larrouy-Maestri et al., 2024). Several
high-quality datasets for affect detection exist
(Burkhardt et al., 2005; Busso et al., 2008; Bänziger
et al., 2012; Shah et al., 2013; Russo and Living-
stone, 2015; Busso et al., 2017; Lotfian and Busso,
2019; Vidal et al., 2020). We select the MSP-
Podcast dataset (version 1.12) released by Lotfian
and Busso (2019) due to its naturalistic sources,
speaker diversity, and large size. This dataset for-
mulates affect recognition as a classification task
over 10 emotional categories. We refer the readers
to Busso et al. (2025) for more details regarding the
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Figure 2: Proportional-area diagrams for sarcasm (left), affect (middle), and questionhood (right) features. In all
plots, A =Audio and T =Text. In the case of multiple arrows, the quantity refers to the sum of the areas indicated.

categories and their distributions in the latest ver-
sion of the dataset, which was released subsequent
to the completion of our work.8

Questionhood Classification Questions in En-
glish can be signaled by both specific prosodic
contours and by a unique syntactic form. In Ameri-
can English, yes-no questions are typically marked
by rising pitch at the end, while wh-questions
are marked by falling pitch (Pierrehumbert and
Hirschberg, 1990). In text, questions are usually
marked by subject auxiliary inversion (e.g., Are
you coming?), and wh-questions additionally con-
tain a question word at the beginning of the sen-
tence. Thus, prosody and syntax convey signif-
icantly redundant information about whether an
utterance is a question. An exception is echo ques-
tions, such as You’re leaving already?, where the
prosody is the only cue to questionhood (after re-
moving punctuation). Consequently, we predict
that prosody will add comparatively little infor-
mation in addition to text when determining the
questionhood of an utterance.

We formulate questionhood classification as a
binary classification task, classifying utterances as
questions or non-questions (assertions, imperatives,
etc.).9 The data is sampled from the MSP-Podcast
dataset (Lotfian and Busso, 2019). We segment
the transcripts by sentence using spaCy (Honnibal
et al., 2020), align the audio using the Montreal
Forced Aligner (McAuliffe et al., 2017), and re-

8We do not preprocess text for sarcasm detection and affect
classification, as we reason that these features rely primarily
on pitch, speech rate, and loudness rather than pauses, making
the effect of punctuations minimal for these tasks.

9This task is related to dialogue act classification (e.g.,
Stolcke et al., 2000), but we adopt a vastly simplified set of
classes to interpret the results easily.

move all utterances that are shorter than 2 seconds.
Any utterance with a transcript ending in a question
mark is labeled as a question, and all remaining ut-
terances are labeled as non-questions. Finally, we
downsample non-questions so that the dataset con-
tains an approximately equal number of questions
and non-questions.10 The train, development, and
test splits have 13842, 1538, and 3845 samples,
respectively. All occurrences of [.,?] are removed
prior to training.

5.2 Experimental Setup

As described in Section 4, we estimate conditional
entropy H(Y | X) as the cross-entropy of a clas-
sifier trained to predict Y given X. We train clas-
sifiers by fine-tuning pretrained Transformer mod-
els. We base our code on the Transformers library
pipeline Wolf et al. (2019). We experiment with
four different model sizes for each model family
and update all model parameters during training.
We fine-tune the model using the cross-entropy
loss and Adam optimizer (Kingma and Ba, 2015).
We train for a fixed number of epochs and select
the checkpoint that has the lowest loss on our de-
velopment split. To select hyperparameters, we
perform a sweep of 20 runs for each model size
and select the top model based on the test loss
value. For sarcasm detection, we implement 5-fold
cross-validation due to the dataset’s small size. For
affect and questionhood classification, we use train,
development, and test splits. More information on
our hyperparameters is provided in Appendix A.

10We also downsample non-questions in such a way that
the distribution of durations remains the same as that of the
questions.
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Figure 3: Test set performance on sarcasm (left) and affect (middle), and questionhood (right) classification tasks.

