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Abstract

There has been limited evaluation of advanced Text-to-Speech
(TTS) models with Mathematical eXpressions (MX) as inputs.
In this work, we design experiments to evaluate quality and in-
telligibility of five TTS models through listening and transcrib-
ing tests for various categories of MX. We use two Large Lan-
guage Models (LLMs) to generate English pronunciation from
LaTeX MX as TTS models cannot process LaTeX directly. We
use Mean Opinion Score from user ratings and quantify intel-
ligibility through transcription correctness using three metrics.
We also compare listener preference of TTS outputs with re-
spect to human expert rendition of same MX. Results establish
that output of TTS models for MX is not necessarily intelligi-
ble, the gap in intelligibility varies across TTS models and MX
category. For most categories, performance of TTS models is
significantly worse than that of expert rendition. The effect of
choice of LLM is limited. This establishes the need to improve
TTS models for MX.

Index Terms: TTS, mathematical expressions, IXTgX, listening
tests, perception experiments, large language models.

1. Introduction

There have been significant advances in Text-to-Speech (TTS)
models alongside those of Large language models (LLMs) in
the recent years [1, 2, 3]. These have resulted in high qual-
ity TTS outputs that are nearly indistinguishable from human
speech [2, 3]. Typical applications for expressive speech con-
sider and evaluate audio versions of eBooks or podcasts. How-
ever, there has been limited (and recent) attention to audio ver-
sions of scientific text based content. It typically includes Math-
ematical eXpressions (MX), tabular data, graphs, or block di-
agrams, which have higher complexity than conversational or
textual content alone. In particular, for TTS MX outputs, it has
been established that existing objective TTS evaluation metrics,
such as Word Error Rate (WER) with respect to the original
transcriptions, does not suffice [4].

It is expected that TTS output (referred to AudioMX,
henceforth) for MX input is such that a listener can discern and
hence transcribe the MX. To the best of our knowledge, there
has been no work which addresses perception and intelligibility
aspects of TTS outputs for MX through listening experiments.
We design experiments to systematically understand challenges
of TTS models in converting MX to AudioMX and their inter-
pretation by human listeners. We present both subjective and
objective metrics to evaluate human interpretability captured
through transcription in IfIEX. We use outputs of five commer-
cially available and popular TTS models (which are considered
as closed box or opaque systems, in this work).

1.1. Existing work

One of the earliest known MX related datasets is Handwrit-
ten and Audio Dataset of Mathematical Expressions (HAMEX)
[5], which associated audio and handwritten MX. It was used
to consider audio as an additional modality for recognition of
handwritten equations [6] and not for the TTS problem. TTS
for MX is challenging and earlier works [7, 8, 9, 10] utilized
rules and heuristics for converting MX into text of the spoken
language (Polish in [8] and Sepedi in [10]), followed by a TTS
model for the speech outputs - the TTS has not been evaluated.

MathSpeech [11] developed a benchmark dataset and an ap-
proach to transcribe MX from audio (extracted from YouTube
video lectures) to KIEX using fine-tuned small Language Mod-
els; this involved correcting Automatic Speech Recognition
(ASR) errors. MathBridge [4] introduced a dataset of spo-
ken MX and their corresponding I£IEX representations, bench-
marked on T5-large [12] using sacreBLEU [13] as a metric.
Speech to IXTEX challenges are discussed along two approaches
- LLMs as post-processing step to ASR, and multimodal LMs
for English and Russian languages in [14]. All of these are ASR
systems for transcribing MX from speech.

TTS for MX has been proposed and evaluated in Math-
reader [15] and MathVision [16]. The former uses the Math-
Bridge dataset to fine-tune T5 model to convert ISEX to Spo-
ken English sentences. However, it assumes TTS models con-
sidered are error-free [15]. In MathVision, YOLO v7 vision
models classify MX to categories, followed by LSTM models
to convert output of YOLO models to a sentence in natural lan-
guage. However, we note that both these works assume TTS
systems are error free, and do not evaluate the TTS systems.
The need for prosody in TTS outputs for MX inputs has been
observed in [17].