Text-only models For the text-only models, we
fine-tune the GPT-2 suite of models (Radford et al.,
2019) on the transcript portion of the data for each
task. We use small, medium, large, and xl mod-
els.11 We train a classification head on top of this
model. For sarcasm detection we fine-tune the
entire model, and for affect and questionhood clas-
sification, we use low-rank adaptation (LoRA; Hu
et al., 2022) to reduce training time.

Audio-only models For our audio-only models,
we use Whisper (Radford et al., 2023) and wav2vec
2.0 (Baevski et al., 2020). Whisper is a state-of-
the-art multilingual speech-to-text model based
on a Transformer (Vaswani et al., 2017) encoder-
decoder architecture. The encoder takes the log
mel spectrogram as input and the decoder uses text
tokens as input and output. Since our tasks in-
volve classifying an audio recording, as opposed
to generating text, we fine-tune only the encoder
portion to get the audio representations to pass
onto a classification layer. We use Whisper tiny,
small, medium, and large sized models. We also
experiment with wav2vec (Baevski et al., 2020) for
fine-tuning on audio tasks, as it is pretrained on
an audio-only masking objective, unlike Whisper,
which is trained mainly to perform speech recog-
nition on paired text-audio data. Finally, although

11For consistency in naming conventions across modalities,
we subsequently refer to these models as tiny, small, medium,
and large, respectively (these naming conventions are used for
Whisper models).

we assume that the audio A contains all the in-
formation about the text T, in case audio models
in practice fail to encode some information about
T, we conduct additional experiments fine-tuning
audio+text models accepting both audio and text
input. These models are described in Appendix B.

6 Results

Information Quantification The information di-
agrams for sarcasm, affect, and questionhood clas-
sification are shown in fig. 2. They show propor-
tional areas for H(Y), MI(Y;A), and MI(Y;T).
The regions H(A) and H(T) are not estimated and
are purely illustrative.

For both sarcasm and affect, we observe that
the mutual information between the feature of in-
terest and the audio MI(Y;A) is over an order of
magnitude larger than its mutual information with
the text only MI(Y;T). This suggests that the au-
dio contains substantial information about both of
these features above and beyond the text, both con-
firming our intuitions and corroborating previous
findings (Tepperman et al., 2006; Cheang and Pell,
2008). While MI(Y;A) values for sarcasm and af-
fect are quite different, we note that the uncertainty
coefficients MI(Y;A)

H(Y) (Press et al., 2007) are quite
similar – 0.22 and 0.20 respectively – telling us
that the audio signal conveys a similar proportion
of the total information in these features.

By contrast, for questionhood, MI(Y;A) is only
about 2.4 times greater than MI(Y;T). This aligns
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with our prediction that prosody would provide
relatively less additional information compared to
other tasks, reflecting the fact that questions are
often indicated by syntax, in addition to prosody.

We also estimate the information that prosody
uniquely conveys about sarcasm, affect, and ques-
tionhood, MI(Y;P | T), as discussed in Section
3.2. Subtracting the mutual information of the fea-
tures with the text from its mutual information with
the audio provides this estimate. This quantity is
0.20 and 0.46 bits for sarcasm and affect, respec-
tively, making up a large fraction of the MI(Y;A).
It is 0.38 bits for questionhood, making up a smaller
portion of the MI(Y;A).

We observe a large difference in H(Y) for
sarcasm and questionhood on the one hand and
affect on the other, where for affect it is larger.
While this matches intuitions—affect is inherently
higher-dimensional than sarcasm or questionhood—
this is also a consequence of the labeling scheme:
The sarcasm and questionhood datasets have binary
classes, while the affect dataset has ten classes.

Classifier Performance Although we train clas-
sifiers mainly in the service of estimating
information-theoretic quantities, we still make sev-
eral observations of note about the classifiers we
trained. We report the distribution of losses and
accuracies for GPT-2 and Whisper models over 20
runs in fig. 3. To calculate the accuracy for one
sarcasm run, we take the average accuracy across
all 5-folds for each run. In the Appendix, we report
additional results for wav2vec 2.0 (fig. 4) and for
audio+text models (fig. 5).

Our best-performing classifiers are used to
estimate information-theoretic quantities, as
cross-entropy provides an upper bound on entropy,
i.e., Hθ(Y | X) ≥ H(Y | X) (section 4). For
MI(Y;T), we select the best text-only model
run across all model sizes, and for MI(Y;A), we
use the lowest loss run among the audio-only and
audio+text models and sizes. Our best classifiers
have strong performance relative to previously pub-
lished baselines: Our best sarcasm classifier shows
a 10-point improvement in accuracy over the base-
line released by Castro et al. (2019), and our best
emotion classifier is competitive with other models
reported by Goncalves et al. (2024, Table 5).

We also observe some general patterns in ac-
curacy and loss across different model types and
sizes.12 There is a general positive trend between

12We also conducted t-tests (with the Bonferroni correction)

model size and performance for audio-only mod-
els. The main exception is that Whisper large
does not consistently outperform Whisper medium
in all tasks. For text-only models, model size
has a limited impact on the performance. In
all cases, audio-only models outperform their
text-only counterparts by a significant margin.
In fig. 4 and fig. 5, we see that audio-only models
based on Whisper medium or large have stronger
performance than wav2vec 2.0 and audio+text
models (see Appendix B for more discussion of
audio+text models).

7 Discussion and Conclusion

The approach we introduce in Section 3.2 enables
us to characterize how a particular kind of infor-
mation is distributed over multiple communication
channels. As case studies, we investigated how in-
formation about sarcasm, affect, and questionhood
is conveyed through prosody and text. Our results
provide nuance on the importance of prosody for
these tasks: We find that the amount of information
conveyed by the audio signal can be over an order
of magnitude larger than the information conveyed
by text alone, but this is highly dependent on the
feature of interest. This result highlights the impor-
tance of treating language as a multi-channel com-
munication system, and suggests that important
properties of language will be overlooked if it is an-
alyzed only in one channel (i.e., text) as is common.

An important caveat is that we restrict both
audio and text to a single sentence. If we define
T′ and P′ to be random variables over the text and
prosody for the rest of the discourse, it stands to
reason that MI(Y;T,T′) would be significantly
larger than MI(Y;T) for both sarcasm and
affect, i.e., the larger context may add substantial
information about the feature that cannot be gotten
from the sentence alone. Indeed, Castro et al.
(2019) show that previous utterance information
improves sarcasm detection. On the other hand,
MI(Y;P,P′) might be similar to MI(Y;P), as
prior work suggests that the unique information
conveyed by prosody, relative to its past text,
is mostly local (Regev et al., 2025). Thus, our
results show that while local textual information is

to compare means of all conditions for a given task. Results
are provided in the project repository. We note that comparing
means across 20 runs may be misleading due to high vari-
ance from random seed and the possibility of failed runs, and
most qualitative patterns we observe here are supported by
statistically significant differences.
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often insufficient to judge sarcasm or affect, local
prosody often is sufficient. This conclusion has im-
plications for discourses lacking substantial textual
context: For example, long-term context may not
be available for a person reading a short text mes-
sage or for an automated audio customer service
system responding to a customer over the phone.
A fine-grained comparison of the information
contributions of text and prosody in short and long
contexts is a promising direction for future work.

This work’s main contribution is to introduce
a general framework, which future work can ex-
tend to other domains of meaning, communicative
channels, and languages. Regarding other domains
of meaning, there is an extensive prior literature
on the use of prosody for syntactic disambigua-
tion (Selkirk, 2011; Pauker et al., 2011) and word
boundary detection (Cutler, 2014), with important
implications for language acquisition (Soderstrom
et al., 2003). Prosody also provides important cues
about turn-taking (Ruiter et al., 2006; Gravano and
Hirschberg, 2011; Cutler and Pearson, 2018) and
back-channels (Clark et al., 2025).