In this work, we focus on intelligibility and perceived qual-
ity of some of the popular TTS models through listening tests.
A major distinction from the existing works and ours is that we
focus on evaluating commercial, state-of-the-art (SOTA) TTS
models [18] via MOS and LCER. We study the effect of choice
of TTS models for various categories of MX. We now present
our Research Questions (RQs) and key contributions.

1.2. Research Questions and Contributions

The objective of TTS models for MX is that the output audio

conveys the content in an intelligible way to the listener. It

is critical to be able to follow and comprehend MX correctly.

Note that this is not same as cascaded system of TTS with ASR

(discussed in Section 5.3). We consider the following RQs.

¢ RQ1:- Can we measure a listener’s perception of a TTS audio
output of a MX? Does their ability to transcribe it correctly
depend on the MX category?

10.21437/Interspeech.2025-779



LaTeX MX +
categories

/ L1 - Intelligibility Listening Test \

Transcribed MX

MX Rating

TeXBLEU

~

L2 - Compare AudioMX with Ref. \

32
an Expert .&. — MX Rating Reference

RAudioMX

Figure 1: Dataset formats, experiment design and metrics.

¢ RQ2:- Is there any perceived difference between an human
expert rendered audio recording of a MX (RAudioMX) and
TTS output MX (AudioMX) in terms of intelligibility, qual-
ity, clarity and/or speed?

To the best of our knowledge, this is the first study of the
TTS models for MX with a focus on user perception and intel-
ligibility. Our main contributions are:

» Establish that the intelligibility of TTS outputs varies with
the MX category, and that the relative performance of TTS
models is dependent on the type of the MX.

* Demonstrate that there is a gap between user’s perception of
their understanding of the MX and the ability to transcribe it.

¢ Identify categories of MX where there is a gap between TTS
outputs and reference rendering by experts.

¢ Qualitatively show that challenges in intelligibility are related
to prosody and duration of the synthesis of (parts of) MX.

2. Dataset and Methodology
2.1. Dataset

There are limited datasets focusing on TTS using MX. HAMEX
[19] had handwritten MX and their audio recordings, was one of
the earliest, but to the best of our knowledge, is no longer pub-
licly available. The Kaggle dataset Handwritten Mathematical
Equations (HME) [5], a superset of HAMEX, has the handwrit-
ten MX and ISTEX ground truth, but not audio files.

For this work, we consolidate MX from different folders
of HME to include categories such as matrices, de-duplicate
and obtain a dataset of 3141 MX. We manually categorize these
into 8 different categories. Table 1 lists the categories and a
sample expression for each category. We sample a total of 120
expressions from the 8 categories for the listening tests.

Though Mathspeech [11] (comprising of audio clippings
from YouTube videos of classrooms) has recently been released,
it is primarily designed for ASR and was released after our re-
search efforts. It also has fewer MX categories than HME.

2.2. Methodology

We consider Seamless (SL) [20], an open-source TTS model,
and four publicly available models via Application Program In-
terfaces (APIs) i.e., Google’s Text-to-Speech Al API (GA) [21],
Microsoft Azure Al Speech (AZ) [22], OpenAl Text-to-speech
(OA) [23], Amazon Polly (AP) [24]. The models we have cho-
sen are among the SOTA TTS models [18].

2.2.1. Direct processing of MX in TTS

We provide the original ISIEX expressions to the TTS models
- however, none of the models perform well. After a manual
evaluation for a few expressions across all models, we did not
proceed with this approach.
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Category No. of expressions QWEN Sample expression
Advanced Algebraic 16 12 102%v/5 4+ 2v/5 + 52 — V5 +2v5
Basic Algebraic 16 12 z2—2
Fractions 16 12 7%
Calculus 16 12 f costdt =sint

. 10
Matrices 8 8 0 1
Numerics 16 12 14 +61=175
Sq. Roots and Trig 16 12 e cos Bt
Summation 16 12 ¥ i = 666
Total 120 92

Table 1: Categories used in our experiments along with a sam-
ple expression. The column QWEN denotes number of pronun-
ciations from QWEN model, rest are from GPT4

2.2.2. Use of LLM for pronunciation

To overcome the above challenge (Section 2.2.1), we present
the expressions to a LLM with the following prompt - “Provide
a pronunciation for the mathematical expression given in Latex
below”. We did not explore chain of thoughts (CoT) and other
advanced prompting techniques as we focus on evaluation of
output of TTS systems for intelligibility. We focus on using an
open-source model (QWEN2.5-7b) which is a relatively small
LLM. However, in addition, for some of the expressions, we
also provide them to GPT4 for comparison. Table 1 shows the
count of MX for which we got pronunciation from QWEN per
category. The rest are from GPT4. This is an alternative to
fine-tuning the TS model step or LSTM models block in [4,
16] respectively. Use of an existing LLM also reduces training
costs. We call the generated pronunciation as MXText.

2.2.3. Text to Speech Models

MXText is input to each TTS model in order to obtain the corre-
sponding audio output (referred to as AudioMX). AudioMX are
inputs to our listening tests to measure intelligibility and quality.

3. Experimental design
Figure 1 shows our experimental design of two listening tests.
3.1. L1 - Intelligibility Listening Tests

To address RQ1, the L1 listening test measures intelligibility of
MX using only AudioMX. The listeners are not provided with
the ground truth MX, the LLM or the TTS model corresponding
to the AudioMX. The listeners are asked to transcribe the MX
in BTEX to the best of their understanding from the AudioMX.
The MX written in I&EX is rendered as preview immediately
so that any correction can be made. Listeners can play the audio
as many times as required and/or change speed (0.5x to 2x of
the actual speed). If unable to comprehend and/or transcribe the
AudioMX, they were asked to enter “Did not understand”. The
listeners also provide their opinion score on the audio based on
intelligibility on a Likert scale of 1 — 5 (1 being the poor and
5 being the excellent). The audio rating is considered to be
1 in case they could not understand the AudioMX. The Mean
Opinion Score (MOS) from these ratings provides a subjective
view of the perceptual difficulty in audio understanding. The
listener transcribed ISTEX MX provides an objective view of the
intelligibility of the AudioMX.

For L1 test, we sample 120 MX across 8 categories (Table
1). Each listener gets 2 questions from the matrices category
and 4 questions from each of the other categories. With 5 TTS
models per MX, we evaluate a total of 600 AudioMX. Each Au-
dioMX is rated by 3 listeners - thus we obtain a total of 1800
opinion scores and listener transcribed ISTEX MX. The L1 test



Metric Mean Opinion Scores (MOS) Count of Correct (%) HIEX Character Error Rate TeXBLEU

Category AP | AZ | GA | OA | SL AP AZ | GA OA SL AP | AZ | GA | OA | SL AP | AZ | GA | OA | SL
Advanced Algebraic | 39 | 3.5 | 43 | 39 | 3.1 333 | 39.6 | 52.1 52.1 333 0.1 10171 00| 017102 09081 09 0908
Basic Algebraic 40 | 39| 36 | 35| 32 70.8 | 70.8 | 47.9 66.7 333 01|01 02] 02]01 09|09 08] 081038
Calculus 36 | 36| 37| 39| 26 542 | 50.0 | 39.6 60.4 18.8 01|01 01| 0103 08|08 | 07| 08| 06
Fractions 4.1 | 43| 42| 41| 39 58.3 | 58.3 | 66.7 62.5 47.9 0100 | 01] 0.0 | 0.1 08| 08| 08| 08|08
Matrices 31 31| 31| 35| 36 20.8 | 16.7 | 25.0 29.2 20.8 0202 02] 0101 07107 07] 08|08
Numerics 49 | 48 | 49 | 49 | 47 97.9 | 97.9 | 97.9 | 100.0 | 100.0 00 | 00| 00| 0.0 | 0.0 1.0 | 1.0 | 1.0 | 1.0 | 1.0
Sq. Roots and Trig 36 | 40| 44 | 41 | 33 50.0 | 54.2 | 64.6 58.3 29.2 01|01 00 ] 0.1 | 0.1 09 |08 09] 09|08
Summation 30 | 33| 35| 35| 23 41.7 | 58.3 | 45.8 458 39.6 02 (01| 02| 02| 04 07|08 07] 07105