While we work with the entire audio channel,
future work can break this down to study the infor-
mation contribution of individual prosodic features,
such as pitch, pause, and word duration. This will
require architectural and representational innova-
tions, as it will be necessary to train classifiers
that take featurized prosodic representations as in-
put. New prosody-only models are a step in this
direction (Wallbridge et al., 2025), but these mod-
els have yet to be integrated with text. Using vi-
sion language models (e.g., Radford et al., 2021),
it will also be possible to investigate information
conveyed through visual channels, such as facial
expressions and hand gestures.

Finally, whereas we limit the present study to
English, future work should compare typologically
diverse languages. Recent work (Wilcox et al.,
2025) has suggested that prosodic typologies can
be investigated from an information-theoretic lens.
Our approach can provide a finer-grained technique
to identify how typologically distinct languages use
the prosodic channel to convey different aspects of
linguistic information.

8 Limitations

In Section 3.2, we argue that 6 MI(Y;A |
T) serves as a reasonable approximation of 2

MI(Y;P | T), since the only information cap-

tured by 6 but not by 2 reflects mostly irrele-
vant factors such as speaker identity or background
noise. However, to more precisely estimate the
contribution of the prosodic channel to a particular
linguistic phenomenon—and, by extension, to hu-
man communication—we would ideally measure
MI(Y;P | T) directly. This would also allow us to
estimate two additional quantities of interest: (1)
the unique contribution of text to Y, MI(Y;T | P),
and (2) the redundant contributions of text and
prosody to Y, MI(Y;T;P). However, current spo-
ken language models do not accept only prosodic
features as input, making this estimation difficult.
We leave it to future work to tackle the challenge
of designing a new architecture that takes represen-
tations of isolated prosodic features as input.

It is important to acknowledge that our feature
estimates are heavily influenced by idiosyncrasies
of the languages, datasets, and models we study.
As we study these tasks in English only, our spe-
cific quantitative findings may not generalize to
typologically different languages such as tone or
pitch accent languages. For sarcasm detection, we
rely on a balanced dataset in which sarcastic and
non-sarcastic utterances are equally represented.
However, this setup does not mimic our real-world
human conversations—sarcastic utterances are rel-
atively rare. In the case of affect recognition, we
work in a highly constrained setting where each ut-
terance is labeled with a single emotion. However,
a single utterance may convey multiple emotions
simultaneously or to varying degrees. Moreover,
the dataset includes only ten discrete emotions—a
small subset of the full range emotions that humans
can express. While these specifics may arguably
have relatively little impact on our estimates of
ratio of MI(Y;A) and MI(Y;T), they strongly af-
fect the magnitudes of these quantities on their own,
as more imbalanced labels will lead to lower un-
conditional entropy, and more fine-grained labeling
schemes will lead to higher unconditional entropy.

Finally, we acknowledge that we do not
fine-tune the most powerful text LLMs available.
Fine-tuning models larger than GPT-2 XL could
lead to better estimations of MI(Y;T). However,
we opt not to work with these models due to the
computational demands of fine-tuning. While
it is possible that Whisper large would achieve
state-of-the-art performance on these tasks, there
is rapid progress in spoken language modeling,
meaning better estimates may be achievable in
the future. We leave it to future work to more
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thoroughly investigate the impact of the specific
model choice on MI estimation.
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A Hyperparameters

We use Bayesian hyperparameter optimization to
run our sweeps, optimizing to minimize the test
loss. For all experiments, we search for the optimal
learning rate using a log-uniform distribution. In
the rest of this section, we detail the task-specific
hyperparameters and the compute used.