(a) MOS (b) CoC as % (c) LCER (d) TeXBLEU

Table 2: Average MOS, LCER, CoC (in %) and TeXBLEU metrics across categories and TTS models for L1-listening test. Highlighted

numbers indicate best average scores across models.

was conducted in 60 batches, each having 30 AudioMX. We en-
rolled 49 listeners for this, a few of who did at most 3 batches.
All of the listeners who participated in the listening tests have
age range between 18-50 years, a background in science or en-
gineering education and are familiar with EKTEX.

3.2. Evaluation of transcribed MX

Based on challenges in evaluating MX [25, 4], we consider the
following three approaches to compare transcribed MX with the
ground truth MX. The results are shown in Table 2.

* Four evaluators manually compare the ground truth MX and
transcribed MX marking them as correct or incorrect. The
IKTEX was rendered for ease of correction. Each MX was
marked correct or wrong based on the equivalence of the re-
lations. The evaluators do not have of any details of the re-
sponse (such as the MX category, LLM, TTS model, listener
identity who had transcribed the MX, or the original audio
rating). We call the metric derived out of this expert vali-
dation as Count-of-Correct (CoC). We do not increment the
counter in case the response is “Did not understand”.

* For evaluating how close the transcribed MX is to the origi-
nal MX we use LCER. This is calculated by removing spaces
from the ISTEX representation and then computing the Lev-
enshtein distance [26]. This is then normalized by min-max
normalization to transform it in the range of [0, 1]. In case
the response is “Did not understand”, we set LCER to 1.

¢ We compute TeXBLEU [25] to evaluate similarity between
the ground truth and user-written MX. TeXBLEU captures
structural and syntactic differences, providing a score be-
tween 0 and 1, higher values indicate greater similarity. For
response “Did not understand”, the score was set to 0.

Category AP AZ | GA| OA SL
Advanced Algebraic | 28.1 | 34.1 | 244 | 247 | 514
Basic Algebraic 26.7 | 241 | 369 | 25.6 | 473
Calculus 30.9 9.5 | 24.1 | 17.7 | 669
Fractions 4.6 2.7 4.7 69 | 232
Numerics 3.0 | 145 2.8 2.7 6.2
Sq. Roots and Trig 335 | 495 | 17.1 | 219 | 56.9
Summation 42.1 | 399 | 35,5 | 369 | 72.5

Table 3: Average of difference of reference score with TTS score
for different categories in L2 listening test (lower the better).

3.3. L2 - Comparison of TTS AudioMX with Reference

To address RQ2, the L2 listening test is designed to measure
user preference of different TTS models along with a hidden
reference AudioMX. This provides an indication of the gap with
SOTA models for MX. 4 experts are asked to record the MX
in a way they would typically communicate to an audience via
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audio alone. This is considered as Reference AudioMX (RAu-
dioMX).

The L2 comparative tests are motivated by MUIti Stimu-
lus test with Hidden Reference and Anchor (MUSHRA) recom-
mendations [27]. Instead of explicit reference audio, we render
the MX visually '. Thus for every MX, listeners are asked to
rate the TTS AudioMX and (hidden) RAudioMX on a scale of
[0,100] with respect to clarity and intelligibility of the displayed
MX. The details of the TTS model or LLM corresponding to the
AudioMX are not provided. Each MX is rated by 3 listeners.
We sample 35 MX from 5 categories (excluding matrices). We
split the MX into 15 batches with each listener rating 7 MX (one
from each category). Each MX comparison has 6 audio files, in-
cluding the hidden reference, resulting in 42 score preferences.
L2 test is completed by 13 individuals with 2 individuals scor-
ing at most 2 batches each.