Affect Classification Table 1 shows the hyper-
parameters used for this task. All experiments use
cosine learning rate decay for smooth convergence
and better generalization. Our preliminary experi-
ments on audio-text models show that our choice
of batch size and number of epochs does not affect
task performance. Therefore, we choose values
that optimize training time.

We use V100 GPUs and A100 GPUs to perform
our text-only and audio-only affect recognition
sweeps respectively. To conduct our audio-text
tiny, small, and medium affect recognition model
sweeps we use 8 A10, 4 A6000, and 2 A100 GPUs
respectively. Our text-only model sweeps took
less than 2 days each. Our audio-only sweeps
took 3 to 36 days depending on the model size.
Finally, our audio-text sweeps took 5 to 10 days
depending on the model size.

Hyperparameters text-only audio-only audio-text

Epochs 5, 10, 15 5, 10, 15 5
Batch Size 8, 16, 32, 64 8, 16, 32, 64 64
Weight Decay 0, 0.01, 0.1 0, 0.01, 0.1 0, 0.01, 0.1
Learning Rate [1e-6, 1e-4] [1e-6, 1e-4] [1e-6, 1e-4]
LoRA r 4, 8, 16 – –
LoRA α 8, 16, 32 – –

Table 1: Affect Classification Hyperparameters

Sarcasm Detection Table 2 shows the hyperpa-
rameters for this task. We use A100 GPUs to train
all our sarcasm detection models. Sweeps across
all modalities and sizes ran for a maximum of 2
days.

Hyperparameters All Models

Epochs 5, 10, 15
Batch Size 8, 16, 32, 64
Weight Decay 0, 0.01, 0.1
Learning Rate [1e-6, 1e-4]

Table 2: Sarcasm Detection Hyperparameters

Questionhood Classification Table 3 shows the
hyperparameters used for all the models for this

task except Whisper large. For Whisper large, to
maximize the usage of the available GPU VRAM
and thereby reduce the training time, we run our
sweep on the following (effective) batch sizes: 16,
32, 64, 128. We limit the number of epochs for this
model to be 5, as preliminary experiments showed
that long training times do not improve task per-
formance. The rest of the hyperparameters are the
same as the other models. We use A100 and V100
GPUs to train all our questionhood classification
models. All sweeps across all modalities and sizes
ran for a maximum of 3 days.

Hyperparameters text-only audio-only

Epochs 5, 10, 15 5, 10, 15
Batch Size 8, 16, 32, 64 8, 16, 32, 64
Weight Decay 0, 0.01, 0.1 0, 0.01, 0.1
Learning Rate [1e-6, 1e-4] [1e-6, 1e-4]
LoRA r 4, 8, 16 –
LoRA α 8, 16, 32 –

Table 3: Questionhood Classification Hyperparameters

B Audio+Text models

We conduct additional experiments with models
that accept both audio and text input for sarcasm
and affect classification. The motivation is that,
while the audio A theoretically contains all the
information about the text T, audio models may
fail to encode some of this information. If this is
the case, we can mitigate this problem by inputting
the full text in addition to the audio.

For our audio+text models, we concatenate au-
dio representations from the Whisper encoder and
text from GPT-2. The concatenation of these em-
beddings is the input to a classification layer. We
choose this architecture to make the results more
comparable to the audio-only and text-only
models. We pair GPT-2 small and Whisper tiny,
GPT-2 medium and Whisper small, and GPT-2
large and Whisper medium. We refer to these pairs
as audio+text tiny, small, and medium, respec-
tively.

Interestingly, the results in fig. 5d show that the
audio+text models that have access to the full raw
text including all the punctuations do not outper-
form their audio-only counterparts. While this
may partially be due to the increased complexity of
the joint optimization task, it empirically suggests
that punctuation is not a great predictor for sarcasm
or affect recognition.
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Figure 4: audio-only (Whisper + wav2vec) performance on sarcasm (left), affect (middle), and questionhood
(right) classification
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Figure 5: audio-only and audio-text performance on sarcasm (left) and affect (right)
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