4. Results and Analysis

Table 2 tabulates the average MOS, LCER, CoC and TexBLEU
metrics (detailed in Section 3.1 and 3.2) across categories and
the considered TTS models for L1 listening test. These met-
rics address RQ1. From Table 2(a)-(d), we observe that there is
no TTS model which scores consistently high across categories
and across metrics. It is also interesting to note that models hav-
ing better CoC, lower LCER and high TeXBLEU score imply
consistent better MOS scores and vice-versa. Hence to identify
the significant main and interactions effects among the factors
‘LLM’, ‘TTS Model’ and ‘Category’ from the L1 scores, we
perform An Analysis of Variance (ANoVA) [28] tests on LCER
scores where “TTS Model’ and ‘Category’ factors are found to
be statistically significant (p value < 0.05). We infer that com-
prehension of MX from a TTS audio depends on category of
MX apart from the TTS model itself. Although ANoVA with
MOS as the response additionally identifies factor ‘LLM’ also
as significant, we conclude that the listener rating of AudioMX
is not reflected in their MX transcription. Further, we manually
check the correctness of pronunciations (87.5% overall, 85.9%
for QWEN, 92.9% for GPT4) and perform ANoVA with cor-
rectly pronounced MX. We observe that ‘LLM’ becomes an
insignificant factor with MOS as the response, but there is no
change of inference in the study with LCER as the response.
Thus, when the pronunciation is correct, LCER and MOS are
statistically equivalent across both LLMs, irrespective of the
LLM size.

We also analyse CoC considering length of the audio; we
observe that audio which are relatively long are more difficult
to transcribe. The CoC was at 64% for AudioMX having dura-
tion < 3s, this reduces to 57.1% considering AudioMX of upto

IScreenshot of the listening test UI in supplementary material



Equation

LLM Pronunciation

Expected

sin z
x2

=3
J
0
jus
2

dr =

Integral from O to infinity
of (sin x squared over x
squared) equals pi over 2

Integral from zero to in-
finity of, sin squared x,
over x squared, equals
pi over 2

—
[

i

Pronounced as “one by
one identity matrix” or
simply “identity matrix.”

Two by two identity ma-
trix

2" —4

Two to the n minus i

Two to the n, minus 1

power

Table 4: Representative pronunciation errors (marked in red)
identified by an expert and expected pronounciation.

6s duration and 55.0% those upto 12s duration. 97.5% of Au-
dioMX are less than 12s duration, with the longest being 18.2s.

For RQ2, we use the human reference audios - they have av-
erage CoC is 97% across categories, average LCER is 0.01 with
only one of 35 equations being incorrectly transcribed. From L2
listening test scores (detailed in Section 3.3), we calculate the
difference between the listener score for RAudioMX and every
TTS AudioMX for each MX. The mean of these per category
are presented in Table 3. For all MX, the score for (hidden)
RAudioMX is highest. We observe the scores to vary across
categories in the results for this test too. Our results show that
for MX category ‘Numerics’, all the models are scored close
to reference; for ‘Fractions’, all models except SL are close to
reference. In all other categories, there exists large gaps with
respect to the reference audio. The gap observed in Table 3
implies that public API or open source general purpose TTS
models do not include the complexities of prosody particular to
MX and is in line with discussions in [17].

In conclusion, for RQ1, we observe that outputs for MX of
SOTA TTS models are not necessarily intelligible to a human
listener. The gap in intelligibility varies across categories and
models. For RQ2, we establish that for most categories there is
a large gap with respect to the reference indicating a significant
scope for improvement in TTS for MX even for SOTA models.

S. Discussion
5.1. Qualitative Analysis of MX Transcription Error

Some of the patterns and errors observed during process of
manual verification of transcribed MX (discussed in Section
3.2), common feedbacks resulting from a focus-group discus-
sion with listeners are detailed below.

¢ Pronunciation related

— Confusion among variables such as (‘b’, ‘p’), similar
words such as (m, five, ¢) has resulted in higher LCER,
reduced CoC and TeXBLEU metrics.

— Variations of TTS outputs of ‘cos t’ as [koh.sain ti], [kohs
ti]; incorrect pronunciation TTS outputs of ‘sin t’ as [sm
ti] instead of [sam ti] has resulted in reduced MOS Scores.

* Prosody related

— For many MX there was a lack of clarity on the parenthe-
sis or order of operations implied in the MX. For example,
the MX # might be transcribed as a® — %;
50+ % with some transcribing it as 5(115’1
vations are in line with those in [14].

Varied pauses (across TTS models) between words
‘square’ and ‘root’ can result in MX (—a — bv/2) to be

comprehended and transcribed as (—a — b?v/2). These

similarly
. These obser-
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increase LCER and reduce CoC and TeXBLEU metrics.

The TTS models do not consider appropriate pauses nor
adjust the speed of audio for more complex MX (such as
calculus, summation, or those having equality signs). This
results in multiple listenings per MX, causing listening fa-
tigue. The incorrect speed and pause results in perception
that AudioMX is unclear and sometimes, rushed; for ex-
ample, there was no pause between ‘integral from zero to
infinity’ and the variables within integral; these are typical
suprasegmental prosodic components of RAudioMX.

Changing the AudioMX speed was possible but it did not
necessarily result in better comprehension of MX.

Listeners found some of the AudioMX to be longer in du-
ration and hence more challenges in transcribing. This is
in line with the duration analysis in Section 4.

¢ Comprehending AudioMX involving matrices and summa-
tion was particularly difficult and many listeners marked
them as ‘Did not understand’.

5.2. Differences with reference

As mentioned in Section 3, RAudioMX is recorded without us-
ing LLM-generated pronunciation. Most experts used descrip-
tors like ‘whole divided by’ for parenthesis e.g. ‘a-squared mi-
nus b-squared whole divided by a’ for # In addition,
appropriate pauses between operands, variables, equality signs
are introduced. The scores from L2 listening test indicate that
these greatly affect the scoring of an AudioMX to the listener.
Prosody for MX therefore needs comprehension of the expres-
sion; this is absent across all TTS models except for the simplest
of categories such as numerics and fractions.

5.3. Automatic Speech Recognition Check

The AudioMX from TTS is passed through ASR model (we
choose Whisper-base model [29]). We then compute ASR met-
rics from this cascaded system - Character Error Rate (CER),
Bilingual Evaluation Understudy (BLEU) and Recall-Oriented
Understudy for Gisting Evaluation (ROUGE) scores [30] w.r.t.
MXText. Average CER is 0.10, BLEU is 0.66 and ROUGE
is 0.84 indicating an faithful pipeline, averaged across all TTS
models. The correlation of the ASR based metrics (CER, BLEU
and ROUGE) with the transcription based metrics (CoC, LCER,
TeXBLEU) is very low - the absolute correlation value between
any ASR metric and any transcription based metrics is less than
0.15. Thus, whilst the TTS-ASR cascaded models can result in
high overall ASR metrics w.r.t. MXText, they are not necessar-
ily intelligible to a human listener.

6. Conclusions & Future Work

Our research establishes the variability of TTS performance (for
RQ1) based on category and the gap with human rendered au-
dio (for RQ2). We observe that LLMs, such as GPT4, can pro-
vide the pronunciations from MX. Any real-world system will
need an analysis of the categories of expressions relevant in that
application; the choice of TTS models will be based on relative
performance for these categories. One may need custom-trained
/ fine-tuned TTS models because of lack of prosody for MX in
the existing publicly available TTS models.

Future work involves fine-tuning models to improve per-
formance on audio rendering of MX and evaluating them with
current baselines.
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